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Several factors support more deployment of real-time pricing (RTP); including recent developments in the
area of smart metering, regulators interest in promoting demand response programs and well-organized
electricity markets. This paper ﬁrst reviews time-based electricity pricing and the main barriers and
issues to fully unleash beneﬁts of RTP programs. Then, a day-ahead real-time pricing (DA-RTP) model is
proposed, which addresses some of these issues. The proposed model can assist a retail energy provider
and/or a distribution company (DISCO) to offer optimal DA hourly prices using smart metering. The realtime prices are determined through an optimization problem which seeks to maximize the electricity
provider’s proﬁt, while considering consumers’ beneﬁt, minimum daily energy consumption, consumer
response to posted electricity prices, and distribution network constraints. The numerical results associated
with Ontario electricity tariffs indicate that instead of directly posting DA market prices to consumers, it
would be better to calculate optimal prices which would yield higher beneﬁt both for the energy provider
and consumers.
Ó 2012 Elsevier Ltd. All rights reserved.
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1. Introduction
In traditional power system operation and management, more
attention is given to supply side compared to demand, and
consumers are assumed to be unwilling or incapable of actively
changing their consumption behavior. Therefore, expensive peaking plants are committed to meet demand during peak periods
leading to higher generation costs. On the other hand, during offpeak periods, demand is typically covered by cheaper base load
plants. Consequently, wholesale prices are highly ﬂuctuating
during the year and even within a day. In addition to high variability
of market prices, declining reserve margins, transmission congestion, and environmental issues increase the importance of
improving the link between supply-side and demand-side.
In most electricity markets, end-use consumers such as residential and small business consumers are entities that purchase
energy from a retail energy provider as assumed in this paper and/
or a distribution company (DISCO) and they do not participate in
the market. These consumers are charged either ﬁxed retail prices
for a season or a rate based on time-of-use (TOU) of their energy
consumption; they pay higher price during peak period than off* Corresponding author. Tel.: þ98 2161114315.
E-mail addresses: m.doostizadeh@ut.ac.ir (M. Doostizadeh), h.ghasemi@ut.ac.ir
(H. Ghasemi).
URL: http://ece.ut.ac.ir/faculty/Ghasemi/.
0360-5442/$ e see front matter Ó 2012 Elsevier Ltd. All rights reserved.
http://dx.doi.org/10.1016/j.energy.2012.08.029

peak period. Thus, there is no economic incentive for consumers
to respond to hourly changes in electricity market prices. Some
consumers are charged retail prices which reﬂect wholesale market
conditions; the consumers response to these prices would lead to
reduce generation cost and improve market efﬁciency and system
reliability.
By recent developments on smart metering technologies and
the dire need to increase price-responsive demand, a number of
utilities and states have executed a variety of time-based pricing
programs. For instance, a day-ahead real-time pricing (DA-RTP)
tariff used by the Illinois Power Company in the United States [1],
several critical peak pricing pilots in California, Idaho, and New
Jersey [2], and the three-level (on-peak, mid-peak, off-peak) TOU
pricing tariff in Ontario, Canada [3]. However, recent studies have
shown that exposing end-use consumers to hourly real-time prices
is known as the most efﬁcient tool that can urge consumers to
consume more wisely and efﬁciently [4]. Given the recent increases
in energy prices, RTP provides opportunity to consumers to reduce
their energy bills by taking the advantage of lower energy prices in
some periods and reducing their consumption when energy prices
are high. Although the effectiveness of RTP implementation is
widely unanimous, there are some barriers to RTP including technology issues, ﬁnancial disincentives posed by ﬂat price tariffs,
regulatory concerns, and apparent lack of consumer interest.
Therefore, some appropriate strategies are required to overcome
such obstacles.
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There has been much attention paid to pricing programs in
recent years. Theoretical and simulation studies have focused on
understanding the economic and technical advantages of these
programs [5e9]. The environmental implications of RTP are
investigated in [10] and it is shown that RTP can potentially reduce
the emission level in many regions in the United States, where peak
demand is almost met by oil ﬁred capacity. References [11,12], have
proposed an economic load model based on price elasticity of
demand in order to simulate consumers response. The impact of
RTP on price spikes, peak demand, consumer bill, and power
supplier under smart grid concept is investigated in [13]. Reference
[14] lays out an analytical framework to evaluate the desirability of
smart meter, time varying pricing programs and provision of
feedback packages to consumers. The framework is applied to
determine the impact of the programs and packages on domestic
load proﬁles. Load adjustment of a given consumer in response to
hourly electricity prices is modeled in [15]. An RTP approach is
proposed in [16]. The model is used by an energy provider in case of
energy shortage; the load reduction is achieved by RTP based on
consumers price elasticity in energy shortage period. An RTP
method based on a distributed algorithm which manages the
interactions between each consumer and the energy provider is
proposed in [4]. The algorithm ﬁnds the optimal energy
consumption levels for each consumer to maximize consumers’
beneﬁt and to minimize the cost charged to the energy provider. A
composite demand function is introduced in [17] in order to
represent the demand model comprising different types of
consumers. The model can be utilized by a retailer to offer real-time
prices to its consumers. However, the cross-elasticity of consumers,
each consumer’s beneﬁt, each consumer characteristic, and distribution operation aspects are not considered in the model.
In most of the previous related literature work except [4,16,17],
optimal RTP is not discussed. In this paper, considering the main
barriers of implementing RTP, it is argued that in RTP programs,
sending market prices to consumers would not always achieve the
best solution to the energy consumption problem. Therefore, this
paper is focused on proposing a new practical RTP model to overcome RTP barriers. The proposed model would help energy
provider ﬁnd optimal hourly DA prices. The objective is to maximize retailer’s proﬁt based on DA energy market prices considering
demand elasticity and consumers’ beneﬁt. In this model, it is
assume that each consumer is equipped with a smart meter with
a two-way communication [15].
The remaining of this paper is organized as follows: Section 2
provides a brief description of time-based pricing and reviews
barriers to RTP. Section 3 presents framework of DA-RTP. Mathematical formulation of the proposed model is presented in Section
4. Section 5 presents and discusses the results of different case
studies carried out for a 32-node test system, based on Ontario
electricity data and regulated retail prices, to demonstrate the
feasibility and effectiveness of the proposed model. The paper is
concluded in Section 6.

2. Review of time-based pricing, RTP implementation and
barriers
2.1. Categories of time-based pricing programs
Various time-based pricing structures are discussed in this
section. Depending on the type of programs, the price structures
can change on an hourly, daily, or longer time-period basis:
 Seasonal ﬂat pricing: In this structure, prices are ﬁxed within
a season but may change from one to another.

 Time-of-use pricing: In this structure, prices are ﬁxed within
each TOU pricing period. Pricing periods are deﬁned according
to time of day, day of week, and/or season. However, since TOU
rates are ﬁxed and are announced months earlier, they do not
provide incentives for consumers to respond to wholesale
hourly electricity prices.
 Critical peak pricing: Similar to TOU rates, prices are ﬁxed across
block of time in this structure. However, the price for at least
one period has the potential to change daily, either based on an
occasion or regularly, which are announced on a day-ahead or
hour-ahead basis.
 Peak day rebates: In this structure, consumers receive electricity bill rebates for not using power during peak periods, and
they remain on their standard tariff even during critical events.
 Real-time pricing: In this structure, energy prices applied to
consumers vary hourly to reﬂect wholesale market prices.
Prices are typically announced a day or an hour before the
actual time of energy delivery to consumer. Based on the
method of hedging price risk and/or revenue assurance, several
versions of RTP have been tested by utilities.
These pricing structures are characterized by different features
depending on how they reﬂect wholesale prices, and how can affect
both consumers and energy providers willingness to adapt these
programs. Among these pricing structures, RTP can track the
pattern of wholesale energy prices and can provide opportunity to
consumers to reduce their energy bills by taking advantage of lower
energy price periods and reducing their consumption during peak
periods. However, it might be too complicated to implement or
might involve much risk for consumers along with other difﬁculties
mentioned below.
2.2. Barriers to RTP
Although the beneﬁts of RTP programs are widely known, the
installation level of these programs is still low. Typically, a limited
number of commercial and industrial consumers are provided with
RTP. The implementation level of these programs to residential
consumers is even lower. The barriers to RTP include technology
issues along with several concerns on all involved parties, including
regulators, consumers, utilities and energy providers:
 Technology issues including the lack of smart metering, and
communication and control systems which support RTP.
 Regulatory concerns: In the distribution sector, the regulation
goal is to provide distribution companies with incentives to
recover their investment and efﬁcient operation, and to guarantee that consumers beneﬁt from the obtained efﬁciency [18].
Furthermore, a good regulation balances different stakeholders’ interests in the short-term such as returns and tariffs,
and identiﬁes these interests convergence in the long-term
[19]. Licensing, controlling and monitoring of energy activities, setting and implementing tariffs and customer protection
are the main functions of the regulatory system [20]. Therefore,
regarding RTP implementation, regulator are concerned about
metering installation cost and pricing mechanism that would
entail fairness towards consumers and energy providers in
terms of their energy bills and beneﬁts encouraging efﬁcient
energy consumption.
 Energy providers and utilities ﬁnancial disincentives:
 Utility beneﬁt from RTP: Utilities are concerned about
whether the potential beneﬁts from consumers energy
management under RTP, such as capital investment
deferral, maintenance cost reduction in long-term can
outweigh possible short-term revenue reduction or not.
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 Recovery of ﬁxed cost: This can be a concern in case of
expecting that ﬁxed costs would not be recovered through
volumetric energy charges.
 Consumer bill impact and loss of revenue: Energy providers
are concerned about the potential revenue losses from free
riders’ activities (i.e. consumers who receive immediate bill
reduction due to their normal load patterns which may
coincide with low price hours).
 Apparent lack of knowledge and interest among consumers in
RTP: Most of the consumers seem to prefer simple ﬂat tariff
rather than real-time prices due their unwillingness to either
sacriﬁce their comfort level or not seeing enough ﬁnancial
beneﬁts in adapting to RTP. Also, some consumers are
unwilling to take the RTP risks even though they might achieve
reduced bill.
3. Framework of the proposed RTP
In this section, a general framework is proposed which will
address some of the mentioned difﬁculties above. The proposed
framework is basically based upon smart grid concept. As it is
depicted in Fig. 1, in a smart environment, each consumer is
equipped with a smart meter and an energy management system
that schedules his/her energy consumption in response to real-time
prices. The meters are connected to the utility through a communication network such as local area network that allows two-way
communication between electricity provider and the meter. With
this capability, beside receiving real-time prices from the electricity
provider, the electricity provider would have access to real-time
information on the electricity consumption of each consumer.
In this framework, regulatory authority instead of determining
ﬁxed electricity rates, provides energy providers with the means to
determine electricity prices such that both consumers and energy
providers interests are promoted. The energy provider uses DA market
prices, distribution network data, and consumers load data to optimally determine DA prices which will be sent to consumers through
smart metering infrastructure. These prices are determined such that
the consumers adapted to RTP will respond to the posted prices in
a way that both energy provider and consumer will beneﬁt as
explained with detailed mathematical formulation in the next section.
The proposed framework alleviates the mentioned barriers
effectively as discussed next. Some of the challenges such as technology issues and their corresponding costs can be met with the
recent development in smart metering technology; however,
others should be analyzed more speciﬁcally. The latter group of
challenges is categorized into three following groups:
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 Regulatory concerns: Fairness and efﬁciency are two traditional
regulatory concerns in tariff design mechanism. These
concerns exist for the RTP as well. The proposed framework can
address some of these concerns by ensuring that each
consumer under the proposed pricing scheme would pay less
or equal to the case that market prices are used.
 Energy provider and utilities ﬁnancial disincentives: Instead of
using ﬁxed ¢/kWh for monthly consumption, by having peak
consumption of each consumer and multiplying it by this rate,
a direct signal is sent to consumers indicating that they should
avoid using all their appliances directly. The proposed framework has two key advantages which address RTP implementation and consumer bill impact on utility beneﬁt. The ﬁrst
advantage of this framework is that the energy provider is able
to maximize its proﬁt by determining the optimized DA realtime prices. Furthermore, consumers load characteristics are
considered in determining these prices preventing revenue
losses from free riders activities.
 Consumers resistance: To encourage more consumers to adapt
RTP, they should be offered fair prices which do not impose
notable amount of risk on them. In the proposed framework,
real-time prices are determined based on market prices,
regulated tariffs and considering a price cap. This would ensure
that real-time market prices will not be directly transferred to
consumers, avoiding high risk to them leading to increased
consumer satisfaction.
4. Mathematical formulation
The proposed model to determine the optimal real-time prices
seeks to maximize the proﬁt of an energy provider which supplies
electricity to all consumers connected to the distribution network.
In order to correctly model consumers consumption behavior,
several aspects are considered here including consumers beneﬁt,
minimum daily energy consumption and consumer response to DA
real-time prices represented by means of an economic demand
model. Distribution network constraints are also taken in the
proposed model into account. The mathematical formulation of the
proposed framework is described as follows.
4.1. Objective function
The objective function is formulated as (1) here. It aims to
maximize the energy provider’s proﬁt, which is deﬁned as the
difference between its revenue due to selling energy to consumers
and the cost of purchasing energy from the electricity market.

Fig. 1. Proposed DA pricing framework.
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However, it is good to mention that beside short term operational
aspects, the energy provider can also consider other (short-term
and/or long-term) business objectives while constructing his/her
objective function.

Max

24
X
t ¼1

("

nc
X

#

)

dc ðtÞ$rc ðtÞ  Psub ðtÞ$rE ðtÞ

(1)

c¼1

where Psub(t) is the amount of power purchased by the energy
provider from energy market through main transformers at Hour t;
rE(t) is the energy market price at Hour t; dc(t) represents customer
response to energy prices (kWh); rc(t) is the DA energy price
announced by energy provider and communicated to each customer
through smart meter (¢/kWh); and nc is the number of customers.

constraints are taken into account in our model. Hence, maximum
and minimum demand limits should be considered for each load as
it is stated in the Equation (3). Minimum load level dmin
c ðtÞ refers to
the load of appliances which always need to be on during the
ðtÞ refers to the
operating horizon, and maximum load level dmax
c
total power consumption level of consumer’s appliances assuming
that all available appliances are on during the scheduling hours.
max
dmin
ðtÞ
c ðtÞ  dc ðtÞ  dc

4.2.3. Minimum daily consumption
Minimum daily consumption required by each consumer is
represented by (4).
24
X

4.2. Constraints

(3)

Day

Ec ðtÞ  Ec

(4)

t ¼1

The constraints which have to be respected on the daily operation
of the network are categorized into seven groups as explained below.
4.2.1. Consumer response to DA energy prices
Each consumer as an entity can manage its consumption independent from others and the energy demand of each consumer can
vary based on its characteristics. Different types of consumers may
have different response to the same price. For instance, a household
consumer response to price changes is different from that of an
industrial consumer. The behavior of each consumer can be modeled
through its utility or beneﬁt function. In response to changes to energy
prices, each consumer tries to adjust its power consumption to
maximize its own welfare. Also, electrical loads can be categorized
into shiftable and non-shiftable loads. The ﬁrst category is assigned to
loads which can be operated at any time throughout a day or particular time window (e.g. dish washer). The second one refers to loads
that cannot be shifted in a day (e.g. illuminating load and HVAC).
Reference [11] discusses the detailed process of modeling and
formulating how the RTP program affects electricity demand and
how the maximum beneﬁt of consumers is achieved during a day
with hourly intervals. The ﬁnal responsive economic demand
model in time interval t is presented by:

8
>
>
>
>
<
εc ðtÞ$½rc ðtÞ  r0c ðtÞ
dc ðtÞ ¼ d0c ðtÞ 1 þ
>
r0c ðtÞ
>
>
>
:
9
>
>
>
>
24
X
r
r
½ c ðhÞ  0c ðhÞ=
εc ðt; hÞ
þ
>
r0c ðhÞ
>
>
h¼1
>
;
hst

where Ec(t) is the energy consumption of Consumer c at Hour t; EcDay
is the minimum daily consumption used by Consumer c.
4.2.4. Price cap
As mentioned in Section 3, a maximum limitation for real-time
price has to be considered to hedge consumers against high energy
prices.

rc ðtÞ  rmax
ðtÞ
c

where rmax
ðtÞ is the price cap for real-time prices. This can be different
c
value for residential, industrial and commercial consumers.
4.2.5. Limit on energy provider’s revenue from each consumer
Although the previous constraint protects consumers from being
offered very high prices, another constraint is required to avoid
offering relatively high prices at most hours of a day by the energy
provider with the aim of maximizing energy provider’s beneﬁt.
Therefore, energy provider’s revenue from selling energy to each
consumer under the proposed pricing model should be less or equal
to the case that market prices are directly sent to consumers. This
will change demand curve in a way leading to winewin situation for
both the energy provider and consumers. In addition, (6) can provide
incentive to consumers to actively participate in each hour and
respond to hourly prices. For instance, K ¼ 0.95 (payment coefﬁcient) indicates that each consumer’s bill will be less than or equal to
95% of the case when market prices are applied to each consumer.
24
X

(2)

(5)

dc ðtÞ$rc ðtÞ  K$

t ¼1

24
X

dcE ðtÞ$rE ðtÞ

(6)

t¼1

where dcE ðtÞ is consumer response to DA market prices.
4.2.6. System adequacy constraint
This is necessary to ensure that there is enough capacity to meet
the hourly demand forecast as well as maintaining a reserve margin:

where εc(t) and εc(t,h) are self and cross price elasticity of the
demand, respectively; r0c(t) is base energy price (tariff) set by the
regulator for a season (¢/kWh); and d0c(t) is the initial demand
forecast (kWh).
Therefore, the active consumers response to offered DA real-time
prices (rc(t)) according to its initial load level and initial retail energy
prices can be modeled as (2). It is worth mentioning that at each
hour, initial demands are known and DA real-time prices are the
variables to be determined in the optimization process.

max
PSub
 RESðtÞ þ

4.2.2. Maximum and minimum demand limits
Considering realistic consumers response, one can say that the
consumption is not totally ﬂexible; consequently, the following

4.2.7. Distribution network constraints
In this study, it is considered that the energy provider is responsible for network operation. Therefore, the reliability and security of

nc
X

dc ðtÞ

(7)

c¼1

where RES(t) is adequacy reserve maintained by the energy provider;
max is the active power capacity of substation transformer.
and PSub
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the network have to be taken into consideration. Besides, the RTP
program can provide the opportunity for network operator to deal
with the cases when the reliability of network is jeopardized. This can
be done by offering appropriate real-time prices to consumers. The
network operation constraints are as follows (as described in [21]):

Start

m=1

 Real power ﬂow equations:

Pinj ðtÞ ¼

N 
X
  


Vt;i Vt;j Yi;j cos dt;j  dt;i þ qi;j ; t ¼ 1; .; 24

Solve master problem

j¼1

(8)

 Reactive power ﬂow equations:

Qinj ðtÞ ¼ 

t=1

N 
X
   

Vt;i Vt;j Yi;j sin dt;j  dt;i þ qi;j ; t ¼ 1; .; 24

Solve subproblem for Hour t

m=m+1

j¼1

(9)

 Feeders ﬂow limits:





St;ij ðVt ; dt Þ  Smax
t;ij

(10)

t=t+1

Get feasibility cost and

Generate a new
Benders cut

sensitivities ( λ

m −1
c ,t ,

μ

m −1
sub ,t

)

 Bus voltage limits:

Vimin  Vt;i  Vimax

Yes

 Substation capacity limit:
max
Psub ðtÞ  Psub

No
Stop
Fig. 2. Benders decomposition ﬂowchart.

4.3. Solution method
The proposed model addressed in this paper is formulated as
a non-linear programming (NLP) problem. In order to make the
proposed model applicable for real size distribution networks with
large number of consumers, a fast and robust optimization technique
known as Benders decomposition is applied in this study. The Benders
decomposition algorithm [22] is a partitioning technique on two
levels (master problem and subproblem) which utilizes an iterative
procedure between both levels in order to obtain an optimal solution.
The master problem determines real-time prices by ignoring network
constraints, whereas the subproblem deals with checking network
physical constraints. Master problem solution is transferred to the
subproblem, which veriﬁes the feasibility of the master problem
solution and provides marginal data and dual values associated with
the given variables by the master problem previously. More detailed
on benders decomposition is available in [23].
This method allows us to appropriately divide the problem into
two smaller problems which are easier to solve. Fig. 2 depicts the
procedure including the steps.
4.3.1. Master problem
The master problem’s objective function is formulated as:

Max

("

t¼1

nc
X
c¼1

#
dc ðtÞ$rc ðtÞ  Psub ðtÞ$rE ðtÞ

)


24
X

a*t

t¼1

Subject to constraints (2)e(7) and the Benders cuts:

Any
infeasibilities?

Yes

(12)

where jVt,ij is voltage amplitude at node i; dt,i is voltage angle at node i;
jYi,jj is element (i,j) in admittance matrix; qi,j is angel of jYi,jj; Pinj(t) is
the net injected active power to node i; Qinj(t) is the net injected
reactive power to node i; St,ij is the apparent power ﬂow from node i to
node j; Smax
t;ij is the capacity of the line/cable between node i and node j;
Vimax and Vimin are maximum and minimum voltage magnitude at
node i, respectively; and N is the total number of nodes.

24
X

No

t=24

(11)

a*t  am1
þ
t

nc
X



lm1
dc ðtÞ  dc ðtÞm1
c;t



c¼1



m1
þ mm1
sub;t Psub ðtÞ  P sub ðtÞ

(14)

where at is the subproblem cost at iteration m1.
The ﬁrst term of the objective function represents the energy
provider’s proﬁt. The second term represents feasibility costs of
each hourly subproblem. The Benders linear cuts (14) couple
master and subproblem, and are updated at each iteration.
4.3.2. Subproblem
The subproblem checks the feasibility of the master problem
solution by mean of an AC power ﬂow. Then, any violations in
constraints (10)e(12) can be relieved by adjusting the imported
power through substation Psub(t) and customers’ demand dd(t). The
objective function introduced in (15) minimizes the cost of deviations from the master problem solution (P sub ðtÞ and dc ðtÞ which are
ﬁxed by the master problem):

Min

N
X

Pupi ðtÞ þ Pdni ðtÞ þ Qupi ðtÞ þ Qdni ðtÞ

(15)

i¼1

(13)

where Pupi(t), Pdni(t), Qupi(t) and Qdni(t) are slack variables of the
optimization problem added to AC power ﬂow equation in order to
make the subproblem feasible.
It is subjected to the constraints (10)e(12) and:
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Pinj ðtÞþPupi ðtÞPdni ðtÞ ¼

N 
X
  


Vt;i Vt;j Yi;j cos dt;j  dt;i þ qi;j ;
j¼1

t ¼ 1;.;24

ð16Þ

N 
X
   

Vt;i Vt;j Yi;j sin dt;j  dt;i þ qi;j ;
Qinj ðtÞþQupi ðtÞQdni ðtÞ¼
j¼1

t ¼1;.;24
m1

ð17Þ

dc ðtÞ ¼ dc ðtÞm 4lc;t ; Psub ðtÞ ¼ P sub ðtÞm 4mm1
sub;t

(18)

Constraint (18) provides the marginal data (lc,t and msub,t) of the
master problem solution (dc ðtÞ, P sub ðtÞ) at the same iteration. The
marginal data are used in the benders cuts formulation as shown in
(14). The subproblem cuts are updated in each iteration in order to
improve new master problem solution and this iterative procedure
continues until the master problem solution is feasible.

5. Simulation results
The results of applying the proposed DA-RTP model to a 32node radial distribution system shown in Fig. 3 [24] are presented and discussed in this section. Due to the importance of
accurate knowledge of consumers behavior, loads are characterized
based on consumer type. Each consumer belongs to one of the 3
categories (residential, commercial, and industrial). The test system
includes 320 consumers (10 consumers at each node). The
consumers at each node are assumed to be the same type (residential, commercial and industrial) as presented in Table 1. Each
day is divided into 3 time intervals (on-peak, mid-peak, and offpeak) as used in Ontario, Canada [3]. The elasticity values for
each type of consumer at the 3 mentioned time intervals are
prudently derived from [25,26], and are shown in Table 2. The DA
energy prices and load forecasts on a typical winter and summer
day (February 4 and August 4, 2011) are used from the wholesale
electricity market data of Ontario, Canada [27] to analyze the
feasibility of the proposed DA-RTP model on the test case (Fig. 4). In
this case, the demand curve for Ontario market is scaled down to be
used at the test system which is a distribution system. The daily
load curve and the contribution of each type of consumers to
overall system energy usage are shown in Fig. 5.
The optimization problem described in Section 4 is an NLP
problem solved by GAMS [28]. CONOPT solver is used to solve the

NLP master problem and subproblem. The solution obtained by
CONOPT is found by means of the application of the generalized
reduced gradient algorithm speciﬁcally designed for large nonlinear programming problems [29].
5.1. Different pricing methods
Three cases are discussed in the simulations. Case A represents
the currently used regulated pricing mechanism in Ontario,
Canada. Case B examines the impact of directly sending DA
wholesale market prices to consumers. Finally, Case C presents the
results of posting optimal DA prices calculated by the proposed
pricing model.
5.1.1. Case A: the currently used regulated price plan
Although each local distribution company or electricity retailer
in Ontario uses a slightly different bill format and terminology for
its consumers, components of the consumer bill are the same
including electricity rates, distribution rates, transmission rates,
regulatory charge, and debt retirement charge. The electricity rates
which represent the supply costs are set by the Ontario Energy
Board as part of the Regulated Price Plan (RPP) [30]. If a consumer
purchases electricity from an electricity retailer, the prices paid by
the consumer will be different and will be stated in the contract
signed by the consumer and retailer. In addition, the supply cost of
electricity provided to RPP consumers is determined in accordance
with the rules established by legislation. The wholesale consumers,
however, pay according to hourly Ontario electricity prices. At the
end of each month, an adjustment amount referred to as the global
adjustment is applied to all electricity consumers [30]. The average
market prices during February and August were 3.3 ¢/kWh and
3.5 ¢/kWh, respectively. Also, the average global adjustments were
3.5 ¢/kWh and 3.6 ¢/kWh during February and August 2011,
respectively [27]. Therefore, average RPP prices were 6.8 ¢/kWh and
7.1 ¢/kWh during February and August 2011, respectively as reported in [3]. The average RPP prices are assumed as base energy
price (tariff) in the numerical studies.
5.1.2. Case B: sending DA market prices to consumers
In this case, it is assumed that 40% of consumers participate in
the RTP program. However, the RTP rate for each hour equals to
sum of DA energy market price for that hour and global adjustment
(Fig. 6). Note that maximum and minimum demand limits are equal
to 115% and 85% of the initial load forecasts, respectively, which is
consistent with [26]. Active consumers response to DA energy
market prices according to their initial consumption curve and base
electricity price (i.e. RPP) is shown in Fig. 7. As it can be seen in

Fig. 3. The 32-node radial distribution network.
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Table 1
Load types at different buses of the 32-node distribution test system.
Type of consumer

Load buses

Residential
Commercial
Industrial

2,4,5,8,9,10,11,12,14,15,16,17,18,19,20,21,22,25,26,27,32
1,3,6,7,13,28,29,30,31
23,24

Table 2
Self and cross elasticities.
Type of consumer
Residential

Commercial

Industrial

On-peak
Mid-peak
Off-peak
On-peak
Mid-peak
Off-peak
On-peak
Mid-peak
Off-peak

On-peaka

Mid-peaka

Off-peaka

0.150
0.080
0.070
0.180
0.070
0.050
0.180
0.100
0.080

0.080
0.140
0.050
0.070
0.170
0.030
0.100
0.180
0.060

0.070
0.050
0.120
0.050
0.030
0.160
0.080
0.060
0.160

Winter: on-peak (7e11,17e19); mid-peak (11e17); off-peak(19e7).
a
Summer: on-peak (11e17); mid-peak (7e11,17e19); off-peak(19e7).

Fig. 7, with RTP implementation, consumers energy consumption
during peak hours would be reduced. However, it is seen that load
shifting to off-peak hours is insigniﬁcant. This is due to the fact that
little difference exists between market prices and the base energy
price during the day which does not provide strong incentive for
consumers to change their demand proﬁle.
5.1.3. Case C: sending optimal DA real-time prices
In this case, similar to Case B, it is assumed that 40% of
consumers participate in the RTP program. The maximum and
minimum demand limits are the same as before. In addition, it is
assumed that minimum daily consumption required by each

consumer is 90% of its initial consumption and the payment coefﬁcient (K) is assumed 1. The effect of changing K is discussed later in
this section. In this case, the optimal real-time prices offered by
energy provider to each type of consumer are calculated based on
the proposed model as depicted in Fig. 6. As it is evident, the energy
provider offers low energy prices during off-peak period in order to
encourage consumers shift part of their demand to this period. It is
worth mentioning that variations exist in RTP of different
consumer types in several hours. Customers’ load characteristic is
the main reason for these variations. According to Equation (2),
consumers’ response to offered DA energy prices depend on their
initial load level and their price elasticities which are different for
each type of consumer. Fig. 7 also shows the impact of offered
optimal prices on daily demand. Compared to Case B, by posting
optimal DA real-time prices, consumers energy consumption
during peak hours would be reduced more and a larger amount of
consumers demand is shifted to off-peak hours.
To compare the proposed model with Cases A and B, the results
are analyzed from economical and technical points of view. Technical criteria such as peak load reduction, load factor, peak to valley
distance, and distribution losses are also presented in Table 3. As it
can be seen from Table 3, all considered technical criteria are
improved after implementing the proposed RTP model. Therefore,
using the proposed RTP model would enhance the reliability of
energy delivery and the efﬁciency of grid operation. Some
economic criteria such as energy purchasing cost from the wholesale market, consumers bill, and energy provider proﬁt are reported
in Table 4. Table 4 shows that economical criteria are improved for
the proposed model as well. The cost of purchasing energy from
market is decreased compared to Cases A and B. It is important to
mention that although energy provider’s revenue from selling
energy to consumers (i.e. consumers bill) is limited to the case that
market prices are used (Case B), energy provider’s proﬁt in the
proposed model is increased and consumers energy consumption is
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Fig. 4. DA energy market prices: (a) February 4th, 2011 (b) August 4th, 2011.
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Fig. 7. Hourly demand under different cases: (a) February 4th, 2011 (b) August 4th, 2011.
Table 3
Technical indicators for case studies; (K ¼ 1).

Case A
Case B
Case C

Peak reduction (kW)

Load factor (%)

Peak to valley
distance (kW)

Distribution network
losses (kWh)

Total energy consumption
(kWh)

Feb. 4

Aug. 4

Feb. 4

Aug. 4

Feb. 4

Aug. 4

Feb. 4

Aug. 4

Feb. 4

Aug. 4

e
66.0
192.6

e
162.4
295.4

89.5
90.1
90.5

84.6
86.3
87.5

1048.4
933.3
897.3

1662.4
1457.2
1217.5

5282.2
5212.8
4993.7

5109.7
4963.5
4819.0

102,557.0
101,831.4
99,533.4

100,011.3
98,618.9
97,220.3

Table 4
Economic indicators for case studies; (K ¼ 1).

Case A
Case B
Case C

Energy purchasing
cost ($)

Energy
provider’s proﬁt ($)

Customers’
bill ($)

Feb. 4

Aug. 4

Feb. 4

Aug. 4

Feb. 4

Aug. 4

3629.7
3599.4
3476.0

3804.5
3743.2
3632.6

3344.1
3334.7
3458.1

3306.3
3273.9
3384.5

6973.8
6934.1
6934.1

7110.8
7017.1
7017.1

decreased compared to Case B. The reason is that by posting
optimal DA real-time prices, consumers are encouraged to reduce
demand and/or shift demand to low price periods when the energy
market price is high as well as having lower network losses.
5.2. The impact of level of smart meter deployment
This is the same as Case C except 80% of consumers respond to
prices posted by the energy provider. As it can be seen in Fig. 8,
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Fig. 8. The impact of level of smart meter deployment on demand curve: (a) February 4, 2011 (b) August 4, 2011.
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Fig. 9. The impact of changing K on energy provider’s proﬁt: (a) February 4, 2011 (b) August 4, 2011.
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Fig. 10. The impact of changing K on peak reduction: (a) February 4, 2011 (b) August 4, 2011.

a greater portion of demand during peak hours is reduced and also
load shift to off-peak hours is increased by having more consumers
participating in the RTP program. In addition, energy provider’s
proﬁt is increased signiﬁcantly up to $3536.3 in February 4 and
$3424.8 in August 4.
5.3. The impact of limit on energy provider’s revenue from each
consumer
In this case, it is focused to analyze the impact of limiting energy
provider’s revenue from each consumer (Equation (6)). As it was
mentioned in Section 4.2, in order to protect consumers’ right,
energy provider’s revenue from selling energy to each consumer
under the proposed pricing model should be less or equal to the case
that market prices are directly sent to consumers; therefore, in our
model K is always less or equal to 1. Energy provider’s proﬁt obtained
for different values of K (from 0.9 to 1) is depicted in Fig. 9. As it can be
seen from Fig. 9, energy provider’s proﬁt for K  0.946 in February 4
and K  0.961 in August 4 is greater than its proﬁt in the case that
market prices are directly sent to consumers (Case B). Therefore, this

can be an efﬁcient tool for energy provider to provide more incentive
to consumers to actively respond to hourly prices. On the other hand,
the service provider not only can improve his proﬁt, but also he can
meet other business objectives by including them in (1). Obviously,
using values beyond 1 for K would increase energy provider’s proﬁt.
Case C is simulated for K beyond 1 and the results show that by
increasing K, energy provider would offer relatively high prices at
most hours of the day. Also, the peak reduction would decrease
(Fig. 10). This is due to the fact that posting high prices at most hours
would not provide strong incentive for consumers to shift part of
their consumption and they would only reduce some part of their
demand at most hours of the day.
6. Conclusions
In this paper, within the context of smart grids, a novel dayahead real-time pricing model is presented. The regulatory
authority provides energy providers with the means to determine
electricity prices such that both consumers and energy providers
interests can be promoted. By using the proposed pricing model,
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each energy provider seeks to meet his/her business objectives (e.g.
maximize proﬁt) through offering optimal DA prices to consumers.
The energy provider optimally determines hourly DA prices
considering DA market prices, consumers’ consumption behavior
and distribution network data. These prices are then sent to
consumers equipped with smart meters, energy management
systems and a two-way communication. The proposed DA-RTP
model has been applied to a distribution test system with 320
consumers along with demand and market price curves of Ontario,
Canada and its currently used regulated tariffs. The results indicate
that applying the DA-RTP model results in ﬂatter demand curve,
lower losses, lower peak to peak distance and higher load factor.
Moreover, compared to the case that DA market prices are posted to
consumers, several economic indicators such as energy purchasing
cost from the wholesale market, consumers’ bill, and the energy
provider’s proﬁt can be improved as well. This pricing model
provides an opportunity to better utilize the strength of smart grids
in distribution systems.
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