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Real-Time Price-Based Demand Response
Management for Residential Appliances via

Stochastic Optimization and Robust Optimization
Zhi Chen, Student Member, IEEE, Lei Wu, Member, IEEE, and Yong Fu, Member, IEEE

Abstract—This paper evaluates the real-time price-based de-
mand response (DR) management for residential appliances via
stochastic optimization and robust optimization approaches. The
proposed real-time price-based DR management application
can be imbedded into smart meters and automatically executed
on-line for determining the optimal operation of residential appli-
ances within 5-minute time slots while considering uncertainties
in real-time electricity prices. Operation tasks of residential
appliances are categorized into deferrable/non-deferrable and
interruptible/non-interruptible ones based on appliances’ DR
preferences as well as their distinct spatial and temporal op-
eration characteristics. The stochastic optimization adopts the
scenario-based approach via Monte Carlo (MC) simulation for
minimizing the expected electricity payment for the entire day,
while controlling the financial risks associated with real-time
electricity price uncertainties via the expected downside risks
formulation. Price uncertainty intervals are considered in the
robust optimization for minimizing the worst-case electricity
payment while flexibly adjusting the solution robustness. Both
approaches are formulated as mixed-integer linear programming
(MILP) problems and solved by state-of-the-art MILP solvers.
The numerical results show attributes of the two approaches
for solving the real-time optimal DR management problem for
residential appliances.

Index Terms—Deferrable task, interruptible task, real-time
price-based demand response management, residential appli-
ances, robust optimization, stochastic optimization.

NOMENCLATURE

Variables:

Electricity price forecast of time in scenario .

Electricity payment of scenario from to the
end of the day.

Available energy in battery of plug-in electric
vehicle (PEV) at time in scenario .

Time required to finish task of appliance .

Index of appliances.
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Commitment status of appliance at current time
.

Commitment of appliance at time in scenario
.

Indices of tasks.

Volume of water heater tank at time in scenario
.

Power consumption of appliance at current
time .

Power consumption of appliance at time in
scenario .

Binary indicator to identify risks in scenario
at current time .

Relative error of scenario cost values at time slot
.

Risk in scenario at time slot .

Index of scenarios.

Indices of time slots.

Index of current time slot.

Indoor temperature at time in scenario .

Binary variables indicating temperature and
volume status at time in scenario .

Auxiliary variable.

Dual variables.

Binary variable indicating the operation status of
task for appliance at time in scenario .

Binary variable indicating the operation status of
task for appliance at time .

Sets and Parameters:

The set of all appliances.

Real-time electricity price of current time slot
announced by ISO in real-time market.

Target daily electricity cost pre-defined by
consumer.

Energy requirement of appliance .

Desired charging energy for a PEV.

Minimum battery capacity of a PEV.
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Maximum battery capacity of a PEV.

Number of time slots required by appliance to
finish its all tasks.

Number of time slots required by appliance to
finish task .

Commitment status of appliance in previous
time slot .

Lowest acceptable water volume in the tank.

Highest acceptable water volume in the tank.

Large positive number.

Total number of time slots in the schedule horizon.

Number of tasks of appliance .

Number of scenarios.

Power level of task for appliance .

Power consumption of appliance in previous
time .

Maximum power level of appliance .

Minimum stand-by power level of appliance .

Maximum power capacity of the entire house.

Lowest acceptable indoor temperature.

Highest acceptable indoor temperature.

Outdoor temperature.

Cold/hot water temperature.

The set of total time slot indices under study, i.e.,
.

Starting and ending time of appliance .

Starting and ending time of task for appliance .

Maximum deferrable time of task of appliance .

Efficiency of a water heater.

Efficiency of an air conditioner.

Probability of scenario .

System inertia.

Cycle charging efficiency of a PEV.

Number of time slots in which time varying
electricity prices are considered.

I. INTRODUCTION

N OWADAYS, most electricity consumers act as price
takers with flat rates. Without acknowledging differences

on electricity prices, they do not have incentives to adjust their
electricity consumption patterns. Due to the potential benefits
the real-time electricity pricing could bring to the demand side,
consumers can optimally adjust their energy consumptions

by participating into the demand response (DR) program for
minimizing the electricity bill [1], [2]. DR is one of the key
components in smart grid, which will help power markets
set efficient energy prices, mitigate market power, improve
economic efficiency, and increase security [3]. Although the
real-time pricing incentive may introduce financial risks to end
customers as compared to the flat rate or time-of-use (TOU)
rate, it brings additional benefits to enhance the operational
security and economics of power systems. A comparison of
TOU and real-time pricing in [4] indicates that high resolution
real-time pricing signals will carry on more real-time operation
information of power systems, which would bring more ben-
efits to power systems in terms of flattening the system load
profile and reducing the peak demand as compared to TOU
rates. Thus, passing real-time pricing to a demand aggregator
while still using TOU for individual end customers may not
provide enough information on the true time-variant electricity
supply costs or enough financial incentives to end customers
to adjust their energy consumptions and, in turn, will not fully
realize the benefits of DR. Smart meters will enable real-time
bidirectional communication and control between the demand
side and the electricity market, which allow consumers to
receive real-time electricity prices [5].
Household heating and cooling represents the largest por-

tion of peak demand in most parts of the U.S. Their energy
consumption consists of 21% in all energy usage for typical
appliances in 2008 [6]. Thus, effective operation strategies
for these devices could improve the energy efficiency and
economics of individual households and, in turn, benefit the
entire electricity grid. A comprehensive appliance classification
would help understand distinct spatial and temporal operation
characteristics of appliances and deign their corresponding
control strategies. The work in [7] divided appliances into three
categories based on different working styles of main power
consumption units, including induction coil, heating resistance,
and electronic circuit. Based on different control strategies,
[8] classified appliances into non-shiftable, time-shiftable, and
power-shiftable categories. Alternatively, based on different
device operation characteristics, interruptible and non-inter-
ruptible appliances were presented in [9].
In order tominimize the total electricity payment, price-based

DR consumers could respond to time varying electricity prices
and shift their consumptions to the periods of relatively low elec-
tricity prices. The work in [10] presented an energy schedule
framework for automatically and optimally operating appliances
in a household,while considering the tradeoff betweenminimum
electricity bill and maximum consumer’s utility. To address the
similar residential appliance management problem, [11] devel-
oped an optimization model for individual consumers to adjust
theirdecisionsinresponsetotimevaryingelectricityprices.Since
a small uncertainty may introduce considerable distortion to the
optimal solution, robust optimization approaches may be em-
ployed to immune the data uncertainty. [12] presented a com-
putationally efficient robust model to accommodate the contin-
gency constrained unit commitment problem. [13] discussed a
robust model for the unit commitment schedule in the day-ahead
market for minimizing the total cost, while the wind uncertainty
was considered via theworst case scenario. In electricitymarkets
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under time varying prices, a generation self-scheduling was con-
sidered in [14] as a quadratic programming, which employed the
dual theoryand thecomplicatedmax-minoptimizationapproach.
Furthermore, a robust optimization model was proposed in [11],
which incorporated interval numbers for representing electricity
priceuncertainties.Amultipleknapsackmethodwasemployedin
[15] toexploreasolution to theelectricbillminimizationproblem
under dynamic day-aheadprice environment.Reference [16] uti-
lized game theory to simulate demand sidemanagement problem
among competitive consumers, for achieving the optimal per-
formance with minimum energy cost under the Nash equilib-
riumconstraints.However,works in [9]–[16] are all hourly based
models, which consider one single snap shot on electricity prices
and power consumptions of individual appliances within each
hour. Alternatively, both continuous time horizon and discrete
time slot based methods were considered in [17], which shown
that the continuous time horizon based approach is more appro-
priate for less-interruptible tasks. However, [10] and [15]–[17]
are all deterministic models and thus may not derive optimal op-
eration for residential appliances in response to real-time elec-
tricity price uncertainties.
This paper proposes a real-time price-based DR management

model for residential appliances, which can assist residential
consumers automatically managing their appliances for the op-
timal energy efficiency and economics. The proposed real-time
DR management can be imbedded into smart meters and auto-
matically executed for determining the optimal operation in the
next 5-minute time interval while considering future electricity
price uncertainties. Operation tasks of appliances are divided
into three categories: interruptible and deferrable, non-interrupt-
ible and deferrable, and non-interruptible and non-deferrable.
Scenario-based stochastic optimization and robust optimization
approaches are developed to explore optimal real-time DRman-
agement decisions with respect to time varying electricity price
uncertainties. Furthermore, the risk aversion formulation [18],
[19] is employed to control the financial risks associated with
real-time electricity price uncertainties. The contributions of
this paper include the modeling of price-based DR character-
istics of residential appliances via different task categories and
the real-time DRmanagement for residential appliances via sce-
nario-based stochastic optimization and robust optimization ap-
proaches.
The rest of the paper is organized as follows. Sections II

and III describe the scenario-based stochastic optimization and
robust optimization approaches, respectively. Illustrative case
studies are presented in Section IV. The paper is concluded in
Section V.

II. SCENARIO-BASED STOCHASTIC OPTIMIZATION APPROACH

A. Objective of the Stochastic Optimization Approach

The operation of various residential appliances needs to be
effectively managed within a household, so that the total elec-
tricity payment can be minimized under the dynamic real-time
electricity price environment. Smart meters would collect oper-
ational and electricity market information, including real-time
electricity prices as well as spatial and temporal operation char-
acteristics and requirements of individual appliances. Based on

Fig. 1. Rolling scheduling via two-stage scenario-based stochastic optimiza-
tion.

the information, the residential DR management will provide
the optimal energy consumption solution for every 5-minute slot
that will be utilized by individual appliance controllers.
The proposed two-stage scenario-based stochastic optimiza-

tion model will incorporate real-time electricity price uncertain-
ties and balance the tradeoff between bill payment and finan-
cial risks in the real-time DR management for residential appli-
ances. As shown in Fig. 1, the proposed real-time DR manage-
ment for residential appliances is formulated as a rolling proce-
dure, inwhich the two-stage scenario-based stochastic optimiza-
tion isperformedforevery5minutes. Ineachstochasticoptimiza-
tion model execution, the first stage includes the first 5-minute
time slot , inwhich the spot price is announced by the real-time
market and the unique operation decisionswill be obtained for all
appliances. While in the second stage from to the end of
the scheduling horizon, multiple scenarios are generated via the
MonteCarlo (MC) simulation and scenario-dependent operation
decisions are derived in response to electricity price uncertainties
in each scenario. In stochastic optimization, the required number
of scenarios for a given simulation error is proportional to the
sample variance. Thus, reducing the sample variance is a viable
way of decreasing the number of samples while maintaining the
same simulation accuracy. Variance reduction technologies can
improve the convergence of theMC simulationwith less number
of scenarios and, thus, can be employed to enhance the compu-
tational performance of stochastic optimization [36].
The objective (1) is to minimize the electricity bill of the first

time slot plus expected electricity bill of all scenarios from
to the end of the scheduling horizon in the second stage.

The sum of probabilities for all scenarios is equal to one. That

is, .

(1)

Subject to various constraints as described below.
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B. Constraints of Individual Appliances

The operation window of each appliance will be
pre-specified by consumers. Constraint (2) describes that no op-
eration is allowed outside the operation window .

(2)

Some appliances, such as cloth dryer, have pre-specified total
operation time duration requirements. That is, all tasks of an ap-
pliance would use time slots to be completed as shown in (3).
It is obvious that and ,
which indicates that appliance will be started no later than

and be finished no earlier than , to guarantee
enough time slots for finishing the tasks. In addition, some ap-
pliances, such as water heater, have pre-specifiedminimum total
energy requirement for operation as shown in (4).

(3)

(4)

A residential appliancemay have certainmaximum power ca-
pacity and minimum stand-by power level . There-
fore, the lower and upper capacity limitations of each appliance
are described in (5).

(5)

A household electrical panel usually provides an upper limit
for the total power capacity as shown in (6).

(6)

Some appliances, such as dishwasher and washing machine,
have multiple operation tasks with discrete power levels. Con-
straints (7)–(8) describe that multiple operation tasks are exclu-
sive to each other.

(7)

(8)

For an appliance with multiple operation tasks in sequence,
the first task has to be finished before the second task could
be started. For instance, a dishwasher includes three sequential
tasks: washing, drying, and disinfection. The washing task must
be completed before the drying task can be started, and so on for
the disinfection task, as described in (9). Equation (9) indicates
that if , all should be equal to one where

, which means that all its prerequisite tasks have
been fully executed.

(9)

Fig. 2. Illustrative examples of the three task types for residential appliances.

The above constraints (2)–(9) describe common character-
istics of residential appliances. In this paper, tasks of residen-
tial appliances are categorized into three types based on their
distinguished operational characteristics, including interruptible
and deferrable, non-interruptible and deferrable, and non-inter-
ruptible and non-deferrable. Non-interruptible means that a task
cannot be stopped until it is completed. Non-deferrable means
that a task must be started at the first time slot of the required
operation window. Illustrative examples of the three task types
are shown in Fig. 2, in which the total required operation time
duration is 4 and the operation window is from 1 to 10.
1) Type I: Interruptible and Deferrable Tasks: For an inter-

ruptible and deferrable task, the starting time can vary within
the valid operation window . Equation (10) describes
that the operation of an appliance can be delayed, but no later
than , in which is the pre-specified tolerable
time delaying by consumers. PEV is an example that has inter-
ruptible and deferrable tasks, which does not require immediate
or continuous charging operation as long as it is fully charged
by the end of the operation window. A PEV’s charging opera-
tion can be modeled via (11)–(13) [20]. Equation (11) describes
the energy balance in a PEV battery. The energy capacity limits
and the final state of charge (SOC) requirement of the PEV bat-
tery are presented in (12)–(13).

(10)

(11)

(12)

(13)

2) Type II: Non-Interruptible and Deferrable Tasks: Appli-
ances such as dishwasher and washing machine usually operate
non-interruptible and deferrable tasks. They are deferrable such
that tasks can be moved from high electricity prices periods to
those of low electricity prices throughout the day. On the other
hand, once a task starts, it must be finished without interrup-
tion for avoiding any thermal efficiency losses. Equations (10)
and (14) are used for describing deferrable and non-interrupt-
ible characteristics.

(14)
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3) Type III: Non-Interruptible and Non-Deferrable Tasks: A
non-interruptible and non-deterrable task is required to start
immidiately and continue to be on for the next time slots
as shown in (15). A task with is a special
non-interruptible and non-deferrable case. The cloth dryer is an
example that has non-interruptible and non-deferrable tasks, as
it may be operated right after clothes are loaded.

(15)

In fact, an appliance may operate multiple tasks with distinc-
tive characteristics that belong to different task types. Electrical
water heater (EWH) is an example with both Type I and Type II
tasks. When the hot water tank volume is within ,
the heating procedure is an interruptible and deferrable task, and
when the hot water tank volume is less than , it changes into
a non-interruptible and deferrable task. The thermal behavior of
an EWH can be approximately described as a set of linear equa-
tions with the assumption that temperature in hot water tanks
is constant [21], [22]. The hot water tank volume is considered
as a time varying variable. Equation (16) describes the relation-
ship among tank volume, cold water temperature, and energy
consumption, in which the heat radiation is considered via the
system inertia and the cold water temperature . Equation
(17) describes that an EWH will be on immediately when the
tank volume reaches the lower limit . Equation (18) de-
scribes that an EWH will be off immediately when the tank
volume reaches the upper limit . Alternatively, an EWH
could be either on or off when the tank volume is within the
limits. In addition, (19)–(20) present that if the tank volume is
lower than , the volume has to be back to the level
within the next time slots.

(16)

(17)

(18)

(19)

(20)

Air conditioner (AC) is an example with both Type I and
Type III tasks. Because a consumer’s uncomfortableness is in-
tolerable when the indoor temperature is higher than the suit-
able region, once the indoor temperature reaches the highest
tolerance value, the AC will be immediately operated and the
cooling procedure will continue until the indoor temperature
reaches a pre-specified value, which is a non-interruptible and
non-deferrable task. Alternatively, the cooling procedure when
the temperature is within the predefined comfortable interval

is an interruptible and deferrable task. Equation
(21) describes the relationship among indoor temperature, out-
door temperature, and energy consumption [21]. Equation (22)

describes that the AC will be on immediately until the indoor
temperature is cooled down to the level of . (23)–(24) de-
pict that if the temperature is higher than , the AC will be
running at the maximum power in order to approach the com-
fortable temperature level as soon as possible.

(21)

(22)

(23)

(24)

Oven is an example with both Type II and Type III tasks. The
baking task would be delayed for several time slots and, thus, is
a Type II task. Alternatively, meat will need to be roasted sooner
after it is taken out of refrigerator, which can be classified into
a Type III task.

C. Real-Time Price Uncertainty Simulation via Scenarios

Time series models are widely used for simulating hourly
electricity prices in day-ahead electricity markets [24], [25].
However, they may not be suitable for capturing price dynamics
in very short time intervals, i.e., 5-minute time slots considered
in this paper. Alternatively, Gaussian distributions are utilized
to simulate dynamic real-time electricity prices for 5-minute
slots. The mean and variance in periods from to
(i.e., 2.5 hours ahead) are determined by electricity prices in the
hour-ahead market, and beyond they could be obtained
from electricity prices in the day-ahead market. In addition,
since electricity prices during peak hours are more volatile and
may be sky-rocket high in extreme situations, mean and vari-
ance in these time slots are determined by averaging real-time
prices of the same time slot in previous 30 days.
The Monte Carlo simulation method is utilized to generate

scenarios for simulating real-time price uncertainties in the pro-
posed stochastic model. Forward and backward scenario reduc-
tion algorithms are developed to reduce the number of scenarios
with an acceptable accuracy [27].

D. Financial Risks With Price Uncertainty

The proposed stochastic real-time DRmanagement model for
residential appliances in (1)–(24) is risk-neutral, which is only
concerned with minimizing the expected bill payment. How-
ever, a consumer may also be concerned with its risk associ-
ated with real-time price uncertainties. Scenario cost with
respect to the current time slot is calculated in (25), at the
bottom of the next page. The downside risk defines the cost sur-
plus of a scenario from a given target (26), at the bottom of
the page [19]. The linear expression of (26) is represented as
(27)–(28), at the bottom of the page, in which is an aux-
iliary binary variable to identify if there is a downside risk as-
sociated with scenario . By penalizing the expected risks into
the objective function with coefficient , the objective (29), at
the bottom of the page, is to minimize the utility function which
is a weighted sum of the expected electricity payment and the
risk. The parameter tuning on is necessary in order to ex-
plore the tradeoff between the expected electricity payment and
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the downside risk, which will be investigated in numerical case
studies.

III. ROBUST OPTIMIZATION APPROACH

The scale of the scenario-based stochastic optimization
model increases drastically as a function of the number of
scenarios, which would impose huge computational burdens.
A smart meter application would require critical computing
time to obtain optimal real-time decisions for every 5 minutes.
Alternatively, a robust optimization model is studied to solve
this problem, and numerical case studies will compare the
overall performance of the two approaches.
Different from the stochastic optimization which utilizes the

scenario technique, the robust optimization adopts price uncer-
tainty intervals for simulating the real-
time price uncertainty. The uncertainty interval could be derived
from a price forecasting model [28]. If the forecasting model
does not provide such functionality, the price uncertainty in-
terval can be formulated via a percentage of the forecast value
around such forecast value, i.e., . The value of ranges
from 0 to 1, for controlling the level of uncertainty under con-
sideration. The optimization problem with the price uncertainty
interval is formulated as (30), in which is the uncertain elec-
tricity price that could range from to .

(30)

The robust optimization counterpart of (30) can be formu-
lated as (31), which represents the worst case while considering
that electricity prices can be uncertain in at most time slots
[11], [29], [30]. That is, this parameter would indicate the ro-
bustness of the proposed model with respect to the level of con-
servatism of the optimal solution. represents the most
optimistic case, in which the influence of price uncertainty on
the cost deviations is completely ignored. On the other hand,
if , price uncertainty at all time slots will be consid-
ered for possible cost deviations, which is the most conserva-

tive case. A higher value of would increase the level of ro-
bustness at the expense of a higher cost. Equation (31), at the
bottom of the page, can be equivalently converted into (32), at
the bottom of the page, with auxiliary variables and . Thus,
with the duality theory, (32) can be converted into the equivalent
MILP counterpart (33)–(38), at the bottom of the next page. All
other constraints follow the similar forms as (2)–(24), except
that there will be only one base case in the robust optimization
without any scenarios.

IV. CASE STUDIES

In this section, six typical residential appliances, including
PEV, dishwasher (DW), cloth dryer (CD), electric water heater
(EWH), air conditioner (AC), and oven, are utilized to study the
optimal real-time price-based DR management via stochastic
optimization and robust optimization approaches. The appli-
ance data are presented in Table I, which are modified based
on the information from [20], [21], [23], and [31]–[33]. Final
state-of-charge requirement of PEV is 9 kWh. Comfortable tem-
perature interval for AC is [68 F, 72 F], and the initial indoor
temperature is set to be 82.7 F. Minimum and maximum hot
water levels of EWH are 9 gallons and 11 gallons. The initial
hot water level is set to be 5 gallons. Such high initial tem-
perature and low water volume level are used to illustrate the
effectiveness and the accuracy of the proposed AC and EWH
management strategies. Hot and cold water temperatures are
set as 125 F and 70 F. NYISO real-time market price data
[26] and temperature data [34] on August 31st, 2011 are used
in this study. All case studies utilize CPLEX 12.1.0 on an Intel
Core-i7 3.4-GHz personal computer. The following three cases
are studied:

Case 1: Stochastic optimization approach without risks.
Case 2: Impacts of considering the risk aversion con-
straints.
Case 3: Robust optimization approach.

Case 1: Stochastic Optimization Without Risks: In this case,
a study for the six appliances running different types of tasks as
shown in Table I is performed via stochastic optimization. One

(25)

(26)

(27)

(28)

(29)
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TABLE I
DAILY OPERATION DATA FOR HOME APPLIANCES

thousand scenarios are generated for simulating real-time price
uncertainties and reduced to 5 scenarios via the scenario reduc-
tion technique. To illustrate the effectiveness of the proposed
DR management strategies, the PEV operation status at each
5-minute time interval (i.e., after the rolling process with all 288
time slots for the entire day) is depicted in Fig. 3. For the reduced
5 scenarios study, it is shown that the PEV starts charging its bat-
tery from the 108th time slot, which is deferrable, and the entire
charging process has been completed in 18 time slots within 9
discontinuous time windows to meet the final state-of-charge re-
quirement, which is interruptible.
The dishwater operation status for the entire day is depicted in

Fig. 4, which includes priority constraints for the three different
tasks as discussed in Section II. The washing task is executed
first from time slots 84 to 97 with the power level of 0.59 kW.
The drying task takes another 3 slots from 100 to 102 with the
power level of 3.8 kW. Lastly, the disinfection task is performed
during time slots 105 to 126 with the power level of 0.85 kW.
The impact of the number of scenarios on the stochastic op-

timization solution is explored by comparing the studies on re-
duced 5 scenarios and reduced 30 scenarios. The indoor tem-

Fig. 3. PEV charging status in the reduced 5 scenarios study.

Fig. 4. Operation of dishwasher with task priority constraints.

perature and the tank water volume for the entire 288 time slots
in reduced 5 scenarios and 30 scenarios studies are presented in
Figs. 5 and 6, respectively. It is shown that although the interme-
diate temperature and hot water volume results are slightly dif-
ferent for reduced 5 scenarios and 30 scenarios studies, the pro-
posed DR management model does well manage the real-time
operation of AC and EWH for satisfying household’s comfort-
able preference in terms of temperature and hot water volume
limitations. There is a tradeoff between the computational time
and the solution quantity with respect to the number of sce-
narios. This is measured by the relative error (39), which is de-

(31)

(32)

(33)

(34)

(35)

(36)

(37)

(38)
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Fig. 5. Room temperature of reduced 5 scenarios and 30 scenarios studies.

Fig. 6. Tank water level of reduced 5 scenarios and 30 scenarios studies.

fined as the ratio of the standard deviation over the expected
scenario costs. Using (39), the relative error is 0.046 for the re-
duced 5 scenarios study as compared to 0.035 for the reduced 30
scenarios study. In general, a large number of scenarios would
bring more price information into the stochastic optimization
and, thus, derive better solutions in terms of lower relative er-
rors at the cost of longer computational time.

(39)

Case 2: Impacts of Risk Aversion Consideration: In this case,
the risk aversion formulation is adopted as compared to Case 1,
in order to show the tradeoff between the expected electricity
bill payment and the associated risk. When considering risk
constraints, the electricity bill payment is increased in certain
scenarios in order to reduce the expected downside risk. For
the daily target cost of $2.00 and of 0.1, the daily electricity
bill payment with downside risks is $2.74, which is higher than
$2.70 obtained in Case 1. The energy consumption in peak pe-
riods is reduced by 0.3 kWh (i.e., 2 kWh–1.7 kWh) as compared
to Case 1. That is, 15% load in peak periods will be shifted to
the off peak periods in order to avoid the risk of high cost.
The final risk-cost profiles with respect to different daily

target costs and are shown in Fig. 7. It is observed that a
higher target corresponds to a lower downside risk. The risk
approaches zero when the target cost is larger than 2.5$, which
is higher than the highest scenario cost. Furthermore, three
different values are employed to evaluate the impact of on the

Fig. 7. Risk-cost profiles with respect to different .

Fig. 8. Cost and robustness with respect to different .

total expected cost and the downside risk. It is shown that with a
smaller target cost, the downside risk is decreased with a larger
. However, the downside risks with different values are
close when the target cost is larger than 2$, which indicates that
with higher target costs, the downside risk may not be further
decreased even when a higher risk coefficient is adopted.
Case 3: Robust Optimization Approach: In this case, the ro-

bust optimization approach is adopted to study the optimal real-
time DR management of appliances with respect to real-time
electricity price uncertainties. The sensitivities of the electricity
bill cost and the robustness with respect to different are de-
picted in Fig. 8, which are measured by the first term and the
sum of the last two terms in (32), respectively. It is shown that
the electricity bill cost and the robustness are both increased ini-
tially with the increase of . However, it is observed that both
values hold after reaches around 150. As most of appliance
operations are allocated in about 150 time slots, when is larger
than 150, the optimal operation of appliances is rather changes
and both the electricity bill cost and the robustness would keep
unchanged.
The daily total energy consumption and the electricity cost for

the stochastic optimization and robust optimization approaches
are shown in Table II. The costs in the second and third columns
are final costs derived from the proposed operation management
models after the rolling schedule of all 288 time slots, and the
cost in the last column represents the actual cost with perfect ac-
tual electricity price information. The total energy consumption
calculated in the stochastic optimization approach is 73 596Wh,
at the cost of $2.700. With the current National Grid residential
flat rate of 0.05$/kWh in the State of New York, the daily cost
is $3.68. The results show that by participating real-time price-
based demand response, the household would save 26.63% (i.e.,

) electricity bill payment with the proposed
stochastic optimization based real-time DR management ap-
proach. A saving of 24.33% (i.e., ) can
be similarly observed in the robust optimization approach. The
stochastic optimization and robust optimization approaches are



1830 IEEE TRANSACTIONS ON SMART GRID, VOL. 3, NO. 4, DECEMBER 2012

Fig. 9. Total computational time of the rolling schedule for all 288 time slots.

TABLE II
DAILY ENERGY USAGE AND COST FOR CASES WITH STOCHASTIC
OPTIMIZATION, ROBUST OPTIMIZATION, AND PERFECT INFORMATION

further compared with the perfect information case, which op-
timize the operation of all appliances based on actual electricity
prices on August 31st, 2011. Because the robust optimization
considers the worst case solution, it is shown that the daily en-
ergy consumption and the electricity cost of stochastic optimiza-
tion are more close to those of the perfect information case than
the robust optimization approach. However, although the cost of
the stochastic optimization approach can derive lower cost than
the robust optimization, its computational time is much longer
as depicted in Fig. 9.

V. CONCLUSION

Due to the potential economic benefits that the real-time elec-
tricity price could bring to the demand side, consumers would
optimally adjust the energy consumption of residential appli-
ances by participating into the real-time price-based demand
response program. This paper compares stochastic optimiza-
tion and robust optimization approaches to real-time demand
response management for residential appliances. Three types of
tasks for residential appliances are categorized in terms of de-
mand response capabilities as well as distinct spatial and tem-
poral operational characteristics. Six typical residential appli-
ances, including PEV, dishwasher, cloth dryer, electric water
heater, air conditioner, and oven, are studied to evaluate the pro-
posed task categories and the two optimization approaches. Nu-
merical results show that with the proposed real-time DR man-
agement, both the stochastic optimization and the robust opti-
mization approaches can achieve lower electricity bill cost as
compared to the current residential flat rate electricity price. In
addition, numerical evaluations indicate that although the sce-
nario based stochastic optimization approach introduces higher
computational burden, it will provide lower electricity bill cost
as compared to the robust optimization. Both methods can assist
consumer to handle financial risks brought by dynamic real-time
price uncertainty, and individual consumers can make their own
choices based on their preferences on computational time, cost
minimization, and risk aversion.

The proposed demand response task categorization and the
two optimization methods can be similarly applied to load
aggregators, which would represent multiple residential houses
within a community. Same type of appliances in multiple
households can be aggregated into one subset for reducing the
problem scale while still capturing the granularity of energy
requirements of individual residential households, similar as
the generator aggregation approach discussed in [35]. For
each aggregated appliance subset, the minimum and maximum
power levels, energy consumption requirement, and operation
duration of each task will be adjusted accordingly based on
the number of appliances in the subset. In addition, as robust
optimization has a better computational performance while
stochastic optimization provides better solutions, the future
work will consider the coordination of the two optimization
approaches. One possibility is to use the stochastic optimization
scenarios to derive better uncertainty interval estimations for
improving the solution of the robust optimization. In addition,
instead of solving stochastic optimization from the scratch,
the robust optimization solution could be adopted as the initial
solution point to quickly locate good enough stochastic opti-
mization solutions.
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