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Abstract In this paper, a multi-stage stochastic model is

presented for a renewable distributed generation (RDG)-

owning retailer to determine the trading strategies existing

in a competitive electricity market. Uncertainties associ-

ated with wholesale electricity market price, clients’ con-

sumption and power output of wind resources are

considered through auto regressive integrated moving

average (ARIMA) approach. In the proposed method, three

trading floors are addressed for the retailer to hedge against

the uncertainties. In the first stage, the retailer participates

in day-ahead market to supply the clients and in the second

stage, intraday market is addressed to allow the retailer to

modify the schedule of its clients’ consumption/RDG

production. Due to unfavorable uncertainties, especially in

renewable power production, real-time market is consid-

ered in the third stage to diminish the uncertainty at power

delivery time. Cost function of wind resources considering

capital, operation and maintenance (O&M) cost is incor-

porated in the objective function to increase the applica-

bility of the mechanism. The proposed approach is

formulated for risk-averse and risk-taker retailer through

conditional value at risk (CVaR) approach. In order to

study the impact of retail strategies on consumption pattern

and consumers’ electricity bills, time-of-use (TOU)

demand response programs are discussed in this paper.

Formulating the problem, the mixed integer non-linear

programming (MILNP) problem is transformed into mixed

integer linear programming (MILP) by jointly using

decomposition and disjunctive constraints. Finally, a case

study containing wind power resources, energy storage

system and retailer is considered to analyze the proficiency

of the proposed approach.

Keywords Renewable, Retailer, Stochastic, Uncertainty,

Demand response

1 Introduction

In competitive electricity markets, retailers are new

marketers who purchase electricity from a wholesale

market at a variable price and sell it to the consumers based

on agreed tariff at the retail level [1, 2]. In the wholesale

market, retailers can purchase electricity from different

trading markets such as pool markets, bilateral contracts or

self-production facilities. In this regard, electricity price

uncertainty/volatility is the major challenge of the

retailer.

Regarding variables with imperfect data, electricity

price and load level are the main uncertain variables in a

retail problem. For this reason, many studies consider

electricity price and load level as the main uncertain

variables in their scheduling [3–12]. In general terms, as

more uncertain variables are considered, the optimization

problem becomes more complex, which usually increases

the time required to solve the problem.

Considering the retail problem with stochastic variables,

the probability distribution of uncertain data can be
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approximated by a collection of plausible sets of input data

with associated probabilities of occurrence. These sets are

called scenarios. In order to hedge against uncertainty in

variables, different scenario generation techniques are

discussed in previous studies. Auto regressive integrated

moving average (ARIMA) is the most common way to

generate scenarios in retail problems [4, 6, 7, 11]. More-

over, auto regressive moving average (ARMA), Monte

Carlo simulation approach [13, 14] and Roulette wheel

technique [15] are widely used in retail problems to fore-

cast the electricity price variations, hourly wind speed and

behavior of other rival retailers, respectively.

Retailers in wholesale electricity market can procure

electrical energy through two different resources including

wholesale markets and wholesale contracts. Considering

wholesale market, day-ahead market (DAM) [16–18], real

time market (RTM) [19, 20], intraday market (IDM) [19]

and reserve market (RM) [21] are the most common mar-

kets used by retailers to purchase their obligated energy.

Moreover, based on wholesale contracts, future contracts

[18], forward contracts [22, 23], call option [7] and swing

contracts [17] are typically used in different studies of

retail problems.

In retail electricity markets, consumers can adjust their

consumption pattern according to retailers’ offers or

incentives through demand response programs (DRPs).

Demand response can be defined as the changes in elec-

tricity usage by end-use customers from their normal

consumption patterns in response to changes in the price of

electricity over time [23]. Considering DRPs, different

retail pricing schemes are proposed in the technical liter-

atures [24]. Price based DRPs are based on dynamic pric-

ing rates in which electricity tariffs are not flat. These rates

include the time of use (TOU) rate [25], critical peak

pricing (CPP), extreme day pricing (EDP), extreme day

CPP (ED-CPP), and real time pricing (RTP) [26, 27].

In order to overcome the uncertainties of electricity

price and load level, some retailers prefer to procure some

blocks of their obligated energy from self-production

facilities [8–28]. In papers [8, 28] a thermal distributed

generation (DG) is considered as self-generation facility to

supply some blocks of energy. While most of the existing

technical literatures have focused on using conventional

DGs, there have been relatively few models discussing the

optimal strategies of renewable DG-owning retailers.

Decisions in retail market need to be made with lack of

perfect information; as a result, it motivates policy makers

of retail market to use stochastic programming approach in

their decision making process [29]. In addition, some

papers, especially in recent years, have been concentrated

on information gap decision theory (IGDT) [30] and robust

optimization program [8] to optimize the trading strategies

of the retail problem.

Among recent studies, reference [31] proposes a virtual

electricity retailer (VER) with different electricity pricing

strategies. The results show that the approach helps con-

sumers save electricity while maximizing VER profits. In

[32], a retail electricity market with high penetration of

distributed energy resources is presented. By using game

theory, the results demonstrate that the market players can

maximize their expected payoff/profit by undertaking

strategies through the price bidding strategy. Reference

[33] proposes a mathematical program with equilibrium

constraints determining retail electricity price for plug-in

electric vehicles (PEVs) coordinated by an aggregating

agent. Simulated analysis indicates that adequate compe-

tition in the retail market is necessary to limit the aggre-

gator’s monopolistic profitability. In [34], the behavior of

consumers towards flexible retail price is investigated. The

results indicate that the retailer should devise the flexible

procurement strategies according to the types of the con-

sumers in the price-based DR to reduce/increase the costs/

profit. In [35], interactions between a retailer and its cus-

tomers are modeled considering renewable energy resour-

ces. It is shown that whole benefits of renewable

integration go to the retailer when the capacity of renew-

able resources is relatively small. As the capacity increases

beyond a certain threshold, the benefit from renewable that

goes to consumers increases. Reference [36] investigates

the impact of annual short-term revenue of photovoltaic

(PV) systems for those households installing them and for

their electricity retailers. The results indicate that the

retailers’ revenue varies significantly according to the

actual performance of the PV system. Systems with poor

orientation/irradiation drive considerably smaller financial

flows than well installed and maintained systems.
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Fig. 1 Participation of retailers in electricity market
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The intermediary role of the energy retailers in elec-

tricity market is depicted in Fig. 1.

This paper presents a multi-stage stochastic program-

ming approach to determine optimal participation of a

renewable DG-owning retailer in a competitive structure of

electricity market. In this approach, the retailer can par-

ticipate in a wholesale market proposing its own hourly

offering curves. The retailer procures the required energy

of consumers from two different resources: � wholesale

market; ` renewable self-generation facilities. In whole-

sale market, the retailer participates sequentially in three

trading floors including day-ahead market, intraday market

and real time market. In this way, the retailer faces the

uncertainty of wholesale market prices and load levels. In

addition, due to renewable production facilities, the retailer

faces the intermittent power outputs of wind resources. In

contrast to the conventional DGs, renewable resources

increase the uncertain characteristics of the problem.

Therefore, the complexity of the problem is further

increased when the overall objective is to determine the

trading strategies for a renewable DG-owning retailer. To

study the impact of different energy storage systems (ESS)

on consumers’ electricity tariffs, different technologies of

electrical energy storage systems are considered in this

paper. The results show how the electricity tariffs will

change in response to the different charging/discharging

modes during optimal operation of ESSs. The uncertainties

are simulated through ARIMA approach. Moreover, in

order to reduce the computation time and increase

tractability of the problem, the size of generated scenarios

are modified by Kantorovich distance method. In order to

study the changes in electricity usage/electricity bills of

end-use consumers in response to the changes in electricity

price, demand response program considering elasticity

factor is discussed. Moreover, to strike a right balance

between risk and profit, risk study is incorporated in the

objective function of the problem through conditional

value at risk (CVaR) approach.

2 Conceptual framework

This section introduces the proposed multi-stage

stochastic model to specify the optimal trading strategies

for a renewable DG-owning retailer in retail electricity

markets. In this study, the retailer faces three kinds of

uncertainties including: wholesale electricity price, clients’

consumption and intermittent power output of wind

resources. In order to hedge against the uncertainties, the

retailer participates in a pool-based electricity market

which includes three successive short-term trading floors

as: � day-ahead market; ` intraday market; ´ real time

market.

First of all, day-ahead market takes place a day prior to

the energy delivery time. The retailer, equipped with

intermittent generation units, prepares offering curves

based on predicted uncertainties associated with electricity

price, clients’ consumption and wind power generation. In

fact, the retailer, in this paper, is both the purchaser of

electricity for its consumers and the seller of surplus of

energy due to its wind power generation. Therefore, it

prepares optimal offering curves which could optimize its

trading strategies during the next 24 hours. In this paper,

the retailer has no market power capability in either of the

aforementioned market floors to change the electricity

market clearing price (MCP). In the other words, the

retailer only makes decision about purchasing/selling

deficit/surplus of energy depending on its predicted elec-

tricity price, clients’ demand and intermittent power output

of wind resources. Moreover, to evaluate the impact of

different ESSs on electricity tariff of consumers, some

well-known technologies of electrical energy storage sys-

tems, including Advanced Lead-Acid, Pumped Hydro and

Sodium Sulfur with different efficiency and operation and

maintenance costs are considered. In this way, the impacts

of charging/discharging modes on changing electricity

tariff for the consumers during the next 24 hours are

evaluated. The mentioned measures are incorporated into

the first step of proposed stochastic programming approach

in this study.

Secondly, due to integration of renewable energy to the

electricity market, an intraday market is considered

between the closure of the day-ahead market and the

beginning of energy delivery time to make it possible to

take corrective actions. The intraday market is a trading

floor with a planning horizon similar to that of the day-

ahead market, where the retailer participates in order to

make final adjustments to the energy previously traded for

each period of the next day. Intermittency of power output

for wind resources is strongly dependent on the magnitude

of the time interval up to its realization. The intraday

market takes place 10–60 minutes prior to energy delivery

horizon; therefore, this market allows intermittent DG-

owning retailer to incorporate into their offers the certainty

gained on generation availability during the time interval

between day-ahead market and energy delivery time by

updating its production/consumption forecasts and hence,

reducing the associated uncertainties. In addition, the

retailer can modify its production/consumption pattern in

response to unforeseen events, e.g. unexpected DG failures

or sudden changes in clients’ behavior. In this study, the

corrective actions in the intraday market are interpreted as

second stage of stochastic programming approach. Note

that the retailer participates in the intraday market as a

price-taker entity.
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The real time market is the trading floor in power market

to ensure the balance between energy supplied by pro-

ducers and energy demanded by the clients on a real-time

basis. Regarding retail market, any retail agent, especially

intermittent DG-owning retailers, expecting a final power

schedule below or above the last power schedule resulting

from trading in day-ahead and intraday market is motivated

to amend its energy deviations through real time market. In

this paper, a two-price based real time market is considered

for balancing power deviations. The proposed mechanism

motivates the DG-owning retailers to schedule power

production or consumption with precision to make more

profit staying in business. Balancing measures in the real

time market is interpreted as the third stage of proposed

stochastic programming approach. Note that the retailer is

considered as a price-taker participant in this trading

floor.

In this paper, the retailer has no market power capability

in either of the aforementioned market floors. The objec-

tive function of the problem is to maximize expected profit

from participation in day-ahead market and intraday mar-

ket and minimize the expected cost imposed by energy

deviations in real time market. Moreover, the cost function

of wind resources considering capital investment cost and

operation and maintenance cost is incorporated in the

objective function.

To study the impact of retail strategies on end-use

consumption pattern and electricity bills, a price-based

demand response as TOU program are addressed in this

paper. In order to strike a right balance between risk and

profit, the proposed framework is evaluated for risk-taker

and risk-averse retailer through CVaR criteria.

With considering the above framework, the contribu-

tions of this paper are summarized as follows:

1) Proposing a retailer cost function considering inter-

mittent power output of self-renewable production

facilities.

2) Presenting a method to achieve an optimal electricity

bidding/offering strategy for retailers considering a

dual role (a purchaser of clients’ obligated demand

and/or seller of surplus of renewable energy) rather

than a single role (a purchaser in the conventional

studies).

3) Analyzing the impact of demand response programs

on consumption pattern and consumers’ electricity

bills.

4) Studying the impact of different ESS technologies and

charging/discharging modes on the consumers’ elec-

tricity tariffs.

To sum up, Fig. 2 depicts the DG-owning retailer’s

problem.

3 Proposed multi-stage stochastic model

This section introduces the proposed multi-stage

stochastic model to specify optimal strategies of the retailer

emphasizing increased use of green energy portfolio. First,

we describe the procedure of determining maximum

expected profit. The profit function of retailer consists of

the revenue from the sale of energy to the wholesale market

floors and customers minus the electricity acquisition costs

from different wholesale market floors and intermittent

DGs. These components are calculated as below:

maxPDA
t;S

ðxÞ;PID
t;S
ðxÞ;PRT

t;S
ðxÞ;PDA

t;P ðxÞ;PID
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where t, x, i and j are the indices of time, scenarios,

renewable-self production units and energy storage systems,
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Fig. 2 Schematic diagram showing the participation of the intermit-

tent DG-owning retailer in electricity market
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respectively. In this way, NT, Nx, NDG and NESS refer to the

number of time hours, scenarios, wind resources and storage

systems. Regarding the electricity price variables, kDAt , kIDt
and kRTt present the electricity price of day-ahead, intraday

and real-time markets, respectively. Moreover, kDt indicates

the consumption tariff. Considering the traded power vari-

ables, PDA
t;S PDA

t;P

� �
, PID

t;S PID
t;P

� �
, PRT

t;S PRT
t;P

� �
are sold (pur-

chased) power in (from) day-ahead, intraday and real-time

markets, respectively. Note that the subscripts S and P show

the sold and purchased power in electricity market, respec-

tively. In addition, PD
t and PW

t;iare the load level and wind

power, respectively; Pdis
ESS and Pch

ESS are discharging and

charging power of storage units, respectively; COM
W and COM

ESS

are operation-maintenance cost of wind power units and

energy storage systems, respectively. Furthermore,CCI
i is the

capital investment cost of wind generation unit i. Regarding

CVaR variables, a and b are confidence level and risk

aversion factor, respectively. Moreover, f and l(x) are

auxiliary variables of CVaR approach. Note that p(x) shows

the probability of the occurrence of scenario x.

The first term in (1) denotes the income from selling

energy to the clients. The next three terms represent net

income from selling energy to day-ahead market, intraday

market and real time market, respectively. The fifth term

denotes maintenance-operation and capital investment cost

of wind resources. The sixth and seventh terms describe the

objective function of the scheduling problem associated

with energy storage systems. Finally, the last term indicates

the CVaR(1-a) risk measure approach for the random

parameters which their probability distribution functions

are approximated through scenarios.

As mentioned before, a two-price-based structure is

considered for deviations of balancing power in real time

market. In this regard, the deviations that are in the

opposite direction to the overall power system imbalance,

which help the power system restore the balance between

production and consumption, are priced at the day-ahead

market price. On the contrary, imbalances of the same sign

as that of the system are settled at the clearing price of the

balancing market. Finally, two basic laws are introduced

for operation of real time market as follows [38]:

1) If there is a deficit of generation in the power system

or the power system imbalance is negative:

kRTðþÞ
t ¼ kDAt 8t 2 Nt

kRTð�Þ
t ¼ kCRTt

kCRTt � kDAt

������
8t 2 Nt

8
>>><

>>>:
ð2Þ

2) If there is an excess of generation in the power system

or the power system imbalance is positive:

kRTðþÞ
t ¼ kCRTt

kCRTt � kDAt

������
8t 2 Nt

kRTð�Þ
t ¼ kDAt 8t 2 Nt

8
>>><

>>>:
ð3Þ

Considering two mentioned laws for real rime market,

financial transaction of the real time market (FTRT), the

forth term of (1), can be restated as follows:

FTRT ¼ kRTt ðxÞ PRT
t;S � PRT

t;P

� �

¼
kRTðþÞ
t ðxÞDPtðxÞ 8DPtðxÞ� 0

kRTð�Þ
t ðxÞDPtðxÞ 8DPtðxÞ\0

�����
ð4Þ

where kt
RT(?) and kt

RT(-) are electricity prices for positive

and negative imbalances at real time market, respectively;

kt
CRT and DPt are cleared electricity price and power

deviation at real time market, respectively.

The objective function of (1) with considering (4) can-

not be solved through optimization techniques, because the

real time financial transaction, problem (4), is a piecewise

function. To solve the problem, by defining a binary vari-

able xt(x), the problem (4) can be restated as:

FTRT ¼ kRTðþÞ
t ðxÞDPtðxÞð1 � xtðxÞÞ

� �h

þ kRTð�Þ
t ðxÞDPtðxÞxtðxÞ

� �i ð5Þ

s:t: 8t 2 NT ; 8x 2 Nx :

DPtðxÞ�Mð1 � xtðxÞÞ
DPtðxÞ� �MxtðxÞ

����
ð6Þ

xtðxÞ ¼ 1 DPtðxÞ\0

xtðxÞ ¼ 0 DPtðxÞ� 0

���� ð7Þ

where M is a large positive number. Considering problem

(5)–(7), the objective function, problem (1), is transformed

into a mixed integer non-linear programming (MILNP)

problem which has been proved to be less tractable than

expected. Therefore, the proposed problem is transformed

into mixed integer linear programming (MILP) by jointly

using a simple decomposition and the disjunctive

constraints. Thanks to the mentioned transformation, the

problem (5)–(6) can be reformulated as:

FTRT ¼ kRTðþÞ
t ðxÞDPþ

t ðxÞ
� �

� kRTð�Þ
t ðxÞDP�

t ðxÞ
� �h i

ð8Þ
s:t: 8t 2 NT ; 8x 2 Nx

0�DPðþÞ
t ðxÞ�M1ð1 � xtðxÞÞ

0�DPð�Þ
t ðxÞ� �M2xtðxÞ

DPtðxÞ ¼ DPðþÞ
t ðxÞ � DPð�Þ

t ðxÞ

8
>><

>>:
ð9Þ
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where DPt
(?) and DPt

(-) are positive and negative imbal-

ances, respectively.

According to simple reasoning [37], M1 and M2 can be

fixed to appropriate constant values. M1 can be fixed to the

summation of total wind power generation of all intermit-

tent DGs, clients’ demand and total ESSs’ nominal power.

The reason is that maximum positive energy deviation in a

real time market occurs in scenarios where no wind power

is forecasted for sale in day-ahead and intraday markets

and similarly, in scenarios where clients purchase energy

from these two trading markets, but the intermittent DGs

eventually produce wind power during that period and

clients do not purchase any amount of energy at the same

period. Moreover, considering ESS, the worst case occurs

in scenarios where the full power capacity of ESSs is

scheduled to be charged in day-ahead market, but no power

is sold in the time between day-ahead market and real time

market.

Regarding M2, maximum negative deviations occur in

scenarios where the full power capacity of all intermittent

DGs is sold in day-ahead and intraday markets and in the

same way, in scenarios where no clients purchase energy

from these two trading floors, but the intermittent DGs

eventually do not produce any amount of wind energy

during that period and clients purchase energy at the same

period. Moreover, considering ESS operation, the worst

case occurs in scenarios where the full power of ESS is

charged in the day-ahead and intraday markets, but no

amount of energy can be delivered to the consumers due to

unexpected failures/events.

Therefore, M1 and M2 can be fixed to constant values as

follows:

8t 2 NT ;

8x 2 Nx

M1j j ¼
PNDG

i¼1

PW
t;iðxÞ þ PD

t ðxÞ þ
PNESS

j¼1

Pnom
ESSj

M2j j ¼
PNDG

i¼1

P
W ;max
i þ PD

t ðxÞ þ
PNESS

j¼1

Pnom
ESSj

���������

ð10Þ

where Pnom
ESS is the nominal power of ESS; and Pi

W,max is the

installed capacity of wind turbine i.

Finally, the MINLP problem can be stated as a MILP

problem which is tractable ensuring existence of theoretical

results. In the next sub-sections, the objective function and

constraints are described.

3.1 Objective function

The objective function of the retailer is to maximize its

profit from participating in three trading floors emphasizing

increased use of distributed wind generation. The final

MILP problem can be reformulated as follows:

maxPDA
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where PDA
t , PID

t and PRT
t are the net powers traded in day-

ahead, intraday and real-time markets, respectively.

The objective function (11) comprises five terms: � the

expected profit from selling energy to the clients ` the

expected profit from trading in three market floors ´ cost

function of renewable DGs as operation, maintenance and

capital investment costs ˆ the objective function of energy

storage systems, including purchasing (charging) power

from day-ahead market, selling (discharging) power to the

real time market/consumers and operation and maintenance

costs function ˜ the CVaR(1-a) risk measure approach

multiplied by the weighting factor to evaluate risk bearing

capability of risk-taker/risk-averse retailers.

3.2 Constraints

The operational constraints of the DG-owning retailer

are modeled as follows:

3.2.1 Power traded in day-ahead and intraday markets

These constraints refer to the amount of power traded in

day-ahead and intraday market as follows:

PDA
t ðxÞ ¼ PDA

t;S ðxÞ � PDA
t;P ðxÞ ð12Þ

PID
t ðxÞ ¼ PID

t;SðxÞ � PID
t;PðxÞ ð13Þ

�PD
t ðxÞ�PDA

t ðxÞ�PD
t ðxÞ þ

XNESS

j¼1

Pnom
ESSj

ð14Þ
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�ðPD
t ðxÞ þ

XNESS

j¼1

Pnom
ESSj

Þ�PID
t ðxÞ�

XNDG

i¼1

P
W ;max
i þ

XNESS

j¼1

Pnom
ESSj

ð15Þ

Constraints (12)–(13) describe the net amount of power

traded in day-ahead market and intraday market,

respectively. Constraint (14) limits the amount of power

traded in day-ahead market to the summation of clients’

demand and total ESSs’ nominal power. Constraint (15)

limits the amount of power traded in intraday market to the

summation of the total installed capacity of wind resources

and total ESSs’ nominal power. The main reason for

limiting the power traded in day-ahead and intraday

markets is to prevent from speculating in the retail market.

3.2.2 Energy deviations in real time market

Due to inherent limitations of real time generation, the

amount of power traded at real time market must be within

a reasonable bound to prevent large variations in electricity

price in response to high demand requests:

0�DPðþÞ
t ðxÞ�

XNDG

i¼1

PW
t;iðxÞ þ PD

t ðxÞ þ
XNESS

j¼1

Pnom
ESSj

 !

ð16Þ

0�DPð�Þ
t ðxÞ�

XNDG

i¼1

P
W ;max
i þ PD

t ðxÞ þ
XNESS

j¼1

Pnom
ESSj

 !

ð17Þ

Constraints (16)–(17) specify the positive and negative

energy deviations, respectively in the real time market.

3.2.3 Capacity limit of wind DGs

The power generation of renewable resources, should be

within the allowed capacity thresholds during all scenarios

and periods, as follows:

P
W ;min
i �PW

t;iðxÞ�P
W ;max
i ð18Þ

3.2.4 Energy storage system

The scheduling problem of the energy storage system is

presented as the forth term in the objective function (11).

The energy storage operation is optimized under the con-

straints given as follows:

EESS
j;t ¼ EESS

j;t�1 þ gchESSjP
ch
ESSj;t

� �
� gdis�1

ESSj
Pdis
ESSj;t

� �
ð19Þ

0�Pch
EESj;t

�Pnom
ESSj

ð20Þ

0�Pdis
EESj;t

�Pnom
ESSj

ð21Þ

0�EEESj;t
�Enom

ESSj
ð22Þ

where Ej,t
ESS is total stored energy at storage system j and

time t; EESS
nom is nominal capacity of energy storage system;

gESS
ch is charging efficiency and gESS

dis is discharging effi-

ciency of ESS.

Constraint (19) describes the energy stored at time

t considering indirect costs of losses through the charging/

discharging efficiency parameters. Constraints (20)–(21)

confine the charging/discharging of active power to the

nominal power. Restriction on total stored energy at each

time is presented through constraint (22).

3.2.5 Energy balance

During market operation, for each period and scenario,

total generation of renewable resources plus purchased power

from wholesale market should be equal to the sold power to

the wholesale market plus the clients’ demand. Therefore, the

energy balance constraint can be stated as follows:

DPþ
t ðxÞ þ PW

t;iðxÞ ¼ PD
t ðxÞ þ DP�

t ðxÞ þ PDA
t ðxÞ

þ PID
t ðxÞ ð23Þ

3.2.6 CVaR(1-a) risk measurement

The constraints to describe the risk metric CVaR(1-a)

are formulated as (24)–(25):

�
XNT

t¼1

pðxÞ � kDt � PD
t ðxÞ

� �
" #

�
XNT

t¼1

pðxÞ �
h
kDAt ðxÞ � PDA

t þ kIDt ðxÞ � PID
t

"

þ
h

kRTðþÞ
t ðxÞ � DPþ

t ðxÞ
� �

� kRTð�Þ
t ðxÞ � DP�

t ðxÞ
� �ii#

þ
XNT

t¼1

XNESS

j¼1

pðxÞ � Pdis
ESSj;t

ðxÞ � kDt ðxÞ
�h"

� Pch
ESSj;t

ðxÞ � kDAt ðxÞ
�
� Pdis

ESSj;t
ðxÞ þ Pch

ESSj;t
ðxÞ

� �
� COM

ESSj

i#

þ
XNT

t¼1

pðxÞ � COM
i � PW

t;iðxÞ
� �

� CCI
i

� �" #

þ f� lðxÞ� 0 8x 2 Nx

ð24Þ

lðxÞ� 0

8x 2 Nx

(
ð25Þ

Note that if all profit scenarios are equiprobable,

CVaR(1-a) is computed as the expected profit of the
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(1 - a) 9 100% worst scenarios. Moreover, the

CVaR(1-a) multiplied by the weighting factor b enables

us to study the risk bearing capability of the retailer

considering stochastic wind production.

3.2.7 Demand response

Through demand response programs, some consumers

shift their demands from peak demand durations (with high

electricity price) to off-peak demand durations (with low

electricity price) to reduce the cost of electricity bills. In

this way, some consumers may be able to increase their

total energy consumption without having to pay additional

cost through shifting non-essential demands from peak

periods to off-peak periods. On the other hand, some

consumers can decrease the cost of monthly electricity bills

by shifting their demands. In this paper, the consumers

participate in TOU demand response program as described

in Fig. 3 [8]. The white part of demands in this figure is

delay intolerant (DI) demands which does not participate in

demand response program and the other section demon-

strates the delay tolerant (DT) demands which can be

shifted from one period to the other periods in response to

the electricity price differences. Mathematically, shifting

pattern of demand response program can be stated as fol-

lows [8]:

PD
t ¼ PDI

t þ PDT
t ð26Þ

PD
t ¼ ð1 � DRtÞPD

t�1 þ PDT
t ð27Þ

PD
t�1 ¼ ðDRtP

D
t�1Þ þ PD

t � PDT
t ð28Þ

where Pt
DI is the delay intolerant demand; Pt

DT is the delay

tolerant demand; Pt-1
D is the demand level before DRP

implementation; and Pt
D is the demand level after DRP

implementation.

In this way, DRt denotes the model of consumers’

response to the offered electricity price. In this paper, a

combined demand function, including linear-potential-ex-

ponential-logarithmic response is applied to model inte-

grated consumers with various load patterns [9]:

DRt ¼ P
DT;lin
t�1 1 þ elin

kDt � kDt0

kDt0

" #
þ P

DT ;pot
t�1

kDt
kDt0

" #epot

þ P
DT;exp
t�1 � exp eexp

kDt � kDt0

kDt0

" #
þ P

DT;log
t�1 �

exp 1 þ elog ln
kDt
kDt0

" #
ð29Þ

DRt �DRmax ð30Þ

where DRmax is the maximum level of load participation in

DR Program; elin, epot, eexp and elog are elasticity factors for

liner, potential, exponential and logarithmic load functions,

respectively.

Constraint (30) limits the amount of DR in each period

of scheduling to a predefined maximum level.

3.2.8 Non-increasing offering curve

The retailer, in this paper, participates in competitive

day-ahead electricity market to purchase/sell clients’ con-

sumption/wind power production. Regarding the non-in-

creasing condition for offering curves prepared for

participation in the day-ahead market, the following con-

straints must be satisfied during participation in a day-

ahead market:

8t 2 NT ; 8ðx;x0Þ

2 Nx
PDA
t ðx0Þ �PDA

t ðxÞ kDAt ðxÞ\kDAt ðx0Þ
PDA
t ðx0Þ ¼ PDA

t ðxÞ kDAt ðxÞ ¼ kDAt ðx0Þ

�����
ð31Þ

4 Uncertainties characterization

Probabilistic forecasts give substantial information

about the characteristics of the stochastic process of

interest, i.e., renewable power production, clients’ demand

and electricity market price which are considered in this

study as the main uncertain variables. To hedge against the

uncertainties, different realizations of wind power, clients’

demand and electricity price are modeled using the sce-

nario generation process. In this regard, scenarios issued at

time t and for a set of K successive lead times, are samples

of the predicted cdf of uncertain variables. They consist in

a set of J time trajectories as follows [37, 38]:

ẑ
ðjÞ
t ¼ ŷ

ðjÞ
tþ1 tj ; ŷ

ðjÞ
tþ2 tj ; . . .; ŷ

ðjÞ
tþK tj

h iT

8j 2 1; 2; . . .; Jf g ð32Þ

where ŷtis the time trajectories of uncertain variables.

In order to overcome the uncertainties associated with

wind power of intermittent DGs, ARIMA approach [39] is

used as scenario generation approach. The distribution

function of wind speed is regularly considered using a

Delay intolerant

Delay tolerant

+(1 DRt)Pt 1
DPt

DT

=(1 DRt)Pt 1
DPt

DI

Pt
DT

Fig. 3 Schematic description of delay tolerant and delay intolerant

demand in DR program
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Weibull distribution function [40]. On this basis, in this

paper, Weibull distribution function has been considered to

model the wind speed. Moreover, to calculate the produced

power, corresponding to a specific wind speed, mathe-

matical expression in accordance with [40] for wind power

curve considering cut in, cut out and rated wind speed

limitations is used.

In this study, the retailer generates a price distribution,

i.e. equilibrium prices are defined by a probability density

function, indicating the range of prices that the retailer may

pay in trading floors of electricity market. In this paper,

uncertainties associated with electricity price and load

levels are modeled through ARIMA-based time series

forecasting model. Moreover, in order to reduce the com-

putation time and increase tractability of the problem, the

size of generated scenarios are modified by Kantorovich

distance method [39]. To sum it up, the stochastic decision

variables can be stated as following:

Nx ¼
�
PDA
t ðxÞ;PID

t ðxÞ;PRT
t ðxÞ;DPþ

t ðxÞ;DP�
t ðxÞ;

Pch
ESS;P

dis
ESS; nðxÞ; lðxÞ

� ð33Þ

5 Numerical studies

5.1 Data

In this study, a single day (24 hours) is considered with

its demands, electricity price and wind power uncertainties.

To describe price behavior in the day-ahead market,

intraday market, real time market and demand behavior of

end-use consumers, seasonal ARIMA models are used. In

addition, non-seasonal ARIMA approach is used to simu-

late the behavior of wind power generation. The historical

data used for the fitting process of electricity price and

demand level belong to the electricity market of the PJM

[41]. The key feature of PJM market is that the extracted

data is realistic information of an applicable market which

can increase the applicability of the studies.

The data correspond to the days between July 2015 and

December 2015. Moreover, the wind historical data is

extracted from Ottawa, Canada climate data [42]. We

consider a wind farm having 42 2-MW Gamesa G87/2000

commercial wind generators [43]. The total installed wind

power capacity of the wind farm is therefore 84 MW. It is

assumed that the maintenance and operation costs of the

wind turbines are 4 $/MWh, and the wind turbine capital

cost is equal to 658 $/hour [9].

It is supposed that the retailer of the problem can pro-

cure 10% of the total demand of the PJM electricity mar-

ket. The ARIMA models (p, d, q) 9 (P, D, Q)S fitted for

the day considered in this paper are provided in Table 1.

The scenarios associated with the uncertain amount of day-

ahead electricity price are depicted in Fig. 4. Figure 5

describes ratio of real time electricity price to day-ahead

electricity price for PJM market between July 2015 and

December 2015. Classifications of load levels are illus-

trated in Table 2.

The initial number of generated scenarios for demand,

day-ahead market price, intraday market price and real

time market price is 50 (1200), 50 (1200), 50 (1200) and 50

Table 1 Time series based ARIMA models

Stochastic variable Time series based ARIMA model

Demand Seasonal ARIMA (1, 0, 1) 9 (1, 2, 1)24

Electricity price Seasonal ARIMA(1, 0, 1) 9 (1, 1, 1)24

Wind speed Non-seasonal ARIMA (1, 0, 1)

Fig. 4 Day-ahead electricity price scenarios

Fig. 5 Ratio of real time electricity price to day-ahead electricity

price during a 6-month period (Ratio = 1)

Table 2 Daily demand levels

Level Hours of the day

Valley 1, 2, 3, 4, 5, 6, 7

Shoulder 8, 9, 10, 11, 12, 13, 14, 15, 16, 23, 24

Peak 17, 18, 19, 20, 21, 22
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(1200) for one hour (one day), respectively. Moreover, the

initial number of scenarios simulated to characterize the

wind speed between the closures of day-ahead market and

intraday market is 25 (600). In addition, 50 (1200) sce-

narios are generated for wind speed realization after

intraday market. The large number of original total sce-

narios yields an optimization problem which is intractable.

To achieve tractability, the size of scenarios is reduced

through Kantorovich distance approach. Consequently, the

number of scenarios is reduced to 5, 10, 10, 10 scenarios

for demand, day-ahead market price, intraday market price

and real time market price, respectively. In addition, the

number of scenarios for wind speed is reduced to 3 and 5

for the first and second time durations, respectively. As a

result, total number of reduced scenarios equals to 75000

scenarios which is tractable.

5.2 Results and discussions

The retail strategy problem is formulated as an MINLP

problem which is transformed into MILP by jointly using a

decomposition and the disjunctive constraints and solved

using CPLEX 12.5.1 solver in GAMS 24.1.2 software [44]

on Intel Pentium CPU at 2 GHz and 1 GB of RAM.

Considering the objective function (11) with the asso-

ciated constraints (12)–(31), non-increasing offering curves

of the retailer for participation in hourly day-ahead market

are depicted in Fig. 6a–d for different time durations. In

this way, for each hour of the 24-hour duration, an indi-

vidual offering curve is proposed. It is worth mentioning

that the retailer has no market power capability in either of

the aforementioned market floors to change the MCP of the

electricity market. In the other words, the retailer only

makes decision about purchasing/selling deficit/surplus of

energy depending on its predicted electricity price, clients’

demand and the power output of renewable resources to

optimize its trading strategies. The hourly offering curves

are depicted in four different subfigures to prevent from

intersecting and lack of clarity.

As are shown in the offering curves, the retailer is able

to offer a price curve in each hour of day-ahead market. It

is evident that the offering curves vary noticeably from

hour 1 to hour 24. These curves provide the fundamental

information which is required by a retailer to participate in

an hourly competitive day-ahead market.

Figure 7 describes the energy purchased from day-ahead

market for different risk aversion factors (b) considering

with and without DRP. Wind penetration factor (WPF)

refers to the available capacity of wind energy resources.

Reduction in WPF from 100% to 50% means that the

available capacity of wind resources decreases from orig-

inal capacity of 84 MW to 42 MW. According to the fig-

ure, as the wind penetration decreases, the retailer

purchases more energy from day-ahead market. Moreover,

the amount of energy purchased from day-ahead market

increases with increasing b. The amount of energy differ-

ence between b = 0 and b = 3 decreases from 36 MWh to

19 MWh with decreasing WPF from 100% to 50%. In

addition, the amount of energy purchased from day-ahead

market with considering DR increases slightly.

Fig. 6 Non-increasing offering curves of retailer for participation in

day-ahead market Fig. 7 Energy purchased from day-ahead market
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Figure 8 illustrates the amount of energy sold to intra-

day market. In contrast to Fig. 7, the amount of energy sold

to intraday market decreases significantly with increasing

the risk aversion factor b. In addition, as the wind pene-

tration decreases, the energy sold to the intraday market

decreases considerably.

Figures 9 and 10 depict the amount of energy traded in

real time market for positive and negative energy imbal-

ances, respectively. As can be seen from Fig. 9, the amount

of energy sold to real time market increases with increasing

b. On the other hand, according to Fig. 10, as the risk

aversion increases, the percent of procurement from real

time market decreases. In fact, a risk averse retailer prefers

to increase/decrease the amount of energy sold/purchased

to/from the real time market. Also, Figs. 9 and 10 show

that the amount of energy traded in negative deviations is

more than positive deviations of the real time market.

Considering Figs. 7, 8, 9 and 10, as wind penetration

decreases (which is interpreted as reduction in power

resource uncertainty), the retailer prefers to procure less

energy from market floors which are closer to the delivery

time of energy. In contrast, the share of electricity pro-

curement from day-ahead market (which has the lowest

uncertainty in price variation) increases with decreasing the

wind penetration.

Figure 11 shows the load profile for the study horizon

considering with and without DR. The DR program is

Fig. 8 Energy sold to intraday market for different b

Fig. 9 Energy traded in real time market for positive imbalances

Fig. 10 Energy traded in real time market for negative imbalances

Fig. 11 Consumers load profile considering with and without DR
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considered in this figure with elasticity factor -0.02. As can

be seen from the graph, DRP implementation has flattened

the load profile and decreased the maximum level of

demand in different TOU periods. Applying DR program,

some responsive consumers shifted their demands from

peak duration to shoulder/valley periods.

Figure 12 describes the profit of retailer for different

risk aversion and elasticity factors. As the graph reveals,

the profit of retailer decreases with decreasing wind pen-

etration. In contrast, DRP implementation has resulted in a

significant rise in the profit of retailer. Similarly, as the

elasticity factor increases, the profit of retailer increases

moderately. It is evident that when more responsive con-

sumers are considered in the program, the profit of retailer

rises considerably. The reason is that the retailer reduces its

energy procurement cost through purchasing less energy

from peak durations (with high electricity price). In addi-

tion, it can be seen that a risk-taker retailer (with lower b)

makes more profit in contrast to a risk averse retailer (with

higher b).

Figure 13 depicts the cost paid by end-use consumers

for electricity bills during a 24-hour period. Based on the

graph, we can say that as the elasticity factor increases, the

portion of consumers who shift their demands from peak

period to shoulder/valley periods increases.

Table 3 describes the amounts of cost paid by the end-

use consumers as a function of elasticity factor. The results

clearly show that by increasing the elasticity factor, the

cost of electricity bills paid by consumers reduces

moderately.

Implementing DRP, DT consumers shift their demands

from peak periods to off-peak periods to reduce the cost of

electricity bills. In this way, these consumers maintain the

same level of their total energy consumption with paying

less cost through shifting non-essential demands from peak

periods to off-peak periods. It is most evident that DRP

implementation increases the profit of retailer and decrea-

ses the cost paid by the end-use consumers; consequently,

it can be interpreted as a win-win game for both the retailer

and consumers.

Fig. 12 Profit of retailer for different b and elasticity factor

Fig. 13 Cost paid by consumers during 24 hours

Table 3 Consumers’ electricity bills for different elasticity factors

Elasticity factor Consumers’ electricity bill

Paid cost ($) Reduction (%)

0 104,812.7 0

- 0.02 102,581.1 2.12

- 0.07 101,890 2.78

- 0.09 101,048.3 3.59

- 0.15 98,505.19 6.01

- 0.2 96,364.84 8.06

- 0.3 92,025.18 12.2

Table 4 Impact of DRP and wind penetration on CVaR

b Conditional value at risk (CVaR)

With DR

WP = 100%

Without DR

WP = 100%

Without DR

WP = 50%

0 - 3299.83 - 3513 - 3099.47

0.25 518.18 523.22 372.35

0.5 527.70 532.51 374.67

0.75 530.96 535.54 375.38

1 533.08 537.65 375.70

2 536.16 541.02 376.43

3 537.32 542.27 376.58

744 Hessam GOLMOHAMADI, Reza KEYPOUR

123



Table 4 illustrates the amount of CVaR for different risk

aversion factors considering with and without DRP. For

three case studies, the amount of CVaR increases with

increasing the risk aversion factor. It means that when the

retailer is more risk averse, the risk bearing capacity will

decrease, and the trading strategy will be more conserva-

tive. In addition, implementation of DRP and reduction of

wind penetration confine the variation of CVaR for a risk-

taker retailer.

In order to study the behavior of ESSs towards retail

strategies, the interaction of energy storage systems and

electricity tariffs for the end-use consumers is evaluated

through developing two different key concepts as follows:

1) What are the impacts of different ESS technologies on

the electricity tariffs?

2) How do the electricity tariffs change when ESSs

operate in charging/discharging modes?

Table 5 describes the characteristics of three ESSs with

different technologies [45] considered in this paper.

To study the behavior of the ESSs, three storage tech-

nologies with nominal active power of 40 MW are con-

sidered in this paper. Figures 14 and 15 describe the

variations of electricity tariffs in the presence of different

ESS technologies for dynamic pricing and TOU pricing,

respectively. As the graphs reveal, for all the ESS tech-

nologies, the electricity prices increase during off-peak

periods, while they decrease during peak hours.

Generally, it is most evident that the presence of ESSs

has flattened the profile of electricity price. Furthermore, it

is shown that applying lead-acid storage system makes the

most reduction in the electricity price during the peak

periods. Considering the Pumped Hydro and Sodium-Sul-

fur in the second and third orders, respectively, we can say

that the ESS with more charging/discharging efficiency and

less operation cost has the most impact on reduction of

electricity price.

Besides, Figure 16 depicts the charge/discharge

scheduling of ESS during the study horizon. Based on the

graph, we can say that the ESSs are in charging mode

during the off-peak hours and are in discharging mode

during the peak hours. As can be seen from Figures 14, 15

and 16, charging modes of ESSs increase the electricity

tariff, while discharging modes decrease them gradually.

In order to study the risk sensitivity of the trading

strategies with respect to different probability distribution

functions (PDF) of the uncertain variables, Monte Carlo

Table 5 Characteristics of ESSs (Megawatt-scale applications)

ESS technology Efficiency for total cycles (%) O&M cost ($/MWh)

Range Set point Range Set point

Sodium-sulfur N/A 75 5.2–5.5 5.2

Pumped hydro 80–82 82 4.2–4.3 4.3

Advanced lead-acid 85–90 90 4.25–4.75 4.25

Note: N/A denotes unavailability of data

Fig. 14 Interaction of electricity price and ESS technologies for

dynamic pricing

Fig. 15 Interaction of electricity price and ESS technologies for

TOU pricing
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analysis is carried out. Monte Carlo analysis provides a

useful means for quantifying the level of uncertainty pre-

sent in an assumption through changing one uncertain

variable while keeping the others constant. In this paper,

three kinds of uncertainties are considered in the problem,

including electricity price, clients’ consumption and wind

speed. In the sensitivity analysis, different distribution

functions were applied to each variable and 8000 trials

were performed to study the impact of different PDFs on

CVaR.

Figure 17 illustrates the statistical variations of risk

criteria (CVaR) with respect to four electricity price PDFs,

including Normal, Weibull, Log-normal and generalized

extreme value (GEV) distributions [46, 47]. To provide a

detailed analysis, the electricity price is divided into three

levels: low, median and high price levels. The high price

data are the prices higher than l ? r, in which l is the

mean price and r is the standard deviation of the price. The

low price data are the prices lower than l - r. Other price

data are considered as the median price data. The results

show that Normal PDF imposes a low risk on the retailer in

low price data, while it imposes a high risk in the high price

data. In contrast, Log-normal PDF imposes a low risk in

high price data. In fact, the electricity price does not follow

the normal distribution in high price data, and it should be

considered as logarithmic normal distribution if there were

some price spikes, because the price spikes influence the

statistical properties of electricity price. Furthermore,

Weibull and GEV PDFs result in more risk in contrast to

the Normal and Lognormal PDFs.

The risk sensitivity of the trading strategies with respect

to demand PDF is depicted in Fig. 18. As the box-plot

reveals, Normal PDF is an appropriate distribution for low

Fig. 16 Optimal operation of ESSs

Fig. 17 Risk sensitivity with respect to electricity price PDFs

Fig. 18 Risk sensitivity with respect to demand PDFs

Fig. 19 Risk sensitivity with respect to wind speed PDFs
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load data whereas Lognormal PDF seems to impose a

lower risk on the retailer in high load data in contrast to the

other PDFs. The results clearly show that by decreasing

(increasing) the clients’ consumption, the statistical and

distributional characteristics of the electrical load incline

toward the statistical properties of the Normal (Lognormal)

distribution.

Figure 19 describes the risk sensitivity of the trading

strategies with respect to the conventional wind speed PDFs.

In this way, the wind regime is divided into two levels,

including median speed and high speed. The median speed

considers the wind speed between cut-in and rated speed.

The high speed covers the speed values higher than the rated

speed and lower than the cut-off speed. Regarding the graph,

we can say that Weibull PDF imposes a lower risk on the

retailer in contrast to Lognormal and GEV distributions.

Moreover, the level of risk imposed on the retailer is lower in

high speed than median speed for three PDFs. One reason is

that in the high speed level, the control mechanisms of wind

turbines try to maintain the blade’s speed around the rated

speed; as a result, the power output of wind turbines main-

tains a rated level with minimum power fluctuations.

Therefore, the trading strategies are less affected by high

speed than the median speed. In addition, Weibull PDF

imposes a lower risk on the retailer in contrast to GEV and

Normal PDFs for the entire wind regime.

In this paper, one retailer is considered for the problem.

The logical reason for this structure is to avoid increasing

the complexity of the problem. In multi-retailer structures,

each retailer is pressured to attract more clients in a retail

electricity market. In this structure, if one retailer cannot

propose a competitive price to the consumers, it may be

omitted from the retail electricity market. The problem of

multi-retailer structure can be a key issue for future studies.

6 Conclusion

In this paper, the market trading strategies for a

renewable DG-owning retailer which participates in

demand response programs have been proposed. The

retailer is able to participate in an hourly day-ahead market

according to its offering curves.

The retailer can procure the electrical energy from three

market trading floors, including day-ahead market, intraday

market, real time market and self-distributed wind gener-

ation facilities. It is shown that by participating in DR

programs, the cost of consumers’ electricity bills decreases,

because responsive consumers shift their loads from peak

periods to off-peak periods. Besides, the profit of retailer

increases and the load profile is flattened noticeably. In

addition, maximum demand level of each period of the

study horizon decreases.

The results show that the percentage of procurement

from day-ahead market increases with decreasing wind

penetration, while the procurement from intraday and real

time market decreases with decreasing wind penetration.

As a desired result, implementation of DR program

increases the profit of retailer and reduces the amount of

cost paid by the consumers.

In spite of the mentioned facts, some problems still

remain for future research, such as considering Plug-in

Hybrid Electric Vehicles (PHEVs) as a main source of

demand response programs and studying the impacts of

multi-retailer structures on retail strategies..

Open Access This article is distributed under the terms of the
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use, distribution, and reproduction in any medium, provided you give
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