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Abstract
Nowadays, renewable energies are important sources for supplying electric power 
demand and a key entity of future energy markets. Therefore, wind power produc-
ers (WPPs) in most of the power systems in the world have a key role. On the other 
hand, the wind speed uncertainty makes WPPs deferent power generators, which in 
turn causes adequate bidding strategies, that leads to market rules, and the functional 
abilities of the turbines to penetrate the market. In this paper, a new bidding strategy 
has been proposed based on optimal scenario making for WPPs in a competitive 
power market. As known, the WPP generation is uncertain, and different scenarios 
must be created for wind power production. Therefore, a prediction intervals method 
has been improved in making scenarios and increase the accuracy of the presence 
of WPPs in the balancing market. Besides, a new optimization algorithm has been 
proposed called the grasshopper optimization algorithm to simulate the optimal bid-
ding problem of WPPs. A set of numerical examples, as well as a case-study based 
on real-world data, allows illustrating and discussing the properties of the proposed 
method.

Keywords Wind power producers · Prediction intervals · Decision-making under 
uncertainty · Optimal bidding strategies · Grasshopper optimization algorithm

1 Introduction

The negative environmental impact of fossil fuels (Al-Awami and El-Sharkawi 
2011), causes many countries in the world have become interested in investing in 
renewable energy  (Mignon and Bergek 2016). In the meantime, wind energy is 
considered as one of the most economical types of renewable energies (Hosseini-
Firouz 2013). This is why the use of this energy in power systems is increasingly 
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expanding. Governments also continue their support to increase wind power by 
replacing it with fossil fuels (Afshar et al. 2018).

The deregulated electricity markets were first designed for conventional gener-
ators, where power plants offer their generated power several hours before actual 
power delivery (Sirjani and Rahimiyan 2018). Then the independent system opera-
tor (ISO) determines the market price and the share of each generator’s production. 
However, for WPPs, given the uncertainty in their production, the proposed amount 
will be different from the amount produced. This difference will penalize WPPs 
(Sharma et al. 2014). For this reason, these WPPs should be presented in a dereg-
ulated electricity market with an accurate strategy. The bidding strategy model is 
generally divided into two game-theoretic and non-game theoretic models (Gallego-
Castillo and Victoria 2015). For example, Bathurst et al. (2002) reduce imbalance 
costs and modeled wind power, proposed Markov Probabilities. Dent et  al. 2011 
optimized wind power production bids in the forward and real-time electricity mar-
ket. Ghorbankhani and Badri (2018) presented a bi-level optimization problem in 
which in the first level, the virtual power plant profit maximized, and at the second 
level, the ISO is cleared market. Luo et al. (2014) is proposed the bi-level optimi-
zation of the bidding strategy, by considering the Conditional Value at Risk meas-
ure. Matevosyan and Söder (2005) minimized imbalance costs, to proposed opti-
mal wind power production offers to the electricity market. Siriruk and Valenzuela 
(2011) modeled the effect of uncertainty on Nash equilibrium quantities and market 
price under Cournot competition on long-term markets. Soleymani et al. (2007) pre-
sented the bidding strategies for each Genco by considering the Nash equilibrium 
points. Soleymani et al. (2008) presented the bidding strategies for each Genco by 
considering the estimation of elctricity price and demand. Vahidinasab and Jadid 
(2009) presented a bilevel optimization method to determine optimal bidding strat-
egy. In the proposed method, suppliers’ emission of pollutants is considered, and the 
supply function equilibrium (SFE) is used to model the strategic behavior of each 
supplier. Valenzuela and Mazumdar (2007) by using analytical models present two 
different market competition models. Generally, non-game theoretic models only 
pay attention to the behavior of a particular player. The other players of the model 
are simplified. Game theory models optimize the bidding strategy model by study-
ing the interaction between the economic players of the systems. For example, Ahn 
and Niemeyer (2007) modeled market power in Korea’s emerging power market to 
show the effect of market power to increase market electricity prices. Bompard et al. 
(2010) proposed a new and efficient approach for the network constrained electric-
ity markets to find supply function equilibrium. De la Torre et  al. (2004), in auc-
tion-based multiperiod electricity markets, studied Nash equilibria. Gao and Sheble 
(2010) determined a suitable supply function equilibrium model and developed the 
equilibrium condition. Genc and Reynolds (2011) for uniform-price auctions speci-
fied the set of symmetric supply function equilibria. Haghighat et al. (2008) show 
the market pricing mechanism under imperfect competition affect a supplier’s profit. 
Kang et  al. (2007) show the power suppliers can profit by bidding a price higher 
than the marginal production cost. Kebriaei et  al. (2015), in a day-ahead electric-
ity market, proposed two decision- making methods for repeated Cournot com-
petition of the generators. Kian and Cruz (2005) use discrete-time Nash bidding 
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strategies for the participants of dynamic oligopolistic electricity markets. Krause 
et al. (2006), in network-constrained pool markets, compared Nash equilibria analy-
sis and agent-based modeling. Liu et al. (2010), in the electricity auction markets, 
investigated the main electricity bidding mechanisms. Shivaie and Ameli (2015), in 
security-constrained electricity markets, proposed a new approach for developing an 
optimal double-sided bidding strategy. Vahidinasab and Jadid (2010) employed the 
supply function equilibrium model to study the problem of developing optimal bid-
ding strategies in oligopolistic energy markets. In both mentioned model, a set of 
stochastic and deterministic factors affect the behavior of system players. Some of 
these stochastic factors include demand, fuel prices, and wind production. In both 
models, there are a number of uncertainty parameters such as electrical load, elec-
tricity price, price of fuel, and wind production. In other words, participants in the 
electricity market do not have accurate estimates of these parameters and must man-
age the uncertainty associated with these parameters with various methods such as 
scenario generation, using high-precision prediction methods to make a profit in the 
electricity market.

In recent years, the bidding strategy of WPPs has attracted the attention of 
researchers. Laia et al. (2016) proposed the self-scheduling problem of a thermal and 
wind power producer in electricity market. Hosseini-Firouz (2013) has used stochas-
tic programming to develop optimal solutions for problems related to wind power 
that contain uncertainty. The author has included variables such as availability of the 
wind, prices, and future needs for energy. Lei et al. (2016) have developed an opti-
mal bidding decision concerning the strategic production of wind power by actors 
engaged in a day-ahead market. This model consists of stochastic market clearing 
and optimization of energy production and reserve. Sharma et al. (2014) developed 
an optimal proposing strategy for WPPs with several separate strategies in a market 
in which producing energy through wind is the dominant method. The oligopolistic 
aspects of the day-ahead market are limited by various behaviors of WPPs presented 
in the network; by special emphasis on the uncertainties about the availability of the 
wind; the stochastic Cournot model is used to develop the model. Singh and Fozdar 
(2019) propose a bidding strategy that contains wind power intended to increase the 
profit as much as possible. Since the behavior of various actors, which are competi-
tors, is uncertain, it directly affects the process of binding; this, process decreases 
the applicability of the normal probability distribution function. Rayati et al. (2019) 
have developed a bi-level optimization intended to coordinate the balance between 
gas turbine units and electricity produced by wind power. The authors have embed-
ded a barrier term to regulate the ideal bidding strategy according to the goals of the 
model. Afshar et  al. (2018) proposed a technique to estimate the optimal bidding 
strategy in a day-ahead market that its actors have market power. The model is based 
on bid-based payments. Various possible scenarios are used to model uncertainties 
regarding power generation. Kostarelou and Kozanidis  (2021) presented a diverse 
integer two-levels optimization problem to develop optimal bidding strategies for 
energy producers engaged in the day-ahead electricity markets for several periods.

Bajpai and Singh (2008) have developed a two-level optimization model, that was 
structurally adjusted as an MPEC problem and decoded using repetitive algorithms. 
In the study by Ghamkhari et al. (2017), which is based on a market with several 
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competitors, the bidding strategy develops using the nonlinear programming and 
Lagrangian relaxation algorithm. Mohsenian-Rad (2016) has adjusted the MPEC 
problem to obtain a harmonized energy storage regarding the network’s limitations. 
Kardakos et al. (2014) have proposed an optimal bidding strategy problem for price-
maker energy generators based on the power transmission distribution factor for-
mulation. In the study conducted by Foroud et al. (2011), the two-level model for 
a company that both generates and distributes energy is solved through a genetic 
algorithm. Sharma et al. (2014) have used a stochastic Cournot competition model 
to predict strategic behaviors of producers that use wind power in a network with 
several constraints in a day-ahead market that is oligopolistic. Baringo and Conejo 
(2013) have proposed a two-level stochastic optimization model intended to develop 
an appropriate strategy for energy producers that use wind power. Jorge and Usaola 
(2007) have used a mathematical model to develop an optimal binding and operation 
of units that use both wind and hydro powers. Dai and Qiao (2015) have developed 
a technique to develop bidding for conservative wind power generators based on an 
analytical approach and CVaR model.

In this paper, an optimal bidding strategy of WPPs has been proposed in the pay-
as-bid market. For this purpose, the bi-level optimization problem is proposed. The 
first level is the calculation of the WPPs profit, and at the second level, the ISO is 
cleared market. WPPs and traditional GENCOs participate in the day-ahead mar-
ket. In addition, WPPs participate in balancing the market to compensate for their 
energy deviation. Since the amount of power generated in WPPs is uncertain, there-
fore different scenarios must be created for wind power production. In this paper, 
PIs method has been used to making scenarios and increases the accuracy of the 
presence of WPPs in the balancing market. Using the PIs for scenario making, the 
effective scenarios have produced, and this point has led to a useful presence in the 
balancing market. So far, the prediction intervals (PIs) method has not been used to 
making scenarios. Another important point in this way, the heuristic optimization 
methods have been used to solve the bidding strategy of the WPPs. For this purpose, 
in this study, a new optimization algorithm has been proposed called GOA to find 
optimal bidding of WPPs. GOA is a novel population-based algorithm which pre-
sented by Saremi in 2017. In addition, the PSO algorithm has been considered, and 
the results of this method are compared with the GOA method. Considering all of 
the above conditions, this paper presented optimal 24-h scheduling for the presence 
of the wind power producers in the electricity power market.

This paper is organized as follows: In Sect.  2, the problem description is 
explained. In Sect.  3, the grasshopper optimization algorithm is described. The 
problem formulation and simulation procedure has been explained in Sects. 4 and 
5. The experimental results are presented in Sect. 6. In Sect. 7, relevant conclusions 
are described.

List of symbols

Indices
Ψw

n
Indices of the wind power units at bus n

Ψ
g
n Indices of the conventional generation units at bus n



1 3

Interval prediction algorithm and optimal scenario making…

List of symbols

Ψd
n

Indices of the demands at bus n
Ω� Indices of scenarios
Ωw Indices of wind power
ΩG Indices of conventional generation units
Parameters
Bk Susceptance of line k
C Decreasing coefficient
cM Maximum of c
cm Minimum of c
êg Unity vector toward the center of the earth
êw Unity vector of wind direction
f max
k

Transmission capacity of line k
G Gravitational constant
Η Parameters determining the contribution of PINAW
ld Lower bound in d-th dimension
prob�,t Probability of scenario � at time t
Pmax
i

Installed capacity of ith WPP (MW)
Pmax
g

Installed capacity of gth conventional GENCO (MW)
T Maximum iteration

T̂d
Value of the best solution (Target) in d-th dimension

U Wind direction constant
ud Upper bound in d-th dimension
�g The marginal cost of gth conventional GENCO ($/MWh)
µ Parameters determining the contribution of PICP
�+ The surplus penalty coefficient in balancing Market
�− The defect penalty coefficient in balancing market
Variables
Ai The wind advection
Bmii,t,ω Balancing market profit of ith WPP at time t ($)
ci A boolean variable which indicates the coverage behavior of PIs
dij Distance between i-th and j-th grasshopper

d̂ij
The unit vector from i-th grasshopper to j-th

fk,t Power flow through transmission line k at time t (MW)
Gi Is the gravity force on the i-th grasshopper
N Is the number of samples
Pg,t Power offered by gth conventional GENCO at time t (MW)
Pi,w,t The power produced by ith WPP at time t (MW)
Pofi,t Power offered to the day-ahead market by ith WPP at time t (MW)
ri A random number between 0 and 1
S Function to define social forces
Si The social interaction
Xi The position of the i-th grasshopper
�n,t Voltage angle at bus n at time t (rad.)
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List of symbols

� Accepted price in the day-ahead market ($/MWh)
�t Price at time t ($/MWh)
�i,w Offer price to day-ahead market by the ith block wind power unit

Abbreviations

GenCo Generation company
GOA Grasshopper optimization algorithm
ISO Independent system operator
LUBE Lower upper bound estimation
NN Neural network
PICP Prediction interval coverage probability
PIs Prediction intervals
PSO Particle swarm optimization
WPPs Wind power producers

2  Problem description

In this section the problem and proposed method is explained.

2.1  Market structure

In this paper, WPPs participate in pool-based day-ahead and balancing market. The 
day-ahead electricity market before the actual electricity delivery is cleared. The dif-
ference between supply and demand is cleared by the balancing market. Since the 
production of WPPs is uncertain; therefore, the power scheduled is different from 
the actual product. One of the proposed methods to compensate for this defect is 
spot prediction of wind power production. While all existing methods for prediction 
of wind power production, include significant error. Thus, these uncertainties can 
model by a set of scenarios.

The main intention of the operator should be minimizing the observed imbal-
ances of the system according to a process that contains prices of the energy and 
possible deviations in the production of energy by various actors as well as proving 
the produced energy to the day-ahead market (Laia et  al. 2016). Thus, if the pro-
posed power for the next hour is higher than the production of WPPs, this amount 
of shortage of production should be purchased from the market, which is at a price 
of it more than the day-ahead market price. Also, if the amount of proposed power 
is less than the production of the plant, this additional amount should be sold on the 
market. The price in the day-ahead market is higher than the sale price.

The equilibrium prices for buy and sell have been modeled using the by Eqs. (1) 
and (2), respectively:

(1)Pricesell =
(
1 − �+

)
�
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In addition, these penalty coefficients are numbers between 0 and 1. Also, it is 
supposed that the unit pricing of WPPs for the day- ahead market includes one part 
of volume and price. Similarly, it is supposed that wind manufacturers also engage 
in the balancing market. Thus, this bi-level optimization problem, which in the 
first level WPP maximizes profit from both of market and in the second level ISO, 
cleared the market to minimize payable costs to the GENCOs. Both of these optimi-
zation problems are implemented by the GOA.

2.1.1  Uncertainty characterization

As mentioned, the power production of WPPs is uncertain. Therefore, it is neces-
sary to make an accurate forecast of power production, until having successful par-
ticipation in the electricity market. However, mentioning this point is very important 
that most of the spot prediction of wind power production, include noticeable error. 
Therefore, different scenarios must be created for wind power production. In order 
to create wind power scenarios several methods have been proposed. For an accurate 
representation, a great number of scenarios must be made. Due to the computational 
and time limits, generated scenarios need to be reduced. In this paper, prediction 
intervals have been used to reduce the number of scenarios and increase the accu-
racy of the presence of WPPs in the balancing market. In the following, the pro-
posed method for the production of the scenario is discussed.

2.1.2  Prediction intervals

Recently, for prediction problems neural networks have been widely used. For exam-
ple, Chryssolouris et al. (1996) for physical system proposed a method to quantify 
the confidence intervals of a neural network. for the construction of PIs the delta and 
Bayesian techniques is introduced by Khosravi et  al. (2011a). Sheng et  al. (2013) 
based on Bayesian linear regression developed a bootstrapping reservoir computing 
network ensemble, and a simultaneous training method. These methods first perform 
a spot prediction and then predict the intervals based on this prediction. Recently, a 
novel technique named LUBE for PIs was developed by Khosravi et al., in (Khosravi 
et al. 2011b). To improve performance of traditional methods the intervals is created 
directly. The main concept of "LUBE" method is to directly create the upper and 
lower band of the intervals. The intervals should cover the main target as likely as 
possible, and the band should be as narrow as possible. By definition, future obser-
vations should be in the lower and upper band with a predetermined probability, 
which is called the "confidence level" ((1−α) %). Therefore, three indexes have been 
introduced to evaluate the forecast intervals, which are based on the coverage prob-
ability and the bandwidth.

The PICP is the main index for evaluating intervals. This index shows how much 
of the target is covered by the upper and lower bounds. This index is defined as 
follows:

(2)PriceBuy =
(
1 + �−

)
�



 A. Heydari et al.

1 3

If the intended value ranges between the lower and upper bounds, ci = 1; other-
wise, ci = 0. If all target values are placed between the upper and lower bounds, then 
PICP = 100%.

In cases that upper and lower bounds are considered as extremes, we can easily 
obtain a high PICP (even 100% PICP) (Quan et al. 2014). However, these intervals 
have no useful information about the target. Therefore, also the width of the PIs 
should be considered. For this purpose, PINAW formulated this aspect as follow:

where R is the range of the target.
PICP and PINAW (or PINRW) evaluate only a sole dimension of PIs separately. 

Focus only on one aspect of the PIs may result in false values. To solve the above 
problems, an interesting index, called CWC, is proposed in (Khosravi et al. 2011c):

where γ(PICP) = 1 for training. µ and η are two controlling variables that show how 
many penalties can be considered for low probability intervals. The nominal confi-
dence interval ((1 − α)%) can be considered as the target for selecting µ. the differ-
ence between the PICP and μ is magnified by η.

2.1.3  Scenario making using prediction intervals

In order to make scenarios using PIs, the following steps should be taken:

• The power production data of the WPPs in a specified time period has been 
given to PIs.

• The PI indicates the upper and lower bounds of power production of WPPs for a 
specified day.

• Now, by specifying the upper and lower bounds, the scenarios are being created. 
In this paper, three scenarios have been made for each hour. These scenarios are 
upper and lower bound, and the average of these two bounds. The remarkable 
point in this method is that the number of scenarios has reduced significantly.

3  Grasshopper optimization algorithm (GOA)

Grasshopper is insects, and because of their damage to agriculture, they are considered 
as a pest. Although grasshoppers in nature are usually found individually, but they are 
part of the largest swarm of all creatures (Simpson et al. 1999). The main characteristic 

(3)PICP =
1

N

N∑
i=1

ci

(4)PINAW =
1

NR

N∑
i=1

(
Ui − Li

)

(5)CWC = PINAW
(
1 + �(PICP)e−�(PICP−�)

)
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of grasshopper swarm is that in the larval stage, their movement is slow, and in adult-
hood, they move in long-range and big steps (Saremi et al. 2017).

The mathematical model of grasshopper behavior swarm is presented as follows 
(Topaz et al. 2008):

In order to provide random behavior, the Eq. (5) can be rewritten as follow:

The S function, which defines the social forces, is calculated as follow:

where f and l are the intensity of attraction the attractive length scale. The second 
term of Eq. (6) is gravity force function and calculated as follows:

The third part of Eq. (6) wind advection and calculated as follows:

By substituting the S, G and A in Eq. 6, this comes in as follow:

However, this equation cannot be used in optimization problem because the swarm 
does not contain global optimization point. Therefore, an adjusted version of this equa-
tion is suggested as follow to find a solution for this issue.

(6)Xi = Si + Gi + Ai

(7)Xi = r1Si + r2Gi + r3Ai

(8)
Si =

N∑
j = 1

j ≠ i

s
(
dij
)
d̂ij

(9)s(r) = fe
−r

l − e−r

(10)Gi = −gêg

(11)Ai = uêw

(12)
Xi =

N∑
j = 1

j ≠ i

s
(|||xj − xi

|||
)xj − xi

dij
− gêg + uêw

(13)Xd
j
= c

⎛
⎜⎜⎜⎜⎜⎝

N�
j = 1

j ≠ i

c
ud − ld

2
s
����x

d
j
− xd

j

���
�xj − xi

dij

⎞
⎟⎟⎟⎟⎟⎠

+ T̂d

(14)c = cM − t
cM − cm

T
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4  Mathematical formulation

Mathematical formulation of the profit of WPP and clearing problem of the ISO market 
is proposed in the following.

4.1  Wind power producer problem

The WPP profit function defined as follow:

Subject to

Equation (14) represents the profit of ith WPP. Since the production cost of these 
units is zero, then this is equal to revenue. Also, each WPP offers the amount of power 
that will maximize its profit from day-ahead and balancing markets. WPP’ offered bids 
in the day-ahead electricity market are presented in constraint (16). Equation (14) rep-
resents the balancing market income for each WPP in each scenario and a particular 
time.

4.2  ISO market clearing problem

The objective function of market clearing defined as follow:

This equation should be minimized.
Subject to:

(15)max(Profit) =
∑
�∈Ω�

prob�,t
[
�tPofi,t + Bmii,t,�

]
, ∀i,∀�,∀t

(16)Bmii,�,t =

{
Pricesell(Pi,�,t − Pofi,t) s.t.Pi,�,t ≥ Pofi,t
PriceBuy(Pi,�,t − Pofi,t) s.t.Pi,�,t ≥ Pofi,t

(17)0 ≤ Pofi,t ≤ Pmax
i

(18)min(Ω) =
∑
w∈ΩW

�i,wPi,w,t +
∑
g∈ΩG

�gPg,t

(19)
∑
l∈ΨW

n

Pi,w,t +
∑
i∈Ψ

g
n

Pg,t −
∑

k∕s(k)=n

fk,t +
∑

k∕r(k)=n

fk,t =
∑
d∈Ψd

n

Pd,t

(20)fk = Bk

(
�s(k),t − �r(k),t

)

(21)−f max
k

≤ fk,t ≤ f max
k

(22)0 ≤ Pg,t ≤ Pmax
g



1 3

Interval prediction algorithm and optimal scenario making…

Equation (16) is composed of two parts, the first part comprising the amount paid 
to WPPs, and the second part includes conventional generators costs. Constraint 
(18) represents the power balance at each time in the power system. Equation (19) 
presents the power flow through lines. Equation (20) represents transmission capac-
ity limits. Equations (21) and (22) represent the upper and lower limits of conven-
tional generators and WPPs. Also, the voltage angle limit of each bus is proposed in 
Eq. (23).

5  Simulation procedure

In order to solve this bi-level optimization problem, the following steps must be 
done:

Step 1 Scenario making by PIs: In the first step, by using PIs for each hour, wind 
power generation scenarios are made.

Step 2 Time counter initialization: Time counter starts with t = 1.
Step 3 Optimal bidding strategy: At this step, firstly, random values are pro-

posed for the power and price of the WPPs. Then, GOA is utilized to determine the 
winning power of any power plant and the price in the day-ahead market by using 
Eqs. (17) to (23). In the following, the GOA has used the Eqs. (14) to (16) and the 
previous stage information to optimize the price and power production of WPPs. 
This process will continue until a maximum number of iteration is reached.

Step 4 Update time counter: For each hour, the amount of power produced by the 
WPPs is specified.

Step 5 End.
A diagram of the simulation procedure is shown in Fig. 1.

6  Numerical results

In order to illustrate the efficiency of the proposed method, the optimal bidding 
strategy problem has been implemented on a three-bus system.

6.1  Wind speed data and PIs

In this paper, PIs are utilized to making these scenarios. The data relating to wind 
power in 2017 in the town Sotaventogalicia in Spain ([Online]. Available: http:// 
www. Sotav entog alicia. Com/. ,n.d) have been utilized as input for PIs.

In other words, for the last day of 2017, PIs are the forecasted lower and upper 
bound of wind power production. This format of PIs is similar to spot forecasts. 
The datasets are divided into training, validation, and test set. To determine the 

(23)0 ≤ Pw,t ≤ Pmax
i

(24)−� ≤ �n,t ≤ �

http://www.Sotaventogalicia.Com/.,n.d
http://www.Sotaventogalicia.Com/.,n.d
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optimal structure of NNs, Median values of PINAWs (with satisfied PICPs) are 
used. Once the training process terminates, PIs for the test is generated. There-
fore, for the last day of 2017, using PIs, the upper and lower limits of wind pro-
duction have been estimated. Now, by specifying the upper and lower bounds, 
the scenarios are being created. In this paper, three scenarios have been made 
for each hour. These scenarios are upper and lower bound, and the average of 
these two bounds. The result of this prediction is proposed in Fig. 2. The upper 
and lower bound, and the average of these two are considered as wind energy 

Fig. 1  Flowchart of the proposed optimal bidding strategies for wind power procedure in the power mar-
kets
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scenarios. In other words, for every hour of the day, three scenarios have been 
made. These scenarios are shown in Fig. 3. The probability of all scenarios has 
been assumed (1/3).

Fig. 2  Result of PIs for the energy of WPPs

Fig. 3  Scenarios making for WPPs energy production
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6.2  6.2. Three‑bus system

6.2.1  The detail of the three‑bus system

It is assumed in the 3-bus system, a conventional producer unit and a single load 
connected to each bus, that contains three transmission lines. The value of suscep-
tance of each line is 5 p.u. and the maximal transmission load is defined as 100 MW. 
The profile of the demand factor is shown in Fig. 4. The capacity of the wind power 
plant is equal to 120 MW, and it’s located on bus 2. Also, The cost of wind power 
producing is considered zero. The data of the conventional generators are given 
in Table 1 (Afshar et  al. 2018). Similarly, three loads are located in each bus are 
described in Table 2 (Afshar et al. 2018). These values are for peak demand. In order 
to analyze the balancing market effect on bidding strategy, two states are considered 
as follow for the balancing market price:

State 1 �+ = 0.3 , �− = 0.15

Fig. 4  Hourly demand factor

Table 1  Conventional 
production unit offer data 
(Afshar et al. 2018)

Bus Offer size (MW) Offer price ($/MWh)

1 60, 60, 60, 60 49, 55, 67, 79
2 60, 60, 60, 60 50, 54, 65, 70
3 70, 60, 60, 60 44, 60, 66, 80

Table 2  The demand data for 3 
Bus system (Afshar et al. 2018)

Bus Demand (MW)

1 230
2 190
3 180
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State 2 �+ = 0.15 , �− = 0.3

These τ values are used from Afshar et al. 2018. The important point is that in 
all of the mentioned states, the produced wind power is considered the same. Then, 
two different modes of the three-bus system, which include unlimited and congested 
transmission modes, are investigated.

6.2.2  Unlimited transmission mode

In this mode, it is supposed that no transmission congestion occurs. Also, to demon-
strate the efficiency and effectiveness of the proposed method, the presence of WPPs 
in the electricity market has been proposed in two different cases:

(1) Strategic presence In this case, the WPPs act with strategy.
(2) Non-strategic presence In this case, WPPs bids his forecasted produced power 

at zero-price to day-ahead market. ISO clears the market by Eqs. (9) to (15). The 
results of spot forecasting are presented in Fig. 5.

The hourly profit for WPP for the two mentioned cases and state 1 is shown in 
Fig.  6. As shown in the figure, for most hours of the day, the profit of case 1 is 
greater than case 2. In other words, a strategic presence more useful than non-strate-
gic presence. For example, in the 11th-hour profit of case 1 is 4642.7 $, and in case 
2 is 4318.02 $.

Similarly, for state 2, where the purchase and sale price varies with state 1, the 
profit from the day-ahead market and balancing market is shown in Fig. 7. As shown 
in this figure, in this state, the amount of profit from Model 1 is also higher in most 
of the hours a day. In other words, the presented strategy in the market is more prof-
itable for the WPP.

The proposed power in the day-ahead market for the first and second states are 
shown in Fig. 8. As it has been observed, because of the low purchase price in the 
balancing market for state 1, in most of the time in a day, the WPP has preferred 
to offer more power to the day-ahead market. Similarly, in state 2, due to higher 

Fig. 5  Result of spot forecasting
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purchasing price, the WPP offered a lower amount of power for the day- ahead 
market.

6.2.3  Transmission congestion mode

One of the important subjects that can affect the performance of the WPPs in 
the electricity energy market is the transmission capacity limits. To illustrate this 
issue and its impact on the network, transmission capacity for all lines of this net-
work is considered 100 MW. Given all of the above conditions, the results of the 
simulation are presented in two cases. These two cases are strategic presence and 

Fig. 6  Hourly profit of WPP for state 1

Fig. 7  Hourly profit of WPP for state 2
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non-strategic presence. The hourly profit for WPP for the two mentioned cases in 
state 1 and state 2 are shown in Figs. 9 and 10, respectively.

As seen in these Figures, the amount of profits is higher in transmission con-
gestion mode. The reason for this is that the market price has increased. This fact 
shows that the congestion mode is affected by the rising the maximum accepted 
price at the day-ahead market.

Accepted power for the day-ahead market is shown in Fig. 11. As shown in the 
figure, the amount of power accepted for the day-ahead market in state 1 is more 
than state 2 in most of the hours in the day.

Fig. 8  Accepted power in the day-ahead market for state 1, 2

Fig. 9  Hourly profit of WPP for state 1
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In Table 3, the overall profit earned by WPP from different cases and states for 
the three-bus system is presented. Also, this amount of profit is presented for two 
unlimited transmission mode and transmission congestion mode. As shown in the 
table, the amount of profit for strategic presence is greater than non-strategic pres-
ence. Therefore, strategic presence has led to an increase in WPP profit.

6.2.4  Comparing the results of using GOA and PSO

To demonstrate the efficiency of the GOA, the simulation of the bidding strategy 
problem is implemented by using the PSO algorithm. The PSO algorithm, which is 
in the category of the population-based algorithm, is somewhat similar to the GOA. 

Fig. 10  Hourly profit of WPP for state 2

Fig. 11  Accepted power in the day-ahead market for state 1, 2
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Therefore, the daily profit obtained from WPP using GOA and PSO for the three-
bus system in both modes is presented in Figs. 12 and 13.

As seen, the results of these figures show that, by employing GOA as the opti-
mization method, WPP makes more profit in both states. For example, in unlimited 
transmission mode for the first and second states, the daily profit has been increased 
respectively 7.7% and 5.03%. In addition, in transmission congestion mode, the 
daily increment profit for the first and second states respectively are 4.2% and 2.6%.

7  Conclusion

In this paper, the optimal strategy presence of WPPs in the pay-as-bid market is 
investigated. To solve this bi-level optimization problem, the Grasshopper optimiza-
tion algorithm has been used. The first level is the calculation of the WPPs profit, 
and the second level is the ISO market clearing problem. By Implementing this 
problem on the three-bus network, these results are taken:

(1) The importance of considering the balancing market as part of the compensation 
to the WPPs is highlighted. Also, the presented model can be implemented on 
large and small networks.

Table 3  The comparative 
analysis of WPP daily expected 
profit (k$)

State Unlimited trans-
mission mode

Transmission congestion 
mode

1 2 1 2

Case 1 93.88 93.34 108.69 110.25
Case 2 81.82 84.50 97.14 100.12
Increment (%) 14.73 10.46 11.88 10.12

Fig. 12  Comparison of expected daily profit in unlimited transmission mode for both state using GOA 
and PSO in strategic case
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(2) The proposed model can implement on all models of the WPP. Also, the pre-
sented model can be implemented on large and small networks.

(3) The simulation results show that the strategic presence of the WPP in the elec-
tricity energy market has a positive impact on their daily profit.

(4) GOA is a powerful algorithm for simulating an optimal bidding strategy prob-
lem.
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