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Characterizing large residential appliance peak load
reduction potential utilizing a probabilistic approach
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This research investigates the demand response potential of four electric grid-connected large residential appliances, including
refrigerators, clothes washers, clothes dryers, and dishwashers. Field-collected energy use data from these applinaces in 326 residential
buildings is collected for a 1-year period and analyzed. Uncertainty analysis is based on the Monte Carlo simulation method, showing
the different possible ranges of demand response for each appliance. Clothes dryers are found to have the strongest demand response
potential, due in part to their high power demand when on. However this high peak reduction occurs in the afternoon and evening
only, as dryers are found to be used very little in the night and morning. Refrigerators provide the second strongest demand response
potential, in part due to the nearly 100% of residential buildings that have one or more of them, and the higher predictability of their
electricity demand behavior. In addition, unlike dryers, refrigerators have a similar demnad response potential at all times of the day.
Clothes washers and dishwasher were found to have the least demand response potential. Results of this work are intended to provide
updated information on power demand and time of use of appliances and a methodology for assessment of demand response and
peak load reduction of smart applinaces on a house-by-house or community scale.

Introduction

In the United States and throughout the world, several large
energy challenges are faced which, in part, can be attributed
to buildings and their energy needs. These include a growing
demand for energy and fluctuations in electricity demand. In
the United States, electricity use is predicted to increase by ap-
proximately 7.5% from 2013 to 2022 (U.S. Energy Information
Administration 2013). While decreasing, a large portion of
electricity generation needed to meet electricity demands still
depends on the use of fossil fuel sources which are a significant
contributor to greenhouse gas emissions. As there are growing
concerns regarding climate changes (Intergovernmental Panel
on Climate Change 2013), there is increasing need for meth-
ods to reducing the use of fossil fuels. Buildings, particularly
residential buildings, are a good candidate for meeting these
energy reductions needs, as approximately 74% of this elec-
tricity use is from all buildings, and 38% is from residential
buildings (U.S. Energy Information Administration 2013).

A second energy challenge is the fluctuations in electric-
ity demand, much of which is caused by variable electricity
demands from buildings. Depending on the location, climate,
time of year, and other factors, the demands for electricity
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on the electric grid can vary greatly. For example, within the
warm and hot climate of Electric Reliability Council of Texas
(ERCOT) on a hot summer day, the fluctuation in demand
can vary from under 40,000 MW to over 70,000 MW (ER-
COT 2015). The greatest challenge is during peak use time,
when the greatest electricity demand on the electric grid oc-
cur. During peak use times, often backup “peaker” plants and
gas-powered generators are used to meet these short spikes
in electricity demand. These generators can be highly ineffi-
cient and polluting to the environment. Buildings make up a
significant portion of peak electricity demand particularly in
warm/hot climates, such as Texas, where approximately 75%
of peak demand is attributed to buildings, including 50% of
peak demand from residential buildings, and 25% from com-
mercial buildings. Therefore, residential buildings are also a
strong candidate for peak load reduction strategies.

In recent years, to meet these two challenges, the idea of
the “smart” grid, or modernized electric grid has been in-
troduced, with the aim of making the electric grid more effi-
cient, reliable, and environmentally friendly (U.S. Department
of Energy 2015a). This is accomplished through a variety of
technology developments, through improved communication
methodologies, and data analytics. Demand side management
(DSM), and the similar idea of demand response (DR), are
methodologies that, through smart grid technologies, are be-
ing developed and implemented to meet the electricity demand
challenges (Palensky and Dietrich 2011; U.S. Department of
Energy 2006). DR programs currently provide approximately
27,000 MW of capacity in the U.S. electric grid (Shibata and
Wyatt 2014), and are predicted to increase at a rate of 34%
over the next 5 years. In 2014, ERCOT registered 232 load
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resources at a maximum DR capacity of 3056 MW (ERCOT
2014), or an average of 13 MW per registered load resource.
Many of these programs focus on building electricity demand
reduction.

DSM and DR focuses on changes to consumer electric-
ity behavior, rather than changes in electricity production, to
meet the electric grid needs. DR includes both indirect and
direct control methods. Indirect methods include incentiviz-
ing consumer changes in behavior through mostly financial
means such as variable electricity pricing, discounts, or bonus
payments to reduce electricity consumption in general, or dur-
ing specific peak use times. These methods have been tested in
many pilot programs and research efforts, and are discussed
in a number or review articles (Ehrhardt-Martinez et al. 2010;
Faruqui et al. 2010; Neenan et al. 2009; Wang et al. 2014; Xue
et al. 2015). However, indirect methods do not always achieve
the desired results. The most effective electricity demand re-
duction strategies have been found to be either through direct
control methods, or through a combination of direct and in-
direct methods (Newsham and Bowker 2010). Direct control
methods control flexible electricity loads using an “enabling
technology” controlled typically by an electricity utility com-
pany or third party. With these enabling technologies, elec-
tricity demands that would otherwise occur during peak times
can be shifted to be used in off-peak times instead.

To date, the end use that has arguably received much of
the research focus in energy efficiency measures of residen-
tial buildings using smart technologies has been the HVAC
as heating and air conditioning loads represent on average
just under 50% of residential building energy use (U.S. En-
ergy Information Administration 2013), and have been shown
to also peak in use when overall electric grid demands peak
(Cetin and Novoselac 2015). A variety of enabling technolo-
gies have been research and tested for HVAC, including direct
load control switches (Johnson et al. 2015; Kara et al. 2014;
Lu 2012), and smart thermostat setbacks (Churchwell and
Sullivan 2014; Seimann 2013). The challenge with changing
HVAC system controls or set-points it that this can introduce
thermal discomfort for occupants (Cetin et al. 2016a, 2016b;
Karmakar et al. 2015; Yoon et al. 2014a, 2014b).

One area of residential energy end use that has received
increased interest in recent years is that of large residential
appliances (Armel et al. 2013), which account for approxi-
mately 30% of residential energy use (U.S. Energy Informa-
tion Administration 2013). The advantage of the use of grid-
connected, “smart” appliances for DR instead of HVAC is
that appliances do not have a significant effect on the thermal
comfort of the indoor environment. To achieve energy and
peak load savings, a number of different methodologies may
be employed (Table 1). Several recent studies have focused
on DR techniques for residential hot water heaters (Mayhorn
et al. 2015; Widder et al. 2013); however, less focus has been
placed on other types of common large residential appliances,
including refrigerators, clothes washers, clothes dryers, and
dishwashers.

Sparn et al. (2013) assessed the DR of several General Elec-
tric smart appliances through laboratory testing to determine
the DR potential of a single appliance during different por-
tions of each of the appliance cycles. Similar types of detailed

Table 1. Summary of energy and peak load reduction strategies
for residential large appliances using smart technology.

Residential
smart device

Energy savings
settings Peak load reduction

Refrigerator Disable defrost
cycle

Increase freezer
temperature

Increase set-point
temperature

Delay defrost cycle
Disable anti-sweat
heater
Dim lighting

Clothes
washer

Shorter cycle Delayed start

Clothes dryer Sensor drying,
low-heat
settings

Delayed start
Reduced heat

Dishwasher Disable heated
drying

Delayed start
Turn off heated
drying

testing were conducted in California on multiple manufac-
turer’s smart refrigerators, clothes washers, and dishwashers
(Mitchel et al. 2014; Southern California Edison 2012a, 2012b,
2012c). These studies tested appliances in a controlled labora-
tory environment rather than utilizing data and use patterns
from field collected data. Appliance use patterns were not as-
sessed, however, it was suggested by Mitchel et al. (2014) that
the percentage of households that have each type of appli-
ance and the typical times of when the appliances are used
should be taken into consideration when determining which
appliances are best for DR. Sastry et al. (2010) conducted a
cost-benefit analysis of the use of smart appliances as spin-
ning reserves in which energy use is curtailed for a period of
10 minutes or less, finding that there is significant cost-benefit
to the use of smart appliances for this purpose. In this anal-
ysis the appliance use patterns utilized were from Pratt et al.
(1993) based on data collected in 1989. The conclusions of this
study indicate that further work is needed to better quantify
the contribution smart appliances at different times of the day.
Additionally, new data on appliance use patterns (Cetin et al.
2014; Rhodes et al. 2011) may also help inform an appliance
peak load reduction analysis.

The purpose of this study, is thus, to assess the DR poten-
tial of four different common residential appliances, including
refrigerators, clothes washers, clothes dryers, and dishwash-
ers. The challenging in predicting this reduction potential is in
accounting for the uncertainties that characterize this reduc-
tion in peak demand, as pointed out in Bassamazadeh et al.
(2014). A number of recent articles have developed optimized
scheduling methodologies for smart appliances (Kang et al.
2014; Lefort et al. 2013; Li et al. 2011; Missaoui et al. 2014;
Sou et al. 2011); however, in these models no sources of un-
certainty are considered. In addition, no known studies have
incorporated recent large datasets of information on actual
appliance use patterns in order to determine appliance DR
potential. Most have focused more on more hypothetical sit-
uations for individual homes and optimized scheduling tech-
niques. This work attempts to improve upon available research
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by developing a Monte Carlo simulation tool to predict peak
load reduction of residential smart appliances for the U.S. res-
idential building stock on a single home and community scale.
Through the use of highly granular field-collected residential
appliance energy use data collected from single-family residen-
tial buildings and the use of data collected from other sources,
this tool uses the best available data on influential parameters
to predict the statistical distribution of the DR potential of
these four appliances.

Results of this work are intended to demonstrate the likely
distributions and statistical bounds of DR potential for resi-
dential refrigerators, clothes washers, clothes dryers, and dish-
washers. The results are also used to compare the different
appliances to evaluate which appliances exhibit characteris-
tics that make them good targets for DR programs that elec-
tricity utility companies, manufacturers, or other third par-
ties companies may be interested in implementing for peak
load control programs. Finally, this work demonstrates the
use of this methodology for a case study in the state of
Texas, in which appliance DR potential is compared to ac-
tual peak electric grid loads. The results are intended to be
used to help utility companies to understand which of the
studied appliances, if adopted on a large scale, provide strong
energy reduction potential, and could be a good potential
economic investment for incentivized adoption for residential
customers.

Methodology

This methodology employs both analysis of residential appli-
ance energy use data as well as results from recent research to
determine residential appliance DR potential. The appliance
energy use data consists of 1-minute energy consumption data
for residential, single-family home properties in Austin, Texas
(Rhodes et al. 2014). These residential buildings studied in
this work are a part of a smart-grid deployment project which
began in 2012. The DR potential is evaluated on an hourly
basis.

In determining the DR potential for a given considered time
period, a number of factors play an important role. These in-
clude the average power demand of the appliance (kW), the
percentage of time the appliance is on (%), the percentage
reduction in load possible (%), the percentage of households
with the studied appliance (%), the adoption rate of smart
appliances (%), the percentage of homes willing to curtail ap-
pliance use (%), and the percentage reduction in power achiev-
able for the studied appliance (%). The model framework and
input parameters are described below as well as the method-
ology for the appliance energy data analysis.

Model framework

The peak load reduction potential (d; kW) of a particular
appliance (i) for a representative home in a population of
households (j), for a particular hour (k), of study is calcu-
lated in Equation 1. Equation 2 calculates a population of
households’ peak load reduction potential (D; MW) utiliz-

ing the representative home’s peak load reduction di jk from
Equation 1.

dijk = PijkTijk Ri (1)

Dijk = Hj Ui j Aij Oij
dijk

1000
(2)

where Pijk is the average power demand (kW) and Tijkl is the
percentage of time ON (%) for appliance (i) for population
(j) for hour (k), and Ri is the reduction in power (%) of ap-
pliance (i). In Equation 2, Hj is the number of households of
population (j), Uij is the usage factor (%), Aij is the adoption
rate of a “smart” version of the particular appliance, and Oij
is the percentage willing to curtail appliance use (%) the con-
sidered population (j) for appliance (i). The conversion term
(1000) in Equation 2 is used to convert between kW and MW.
Each of the terms can be represented by a probability distribu-
tion, constant value, or constant set of values, which are then
modeled using Monte Carlo simulation.

As demonstrated in previous research and through adopted
assumptions of appliance loads in common building energy
modeling programs, the time of use of appliances varies sig-
nificantly by time of day (Cetin et al. 2014; Pratt et al. 1993).
Other factors such as whether or not the occupants work at
home and whether it is a weekday or weekend also affect
the time of use of these studied appliances as well. However,
their influence is less than that of the time of the day (hour;
Cetin et al. 2014). Thus in this work, rather that distinguishing
between weekdays and weekend or household occupant char-
acteristics, the focus is placed on the hour of day and month
of the year in which the DR event would be requested.

In Equations 1 and 2, the average power demand, Pijk,
over each hour studied must be calculated to determine if the
appliance power is to be reduced or curtailed until a later
time, how much power can be reduced. The percentage of
time the appliance is on, Tijk, provides a value of how likely it
is that the appliance will be operating during the hour being
studied. This is needed as not all appliances will be on during
a DR event and not be on for the entire hour-long DR event to
provide peak load reduction to the electric grid. The reduction
in power of the appliance, Ri , is needed to determine if the
appliance can be completely or partially shut off in order to
response to a DR event. The usage factor, Uij and adoption
rate Aij, are needed as not all homes own and/or use each
of the studied appliances and all homes may not have smart
versions of the appliances. The percentage willing to curtail
appliance use, Oij, is needed as not all users who have smart
appliances may find it acceptable to curtail that appliance’s
use during a DR event. Finally, the number of households in a
given population, Hj , enables the scaling of Equation 1 from
a single “representative” home to the peak load reduction of
a particular appliance for an entire population. This can then
be compared to the actual electric grid power demands of a
population.

The following subsections describe how each of the vari-
ables in Equations 1 and 2 are determined. This includes vari-
ables Pijk and Tijk determined from appliance energy use data
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Table 2. Residential appliance characteristics.

Avg. number of appliances Avg. household
Appliance (count) Year Appliance age (avg.) /household characteristics

Refrigerator (n = 326) 1989–2013 7.3 1.26
Clothes washer (n = 211) 1990–2013 8.5 1 Age of home = 11 years
Clothes dryer (n = 196) 1971–2013 9.5 1 Occupants = 2.5
Dishwasher (n = 294) 1991–2013 7 1

analysis, and the other factors determined from other sources
of data.

Appliance energy demand data

To determine P, the average power demand, and T , the per-
centage of time on, 1-minute frequency energy consumption
data was collected for 1 year (January–December 2014) for 326
single-family homes in the Austin, Texas area. While more
than 326 homes were monitored for energy use data during
this time, these 326 homes were utilized since one or more of
the four studied appliances were monitored during the 1-year
period and the energy use data for each of the studied ap-
pliances included 90% or more of the full year of data. One
hundred three of the homes monitored all four appliances, 90
monitored three, 113 monitored two, and 20 monitored one
appliance. Sixty-four of the homes monitored all four appli-
ances and had 100% of the data available for the full year of
monitoring. For those data that were missing, these data points
were filled with data from the previous or following year, as
available, following the methodology discussed in Pratt et al.
(1993), Cetin et al. (2014), and Cetin and Novoselac (2015).

A home energy monitoring system (HEMS) was installed
in each residential property to monitor electricity use at 1-
minute intervals. The utilized HEMS is certified to meet the
ANSI C12.20 class for 0.5% accuracy. This system uses “cur-
rent transformer” (CT) collars installed in the breaker panel
of each home which monitor individual branch circuits’ elec-
tricity use. This HEMS is connected to an Internet router for
Internet-based data storage of the electricity data. In the event
of a loss of Internet connection, the HEMS stores the electric-
ity use data collected internally, which can then be recovered
without any data loss. The HEMS calculates the root-mean-
square (RMS) of current and voltage to determine the aver-
age power, which is recorded at 1-minute increments. Each
1-minute value recorded is an average of the sampled data
during that 1-minute time increment. Additional information
on the specifications of the utilized monitoring system can be
found in the manufacturer’s literature (eGauge 2014).

Circuit monitoring for each home includes electricity con-
sumption data for the whole house, as well as one or
more individual circuits, including individual appliances. The
refrigerator, clothes washer, clothes dryer, and dishwasher are
often on their own dedicated circuit; however, not all appli-
ance circuits were monitored for all homes. A summary of the
characteristics of the appliances in this dataset are included in
Table 2. Each home averaged one dishwasher, clothes washer,
and clothes dryer, and 1.26 refrigerators. Only the energy data

from the primary refrigerator was utilized in this research. It
should be noted that most of the homes in this dataset are
newer homes with newer appliances. For purposes of compar-
ison of the appliances in this research to the average home
in the United States, Figure 1 shows the annual energy use
(kWh) of the average home in the United States in 1990 and in
2009 (U.S. Energy Information Administration 1990, 2009).
As seen in Figure 1, the energy use of the studied appliances is
significantly less than that of the average home in the United
States.

The average age of the homes studied is 11-years-old, with
an average of 2.5 residents per home. While the age of the stud-
ied homes is newer than the average home in the United States
(U.S. Department of Housing and Urban Development 2011),
this should not have a significant effect on the appliance per-
formance. The average of number of residents per home (2.5
occupants) is similar to that of the national average of 2.6 and
to the average in Texas of 2.5 occupants (U.S. Department of
Housing and Urban Development 2011). Since the number of
occupants has been shown to influence the use of appliances,
as demonstrated by empirical correlations utilized in building
energy modeling appliance internal load calculations (Wilson
et al. 2014), it is important that this number of residents per
home is close to the average for the United States to enable
scaling up to predict national peak load reduction from appli-
ances.

In addition to the quality control measures conducted
through the data collection (Rhodes et al. 2014), additional
quality control measures were also completed. False spikes in
the electricity consumption data can occur in the data, which
are associated with rebooting of the HEMS or when the de-
vice’s settings are changed. These spikes were identified and
removed by identifying the 1-minute long spikes (>20 kW)
and re-assigning these data points with the average value of
the data point before and after.

The appliances in this study are not smart appliances in that
they cannot communicate with the electric grid or respond
to DR signals from electricity providers. However, this study
assumes that the appliances studied can be retrofitted to have
the capability to be smart appliances such that they respond
to DR signals, or replaced with a similar smart appliance.

Calculation of percentage of time on (%) from appliance data

To define whether or not an appliance is on or off, a threshold
value of energy use of the appliance was determined. Above
this threshold the appliance is considered to be on, and below
this threshold the appliance was considered to be off. Some
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Fig. 1. Average residential appliance characteristics for the United States in 1990 and 2009 from the Residential Energy Consumption
Survey (US EIA 1990, 2009) and the studied homes in this research.

appliances draw a small amount of power when off, to power
small parts of the appliance such as a clock or power button.
These low power states were not considered as being in an on
state. In addition, as the 1-minute frequency data represents an
average value of the power sampled over that 1-minute period,
when an appliance is turning on or off or switching states. The
threshold value of the appliance being on was determined to
be 0.05 kW. This threshold value was determined through sen-
sitivity analysis following a similar methodology to Cetin and
Novoselac (2015). The percentage of time the appliance was
considered to be on was calculated as the total amount of time
above the threshold on/off value over the total time the ap-
pliance was monitored. These values were averaged across all
homes studied for each appliance. To determine the distribu-
tion most appropriate for representing the percentage of time
on, the statistical software SPSS Statistics Premium 23 (IBM
2014) was utilized. This software determines the parameters of
many different distribution types. An Anderson-Darling test
is to determine the most appropriate distribution for the given
set of data.

Calculation of average power demand (kW) from appliance
data

Following the calculation of the percentage of the time the
appliance of study is on each hour, the average power demand
was determined. The average power demand over each hour
was calculated by averaging the power demand (kW) of the
appliance data when the appliance was designated to be on
per the methodology discussed above. Similar to the power
value, a distribution was fit to this value for each hour using
an Anderson-Darling test.

Usage factor (percent penetration) of appliances (%)

To determine the percent of homes that utilize each appliance
(usage factor), the American Community Survey data (2012)
was used. This dataset provides information on U.S. residential

building characteristics and energy use. These are summarized
in Figure 2 by climate zone (ASHRAE 2013). According to
this dataset the usage factor of refrigerators, clothes washer,
clothes dryers, and dishwashers is 100, 82, 79, and 59%, re-
spectively, in U.S. homes. These usage factors are similar, but
vary slighting by climate zone. In the mixed-dry/hot-dry cli-
mate zone, these percentages are 100, 80, 77, and 55%, 0–4%
lower than in the average U.S. population.

Percentage reduction in power (%)

To determine the percent of power demand for each appli-
ance (%) that can be removed by turning it off or changing
its performance, for clothes washers, clothes dryers, and dish-
washers, it is assumed that a delayed start or pause in the cycle
is possible and acceptable during peak use times (Table 1).
This means instead of the appliance being on, the appliance is
turned off, resulting in close to 100% peak power reduction.
For these three appliances, from the appliance energy use data
discussed, in addition to the average value of the power de-
mand when the appliances were on, the average value of the
power demand when the appliances were off was also calcu-
lated. The difference between these values (Equation 3) was
used to calculate the percentage reduction in power.

Ri =
(

1
n

n∑
s=1

ps − 1
m

m∑
s=1

ps

)
/

1
n

n∑
s=1

ps (3)

where n and m is the number of 1-minute time intervals mon-
itored when the appliance is on and off respectively, and ps
is the power (kW) of an appliance for 1-minute interval s.
For refrigerators, a 16% reduction in energy use is assumed.
While little data is available, the test results from Sparn et al.
(2013) suggest that this percentage reduction can consistently
be achieved consistently for refrigerators. Unlike clothes wash-
ers, clothes dryers, and dishwashers, refrigerators must con-



Volume 22, Number 6, August 2016 725

Fig. 2. Percentage of homes (usage factor) utilizing large appliances in the United States by climate zone (ACS 2012).

sistently run to keep the interior cold or frozen. Thus, turning
off the refrigerator is not necessarily a feasible option.

Percent adoption of “smart” appliances (%)

To determine the adoption rate of smart appliances, a number
of different scenarios may be considered. An aggressive and
optimistic adoption rate of 100% would provide an optimistic
prediction of what the peak load reduction could be in future
years after wide adoption of smart appliances are in place. A
low adoption rate could represent the initial adoption phase of
smart appliances. By analyzing results utilizing these ranges of
adoption an assessment of the possible upper and lower limits
of the DR impacts may be evaluated.

Percent participation (opt-in) homes in DR (%)

Previous pilot studies, particularly of smart thermostats, have
found that some homes will opt-out of DR; this is particularly
important to note for HVAC use changes as the peak hours
tend to correlate with the times when cooling is needed and
utilized most. For appliances, however, as these appliances
do not significantly affect the indoor conditions of a home,
the opt-out likelihood is hypothesized to be less than that of
HVAC set-point changes. An optimistic percentage of 100%
may be used to examine the maximum peak load reduction
possible.

Texas (ERCOT) as a case study

In order to quantify the potential peak load reduction on a
larger scale than a single home, the electric grid in the state
of Texas, including the ERCOT region, was chosen as a case
study. ERCOT is an ideal location to study this peak load re-
duction potential of appliances, as ERCOT is an independent
electric grid from the rest of the United States. ERCOT also ex-
periences significant peak loads in the hottest summer months
(May 1–September 30), and has, on multiple occasions, been
below its target capacity margin. Of the electric grids in the
United States, the Texas electric grid also has one of the low-
est reserve margins. In addition, hourly demand data (MW)
for the ERCOT electric grid is available for comparison with
the estimated appliance peak load reduction from appliances
(ERCOT 2015).

Based on an analysis of the energy use data in ERCOT for
the year of 2014, the peak use in ERCOT occurred most often
during the hours of 5:00 and 6:00 pm (ERCOT 2014) in the
summer months. The “peak” time in the time-of-use pricing
utilized for some of the electricity providers (Austin Energy
2015) for residential buildings considers the hours between
2:00 and 8:00 pm are “on-peak” times.

Simulation

Using the values and methodologies described in the preced-
ing sections, the hourly peak load reduction potential of each
of the four studied appliances is calculated using the Monte
Carlo simulation, with a maximum of 100,000 iterations. The
Monte Carlo simulation is a mathematical-based method in
which output values are randomly generated based on as-
sumed distributions of each of the independent parameters
assessed. An approximation of the output distribution is ob-
tained with a large number of simulation iterations. This tech-
nique is applied in many fields for probabilistic and risk-based
analysis. It is assumed that all variables in Equations 1 and 2
are independent, which may not necessarily be the case for all
parameters; however, the relationship between these parame-
ters is not yet well-known.

Results and discussion

This section summarizes the results of the analysis of the peak
load reduction potential of the four studied appliances. Each
of the variables are calculated as distributions, constant values
or a set of constant values, and Monte Carlo simulation is
conducted. Results are explored in order to predict the likely
distributions and statistical bounds of the DR potential of
appliances for different possible scenarios.

Determination of variable distributions and values

Using the appliance energy consumption data collected, the
distribution of power demand of each of the studied appli-
ances for each hour over the period of study was determined.
Figure 3 shows the average power demand of each of the stud-
ied appliances for each hour of the day, including when the
appliance is on (Figure 3a), and when the appliance is off (Fig-



726 Science and Technology for the Built Environment

Fig. 3. Average power demand (W) when a. ON and b. OFF for each hour of the day.

ure 3b). The clothes washer and refrigerator have the lowest
average power demands averaging below 200 W. Dishwashers
average just below 600 W, which includes both the washing
and drying cycle. Dryers have a significantly higher power de-
mand between 2000 and 3000 W. When off (Figure 3b), the
dryer and washers average less than 0.5 W of power, and the
dishwasher similarly averages just below 1 W of power. The
refrigerator averages between 2.5 and 4 W of power when in
an off state.

In general, the power when on and when off provides a
fairly consistent value across the hours of study. For dryers,
washers and dishwashers, the power demand is dependent on
the type of cycle chosen by the occupant to utilize, thus it
appears to make sense that these values are consistent across
the hours of study. For refrigerators, as a refrigerator utilizes
refrigerant for heat exchange, the indoor temperature in which

it is located can affect the energy use, thus some variation in
power demand is possible.

Figure 4 shows a histogram of the power demand for each
appliance over the entire period of study. Lognormal distri-
butions were chosen and parameters were fitted for the refrig-
erator and clothes washer using the Anderson-Darling test.
Normal distributions provided the best fit for clothes dryers
and dishwasher distributions. Table 3 summarizes the fitted
parameters of these distributions and the 5th and 95th per-
centile of power demands for each of the appliances to show
the range of average power demands that varies from house
to house. Across all of the studied homes, the power demand
is most consistent for refrigerators, and has the greatest varia-
tion for clothes dryer. In comparison with the limited available
estimates of power demand of appliances (U.S. Department of
Energy 2015b; Georgia Power 2015) and in comparison to es-

Fig. 4. Binned histograms of the average power (Watts) of each appliance when ON over the period of study, including a. refrigerators,
b. clothes washers, c. clothes dryers, and d. dishwashers.
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Table 3. Appliance average power demands over a 1-year period.

Power demands when ON each hour Fitted probabilistic distributions

Appliance 95th percentile (W) 5th percentile (W) Dist. type Parameter 1 Parameter 2

Refrigerator 217 87 Lognormal m = 136 s = 0.22
Clothes washer 521 96 Lognormal m = 231 s = 0.46
Clothes dryer 4182 1217 Normal μ = 2904 σ = 773
Dishwasher 917 96 Normal μ = 626 σ = 185

timates using manufacturer provided nameplate capacity, the
values for power demand of the studied appliances are lower.

The average percentage of time that each appliance was on
for each of the considered hours of study is shown in Figure 5.
The refrigerator is consistently on, on average, 50–63% of the
time. This is reasonable as refrigerators cycle on and off consis-
tently to maintain an interior temperature. The clothes washer
and dryer are on 0.2 to 4.4% and 0.2 to 3.8% of the time, re-
spectively. The dishwasher is on 0.4 to 3.7% of the time. These
lower percentages are also expected as dishwashers, washers,
and dryers depend on user actions to function, rather than
functioning continuously. The percentage of time on is the
highest for all appliances in the afternoon and evening hours,
consistent with the time of peak demand reduction needs, par-
ticularly in warm and hot climate zones such as Texas, where
peak power challenges are the greatest. The percentages of
time on for each hour were fit to a lognormal distribution.

Similar to the findings discussed in Mitchell et al. (2014) and
Southern California Edison (2012a), this data finds that refrig-
erators represent, on average, the lowest overall power demand
of the residential appliances considered (Figure 4a). For the
higher-end refrigerators, where DR capabilities are currently
found, this power demand is lower. However, refrigerators
operate much more consistently across the day and week (Fig-
ure 5), and draw power consistently during peak load periods.

Clothes washers, dishwashers, and clothes dryers have higher
average power demand (Figure 4b–4d), also consistent with
the findings of Mitchell et al. (2014) and Southern California
Edison (2012b, 2012c), but are present in a lower percentage
of residential buildings (Figure 2) and are less consistently
operated (Figure 5).

As demonstrated in previous works, there is little informa-
tion available on the likelihood that one of the appliances being
considered for DR potential is running during a given hour of
the day in which DR is desired. In previous work, either ex-
treme optimistic and pessimistic scenarios (Sastry et al. 2010),
or estimates of the percentage on (Rhodes et al. 2011) have
been considered. Sastry et al. (2010), considered the optimistic
scenario of 100% of appliances being on and available for DR,
and pessimistic value of 18–27% depending on the appliance.
By calculating the percentage of time an appliance from re-
cent data, the above data provides a more realistic view of what
these values may be. For purposes of comparison to previous
work, Table 4 indicates the maximum, minimum, 5th and 95th
percentile, and average values of the percentage of time on for
the studied appliances. Compared to previous work (Sastry
et al. 2010), this analysis indicates that the amount of time on
for refrigerators (27%) may have been under-estimated, but
the amount of time on for the other three appliances may have
been over-estimated. The most optimistic scenario (maximum

Fig. 5. Average percentage of time each appliance is ON for each hour of the day.
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Table 4. Appliance amount of time ON each hour (%).

Appliance
Maximum 95th percentile Mean 5th percentile Minimum

Refrigerator 100.0% 91% 57.2% 32% 0.0%
Clothes washer 51.5% 8.9% 2.8% 0.0% 0.0%
Clothes dryer 32.5% 8.4% 2.6% 0.0% 0.0%
Dishwasher 99.3% 9.2% 2.8% 0.0% 0.0%

value in Table 3) for smart appliances would be nearly 100%
for refrigerators and dishwashers, 52% for clothes washers,
and 33% for clothes dryers.

Utilizing Equation 3, the percentage reduction in power is
nearly 100% for the dishwasher, clothes washer, and clothes
dryer, averaging 99.9, 99.8, and 100%, respectively. For refrig-
erators, the average percentage reduction in power is 97.3%
since the power in off mode is higher than the other appli-
ances. Across all of the studied appliances and across all hours
of study, this percentage reduction varied by a maximum of
0.2%, thus these values were considered constant values for
use in the Monte Carlo simulation.

The Monte Carlo simulation for appliance in representative
home

To better understand the DR potential each hour for a rep-
resentative home, Equation 1 was used with the Monte Carlo
simulation utilizing the distributions developed as a result of

the appliance energy data analysis. Figure 6 shows the cumu-
lative distributions of each of the four appliances for the entire
year, with values for the DR potential (W) on the horizontal
axis for the 95th and 5th percentile.

As shown in Figure 6, dishwashers and clothes washers have
the lowest DR potential on a home-by-home basis. Clothes
dryers have a higher DR potential, and can provide, on aver-
age per home for any given hour, 10.35 W of power reduction
95% of the time. This may appear to be a low value, however,
as clothes dryers are only on, on average, less than 4% of the
time for any given hour, the probability that at any given hour,
the dryer will be on will be low. A refrigerator, however, is on
50–60% of the time, and thus, a given home can provide, on
average, at least 6 W of power reduction from the refrigerator
95% of the time. If instead of the reduction in power being
limited to 16% for refrigerators, the refrigerator was able to
be turned off (100% reduction in power), similar to the other
appliances, this peak load reduction would be 37 W, signifi-
cantly higher than that of the clothes dryer. This is due, in part

Fig. 6. Distributions of peak load reduction potential (W) of each of the four studied appliances, for a representative home for 1-hour
period of time, including a. refrigerator, b. clothes washer, c. clothes dryer, and d. dishwasher. Note: This is calculated using the
percentage of time an appliance is ON for a given hour, the power demand, and the possible percentage reduction in load.
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Fig. 7. Cumulative probability distributions for a. refrigerators, b. clothes washers, c. clothes dryers, and d. dishwashers showing the
peak load reduction potential (MW) from 5–6 pm, the peak use time on the Electric Reliability Council of Texas (ERCOT) electric
grid. Note: The peak load reduction potential is for the ERCOT region.

to the fact that even though the typical demand (Figure 4a)
is lower for refrigerators than all of the other appliances, the
fact that refrigerators are on much of the time makes up for
this when determining the DR potential. Based on these val-
ues, if a DR appliance is needed for purposes of reducing the
peak load on a reliable basis, the clothes dryer and refrigerator
provide the strongest DR, on average.

Looking at the spread of possible DR from each appliance,
even at the 95th percentile, which is likely to occur only 5%
of the time, clothes washers can only provide 13 W of power
reduction for any given hour. Dishwashers and refrigerators,
provide the second smallest DR, at 35 and 23 W of power
reduction. Clothes dryers provide 127 W, and if refrigerators
are able to reduce their power by nearly 100%, their peak load
reduction at the 95% percentile would be 139 W. Thus, clothes
dryers provide the highest possible peak load DR potential,
but this amount of DR will not be available at all times.

If the most optimistic scenario of percentage of time on
is considered, utilizing the maximum values calculated in Ta-
ble 3, the peak load reduction potential for a representative
home would be from 15–30, 55–260, 524–1358, and 316–914 W
for refrigerators, washers, dryers, and dishwasher, respectively,
95 and 5% of the time, or an average of 22, 133, 939, and 619 W.
In this case, clothes dryers are the strongest in DR potential.

Results of the Monte Carlo simulation case study for ERCOT
in Texas

To estimate the impact that smart appliances may have on
peak load reduction, the entire ERCOT electric grid is consid-

ered. This electric grid includes 7.5 million households, and
encompasses most of the state of Texas. For assessing max-
imum potential, an optimistic scenario of the use of smart
appliances in 100% households is assumed. The results of the
Monte Carlo simulation are shown for each of the four ap-
pliances in Figure 7 for the time period of 5–6 pm. This time
is the hour where peak load is the highest on the electric grid
in ERCOT. Figure 7 shows, for each appliance, the cumula-
tive distribution of total peak load reduction in ERCOT. The
horizontal axis indicates the total peak load reduction corre-
sponding to a given probability the ERCOT-wide peak load
reduction will at least be this value. For example, for refriger-
ators there is a 50% probability that the peak load reduction
from 5–6 pm will be at least 97 MW.

Of the four studied appliances, the clothes dryer has the
greatest peak load reduction potential for this region, fol-
lowed by refrigerators, clothes washers, and dishwashers when
comparing the mean values. However, the spread of the distri-
bution of refrigerators is much smaller than that of the clothes
dryers, indicating a more reliable load. This may be important
when considering the need for a reliable source of DR potential
on a grid-level scale. In looking at the tails of the distributions,
refrigerators provide at least 50 MW of peak load reduction
potential 95% of the time, whereas dryers provide very little
peak load reduction at this same level.

Combined, if the four smart appliances considered in this
research are implemented in the ERCOT area, 95% of the
time these appliances together could provide a reduction in
electricity loads on the ERCOT grid equal to that of a small
power plant. The advantage of this DR load in comparison
to a traditional coal, gas, or other types of power plant is that
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the time to bring the DR online is very short as compared
to the warm-up time required for a base load plant such as a
coal-fired power plant. This short response time enables peak
loads to be met by reducing load rather than using inefficient
peaker plants to meet peak load needs.

Limitations

There are a number of limitations that should be noted. First,
while the dataset of appliances utilized in this work is the most
recent set of appliance energy use data know to be available,
the appliances included in this dataset are newer, on average
than appliances found, on average, in U.S. homes (Figure 1).
Due to stricter energy standards and requirements imposed
on appliances in recent years and the increase in popular-
ity of energy savings appliances such as EnergyStar certified
appliances (EnergyStar 2015). Thus the use of this dataset
of appliance energy data for this work provides a conserva-
tive estimate of peak demand reduction as compared to an
average home currently, and a better estimate of appliance
energy demands in future years when these energy efficient
appliances are more widely utilized. Compared to U.S. ap-
pliance data (Figure 1), the energy use of the studied appli-
ances is 38 to 59% less. Thus if the predictions of this research
were to be applied nationally, the peak load reduction may be
38–59% greater than the predicted values resulting from this
work.

A second limitation of this work that may also underes-
timate the predicted DR potential of the studied appliances,
particularly the clothes washer and dishwasher, is that the
power demand needed for the purpose of heating hot wa-
ter for use in the clothes washer and dishwasher is not ac-
counted for in the peak demand reduction. Both clothes wash-
ers and dishwashers use hot water to function, thus through
curtailing the use of dishwashers and clothes washers dur-
ing peak use times may provide a higher DR value than pre-
dicted from strictly the power reduction from the appliance
itself.

Third, it has been documented in previous pilot studies
that in many cases, smart devices may be offline or discon-
nected from the Internet or network used to enable the DR
of that device. In some cases this has been found to occur
for 25–35% of appliances or devices (Schare 2012). This may
limit the possibility of obtaining the full DR potential of ap-
pliances. There are efforts in place to determine the cause of
smart devices being offline or disconnected, however, this is
still a common problem. Problems cited include unplugged
gateways, new Internet routers, errors with Internet service
providers, and improperly commissioned devices.

Conclusions

Overall, the results of this research include the analysis of a
large set of recent appliance energy use data for determina-
tion of power and time of use of appliances, and the devel-
opment and application of a peak load reduction model for
four smart appliances, including dishwashers, clothes washers,
clothes dryers, and refrigerators. This analysis is based on a

number of different important parameters. Two scenarios are
evaluated, one for a representative single-family home and a
second for a case study of the ERCOT region in Texas, where
significant peak electricity loads occur in the summer. The
following general conclusions may be drawn from this work:

1) Power demand: The average power demand of appliances
when on is greatest for clothes dryers (2904 W), followed
by dishwashers (626 W), clothes washers (231 W), and re-
frigerators (136 W). This power demand (W) does not vary
significantly across the 24 hours of time studied, except
in the case of dryers which is lower in the morning and
evening. The average power demand when off is less than
1 W on average for all studied appliances except refriger-
ators, resulting in a possible reduction in power demand
of 97–99.9% reduction for smart appliances during a DR
event.

2) Amount of time on: The percentage of time each appliance
is on average, between 0 and 4.5% for dishwashers, clothes
washers, and clothes dryers. The time on for these three ap-
pliances is lowest in the early morning and late evening and
highest late morning, afternoon, and early to mid-evening.
For refrigerators, the average time on varies between 50 and
63%, more than 11 times higher than the other appliances.
Refrigerator thus provide a more consistent peak load than
the other appliances which are occupant use dependent.

3) Peak load reduction potential, optimistic, representative
home: In the most optimistic scenario for a representa-
tive home, without taking into account the amount of time
each appliance may be available, a clothes dryer provides
the strongest peak load reduction potential of the studied
appliances, followed by dishwashers, clothes washers, and
refrigerators. The peak load reduction for a refrigerator,
clothes washer, clothes dryer, and dishwasher is an average
of 22, 133, 939, and 619 W, respectively, or 15, 55, 524, and
316 W, respectively, 95% of the time. If refrigerators were
also able to reduce their peak load by nearly 100%, instead
of the assumed 16%, their peak load reduction would be
138 W on average, similar to that of clothes washers.

4) Peak load reduction potential, representative home: Taking
into account the percentage of time that each appliance is
available, clothes dryers still provide the highest peak load
reduction on a per-home basis, followed by refrigerators.
Dishwashers and clothes washers provide the least reduc-
tion potential. As refrigerators are on and available for DR
much more than the other appliances, this provides advan-
tages over the other appliances. Thus, while refrigerators
have a lower average power demand than dishwashers and
clothes washers, can provide DR more of the time.

5) Case study: Peak load reduction in ERCOT (Texas): In
ERCOT from 5–6 pm when the peak load occur in the
summer months, similar to the representative home sce-
nario, clothes dryers provide, on average, the highest DR
(342 MW), followed by refrigerators (97 MW). Refriger-
ators are present in more homes than clothes dryers and
are more consistently on as compared to clothes dryers. At
other hours of the day, such as the early and mid-morning,
refrigerators may be a more attractive appliance DR target
as their use is consistently above 50% of the time.
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