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1. Introduction 

 

The global concerns regarding the emissions and climate change have become a serious 

debate since1990s. Recently, renewable energy are introduced as clean energy sources that 

minimize the catastrophic effects on the environment caused by fossil fuels. According to the 

report released by United States Energy Information Administration (USEIA) in 2011, 13% 

of the global energy consumption is supplied by renewable sources. It is predicted that the 

consumption of renewable energy  will reach approximately 16% by 2040[1]. Among the 

renewable energy resources, wind power generation is the preferred choice in terms of usage 

and importance. Unlike other types of renewable energy resources, wind technology is the 

result of the development of wind generators over traditional units with comparable cost and 

capacity ratings[2] . Wind power installations in many countries have been supported by 

subsidies and incentives for over a decade now. These support schemes which include: feed-

in tariffs, feed-in premiums and green certificates among others, have led to a steep rise in 

wind power installed capacity in Europe over the years, as described in detail in[3] . In many 

countries, support projects including feed-in tariff, etc. are implemented with regard to 

renewable energies, but considering technological advances and economical production of 

electricity from wind power plants, these supports have gradually decreased and in order to 

participate in the competitive power market, just like other power producers, wind power 

plants need to design optimal strategies[4]. In the new structures, wind power producers tend 

to increase their participation in energy markets in order to maximize their income, but due 

to various uncertainties including uncertainty of wind speed and consequently, the production 

capacity and uncertainty of the price of electrical energy, participation in competitive markets 

will face numerous challenges. The integration of wind resources into the electricity markets 

has been the subject of much research work in the past few years. The wind speed is typically 

modeled as a random variable characterized by its distribution functions, the Weibull and 
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Raleigh distributions being widely used[5] .In[6] , Bathurst using simple Markov 

probabilities uncertainty of wind power has been presented and have been shown how 

imbalance costs is reduced from short term wind power trading in the market. Matevosyan 

and Soder [7]  presents a method for minimization of imbalance penalties for a wind power 

producer bidding in a single stage spot market. The ARMA model has been used for 

simulating of wind speed forecasting error. The authors in this reference[8] solve a risk-

averse robust optimization problem to obtain optimal market bids, taking probabilistic 

forecasts into consideration. Instead of using point forecasts for wind power, this approach 

considers wind forecasts to contain information on their uncertainty in the form of predictive 

distributions. In [9],  a model is developed in which the intra-day or adjustment markets are 

considered as a way to reduce imbalance penalties from participating in the day-ahead 

market. The intra-day market is considered to take place through a continuous trading 

mechanism such that suitable parameters are developed to model the probability that the 

submitted bids may or may not be accepted. The study shows cases that participation in intra-

day markets based on the improved wind forecasts gained until their market clearing could 

possibly reduce imbalance penalties by up to 18%. Wind power producer bidding in intra-

day markets is presented by Usaola and Moreno. Simple uncertainties of wind power and 

electricity prices (balancing and intra-day) is used for maximization of profit  [10] . Morales 

et al.[11]  proposed a model for maximization of the profit expected from a wind power 

producer trading in a multi-stage electricity market consisting of day-ahead, adjustment and 

balance markets. The optimal bids are obtained by solving a stochastic linear program which 

provides a robust solution to a large number of scenarios. Additionally, a suitable risk 

parameter introduces the trade-off between making bids to increase expected profits and the 

risk of incurring imbalances with such a market position. Bidding strategies of wind power 

obtained under the assumption of continuous probability function for wind power is 

investigated by Dent et al. [12].  The authors are considered risk-averse of trading by using 

CVaR. The optimal bidding for wind power plant by considering wind power and electricity 

prices uncertainties based on stochastic programming is presented by Pousinho et al.[13] . 

Maximized the expected profit by considering CVaR constrained was investigated by 

Moreno et al. [14].  Catalao et al. [15]  using two-stage stochastic programming by 

considering wind power generation and electricity prices uncertainties maximized the 

expected profit of wind power producer. Maximization of the expected profit of a wind power 

producer trading in a multi-stage electricity market consisting of day-ahead, adjustment and 

balance markets was investigated in[16] . Wind power decision making stochastic model and 

the contribution of DR resources to markets is proposed by Forushani et al.[17] . This has 

improved the business of wind power producer’s and the flexibility of power system. The 

stochastic dynamic programming based framework is proposed by Shu and  Jirutitijaroen 

[18] to formulate an energy storage system (ESS) hourly operation for optimum wind power 

producer generation in a grid-connected environment. Nieta et al. [19] proposes the model to 

maximize the profit, considering risk-hedging through the conditional value at risk of a single 

renewable power producer against other generators. Chung and  Sun[20] proposes  a novel 

probabilistic optimal power flow model considering the uncertainties of wind power producer  

and load with chance constraints. The probabilistic forecast strategies for wind power 

generation to maximize expected revenues from suggested market floors is presented by 

Soares et al. [21].  The unit commitment decision making in significant wind power 

penetration systems is addressed by Pinto et al. [22]. This paper proposes the adoption of 

models based on a risk analysis paradigm based on the reasons that a stochastic programming 

approach is insufficient to model all the aspects of the decision making process. The literature 

review also has addressed the strategy of excepted profit maximization, the multi-objective 

bidding, the chance-constrained programming and the risk management for wind power 

systems in electricity market. We emphasize the use of scenario generation and reduction for 
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uncertainties modeling of wind speed and electricity prices. The uncertainties is modeled by 

enhanced path-based scenario generation using ARMA time series method that presented in 

our papers[23] , [24]. By using this enhancement as an inputs of optimization problem, we 

optimize bidding problem for WPP for day-ahead and balancing markets. 

 

2. WPP bidding strategy in day-ahead and balancing   electricity markets 

 

2.1. Uncertainties modeling using proposed enhanced path-based scenario generation  

     

This section proposes and analyses the enhanced path-based scenario generation method. 

The steps involved in the proposed enhanced path-based scenario generation method are as 

outlined in flow chart of Figure 1. The software used for fitting time series model and   

distribution function are Eviews software [25] and EasyFit software[26] , respectively. 

 

Figure 1. Flow chart of scenario generation method 
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2.2. Base model 

In this section, the mathematical modeling of the WPP problem is described. The complete 

formulation of the model is explained in detail. The objective function for maximizing the 

expected profit of a WPP which trades its power in DAM and BM may be formulated as 

below[11] : 
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Expected profit achieved by WPP from selling its production in the DAM and BM markets 

has shown by the Equation (1) as an objective function. Equations (2) have been restricted 

the amount of selling power in the DAM by the installed capacity of the wind farm. Equation 

(3) determines the total deviation caused by the WPP in each scenario and period. The total 

energy imbalance
tω∆   is respectively decomposed into the sum of a negative imbalance 

and a positive imbalance, 
t

−
ω∆  and

t

+
ω∆  by Equation (4). Maximum positive energy 

deviations take place in scenarios where no amount of power in the DAM is sold by the WPP,
D

t
P 0= , for a given period of time t , yet, at the end, 

W

tP ω  
MW of wind power over that 

period produces by WPP. This is presented by Equation (5). It can be seen in Equation (6), 

maximum negative deviations occur in scenarios where the full capacity of the wind power 

producer is sold in the day-ahead market, D W ,M AX

tP P= , for a period t, but its final 
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production during that period is nil . The numerical model aims to obtain the optimal power 

quantities (in terms of stochastic programming) to be traded in the DAM (e.g., 40 MW in 

hour 1, 75 MW in hour 2, etc.). Nevertheless, it might be well-situated to extract optimal 

bidding curves for each hour of the DAM. To this end, variables 
D

t
P  which represent the 

power sold in this market for each period of time t are rendered dependent on scenarios (
D D

t t
P P

ω
→ ) [27]. Offering curves are made non-decreasing by constraints (7). The non-

anticipativity constraints modeling shown by Equations (8). Regardless of the wind power 

and imbalance cost realizations the merely one bidding curve may be offered to the DAM for 

any hour. This means that this equation applies non-anticipativity to the wind power and 

imbalance cost realizations. Optimization problem (1)-(8) is generally likely to minimize the 

imbalance expense. Accordingly, given the entire energy deviation 
t t t

+ −

ω ω ω
∆ = ∆ − ∆  caused 

by the WPP in scenario ω  and period t .  The solution to problem (1)-(8) is certainly 

achieved always with one of the variables 
t

+

ω
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t

−

ω
∆  equal to zero because of the fact that 
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the objective function (1) is the same as D

tω
ρ × ∆  and consequently, the solution is unique, 

in this case.  We can solve the model 3.56-3.63 by decomposing it into numbers of   

optimization problems (
T

N ) for each t  .  

 

2.3. Risk model 

The Conditional Value-at-Risk at the confidence level of α (α-CVaR) is a method for 

controlling the risk of profit variability in the WPP problem. If a discrete profit distribution 

is maximized, α-CVaR can be represented almost as the expected profit of the (1−α) 100% 

scenarios which have the lowest profit[28]. The WPP revenue objective function considering 

risk-constrained is presented below: 
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(12) 

where α  is the confidence level, ωπ  is probability of scenario ω , ζ  presents value at risk, 

ωη  is an auxiliary nonnegative variable equal to the difference between value at risk and 

profits if profits is smaller than value at risk , and equal to zero otherwise. The objective 

function (9) which should be maximized. This objective function contains the expected profit 

of the WPP as well as the weighting parameter βmultiplied by the profit CVaR. This 

weighting factor imposes the tradeoff between risk and expected profit in a way that as the 

value of β  increases, the wind producer will also become more risk averse. Therefore, in 

risk-neutral case the value of  β  will be set to 0.  

3. Wind power producer bidding strategy in day-ahead and balancing markets 

In this section, characteristics of WPP stochastic bidding model are studied using a real 

case study in an electricity market including day-ahead and balancing markets. In the case of 

the day-ahead market, producer has to send his bids for the next day before 10:00 am. every 

day to ISO. Balancing market is conducted before every hour in the day ″d ″ to ensure the 

balance of generation and consumption in real time. To this end, this market remains open 

until 10 minutes before the delivery hour. For example, to ensure energy balance during the 

hour 20:00-21:00 of day d, the balancing market is closed at 19:50 of the same day. The wind 

farm is assumed to include 40 turbines of 2.5 MW each. The installed capacity of this wind 

farm is 100 MW. All the turbines installed in the wind farm are assumed to be operating. The 

scenarios built in section 4.2 for the wind power, electricity price and imbalance price ratio 

have been considered as model inputs. Also, to calculate CVaR, we have considered 

confidence level to be 95%. The results obtained for optimization of the WPP bidding 

strategy can be represented as a parameter of β known as efficient-frontier curve. Efficient-

frontier is a curve obtained from the pairs of expected profit and risk (conditional-value at 

risk) for various values of β in a way that achieving a higher expected profit requires taking 

a higher risk. If β=0, risk term in the objective function equals zero and, in this case, the 

problem becomes the risk-neutral one. If β increases, the risk term is applied to the objective 

function and thus, the expected profit decreases. Efficient-frontiers are very useful for 

decision makers to assess the relationship between expected profit and risk. It should be noted 

that efficient-frontiers are composed of a set of finite efficient points which are joined to each 

other. The line resulting from joining these points is not necessarily either convex or concave 

[29] . 

 

3.1. Simulation and results of uncertainties modeling  

3.1.1 Wind speed uncertainty modeling 

The Weibull distribution function is fitted to historical data of wind speed resulted in the 

shape factor and scale factor of 2.25 and 7.12 respectively for the case study considered by 

Stovento wind [30]. First using the enhanced scenario generation method the wind speed 

predictions are made for each day-ahead hour based on ARMA (1,1) time series fitted using 

historical data (01Jan2009 -06Feb2012). Then the new set of wind speed data is computed 

by adding the hourly residual error for the time series fitted for each hour of the previous year 

0,
ω

η ≥ ∀ ω
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to the predicted values. Then by using Weibull distribution function, 10000 wind speed 

scenarios are generated as shown in Fig.2. The number of scenarios are reduced to 50 

scenarios per hour by using forward scenario reduction technique[31]. Reduced scenarios 

and their probabilities are shown in Fig. 3 and Fig.4 respectively. 

 

 
Figure.2. Wind speed scenario generation  

 

 

 

Figure.3.Reduced  wind speed  scenarios 

to 50 

Figure.4. Probability of reduced  wind speed  

scenarios   

 

3.1.2. Modeling day-ahead electricity price uncertainties 

Electricity price data (09Nov2011-06Feb2012) predictions are made for each day-ahead 

hour based on SARMA 
24(1,1)(1,1)  time series fitted to historical day-ahead  electricity  

market (DAM). Then lognormal distribution of demand per hour is computed by adding the 

predicted values for each hour to the residual error for the time series fitted for each hour of 

the previous three months. Then 10000 random scenarios per hour are generated based on 

lognormal distribution function for each hour. Then the number of scenarios are reduced to 

50 scenarios per hour using forward scenario reduction technique. DAM electricity price 

generated scenarios, reduced scenarios and their probabilities are shown in Fig.5, Fig.6 and 

Fig.7 respectively. 
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Figure 5. DAM electricity price scenario generation  

 

  
Figure 6. Reduced  DAM electricity price 

scenarios to 50 

Figure 7.  Probability of reduced DAM 

electricity price scenarios 

 

 

3.1.3. Modeling imbalance electricity price ratio uncertainties 

The imbalance electricity price ratio (R) predictions are made for each day-ahead hour 

based on SARMA 
24(1,1)(1,1)  time series fitted to historical data (09Nov2011-

06Feb2012)[26]. Then the normal distribution of demand per hour is computed by adding 

the predicted values for each hour to the residual error for the time series fitted for each hour 

of the previous three months. Then 10000 random scenarios per hour are generated based on 

normal distribution function. Then the number of scenarios are reduced to 50 scenarios per 

hour using forward scenario reduction technique. The R generated scenarios, reduced 

scenarios and their probabilities are shown in Fig.8, Fig.9 and Fig.10 respectively. 

 
Figure 8. ″R″  scenario generation 
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Figure 9. Reduced  ″R″  scenarios to 50 Figure 10. Probability of reduced  ″R″  

scenarios 

3.2. Simulation and results of   Wind power producer bidding strategy in day-ahead 

and balancing markets 

Case 1: β=0 

In this case, using input data, we solve the problem of WPP bidding strategy for the risk-

neutral condition as an optimization problem by using GAMS. As shown in Fig.11 – Fig.13 

the amount of the amount of total power bidding in DAM is 385.02 MW. While, expected 

profit is equal to € 16177.94 versus -7628.30 CVaR. The total amount of positive imbalance 

which is sold in the BM is equal to 126.01 MW. Also, the total amount of negative imbalance 

is equal to 47.58 MW.   

 

 
Figure 11: WPP bidding power in DAM (Case 1) 

 
Figure 12: Positive imbalance in BM  

(Case 1) 

Figure 13: Negative imbalance in BM 

 (Case 1) 
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Case 2: β=0.05 

In this case, WPP decides to apply a risk coefficient and participate in the market under 

more conservative conditions. As shown in Fig.14- Fig.16 the amount of total power bidding 

in DAM is 357.38 MW and the amount of expected profit in this case is equal to € 15832.46 

versus -4697.90 CVaR.  As it can be seen, in comparison with Case 1, as risk penalty factor 

increases, expected profit decreases, and CVaR increases. The amounts of total positive 

imbalance and the negative imbalance are respectively 144.53 and 38.51 MW for the day 

under study, in this case. This means that as risk penalty factor increases, the amount of power 

bidding in DAM decreases and consequently, positive imbalance increases and the negative 

imbalance decreases. In fact, in this case, WPP uses a more conservative bidding approach 

in the market. 

 
Figure 14. WPP bidding power in DAM (Case 2) 

 

Figure 15: Positive imbalance in BM 

 (Case 2) 

Figure 16: Negative imbalance in BM  

(Case 2) 
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Case 3: β=0.09 

In this case, by increasing β to 0.09, WPP adopts an even more conservative bidding 

approach in the market as compared to the previous two cases. As shown Fig.17- Fig.19, just 

as expected, with the increase of risk penalty factor, the amount of the expected profit is 

decreased to € 15683.18 and CVaR is also increased to €-2931.42. The amount of total power 

bidding in DAM is decreased to 337.78 MW. It is expected that with the increase of the risk 

penalty factor, the amount of positive imbalance will be increased and the negative imbalance 

will be decreased. These amounts are respectively 158.22 and 32.61 MW which is confirming 

the expected changes compare with the previous case. 

 
Figure 17.WPP bidding power in DAM (Case 3) 

Figure 18. Positive imbalance in BM  

(Case 3) 

Figure 19. Negative imbalance in BM  

(Case 3) 
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3.3. Sensitivity analysis and comparison results of the three WPP bidding strategy case 

studies 

In this section, the sensitivity analysis and comparative results of the three cases have been 

presented. As is clear from the principles of economic sciences, the expected profit of the 

producer will be decreased by increasing the risk penalty factor. Consequently, the expected 

profit of the WPP will become reduced by increasing the risk penalty factor. By using the 

aforementioned results obtained by solving the proposed model the validity and the 

robustness of this model can be confirmed. To this end, the proposed mathematical model 

has been solved on a different level of risk. The results of increasing risk penalty factor 

analysis have been shown in Fig.20. As seen in Figures Fig.20- Fig.25, with the increase of 

the risk penalty factor, the amount of total power bidding in DAM market decreases and 

positive imbalance increases. The amount of negative imbalance also has a reverse 

correlation with risk penalty factor. As seen in Fig.10- Fig.13, during peak load hours, due 

to high price of negative imbalance, WPP prefers to decrease the amount of power bidding 

in DAM and instead, increase the amount of positive imbalance so that using this strategy 

reduces the possibility of being fined.       

 

 

 
Figure 20.Daily total  bidding  power by WPP  in 

DAM vs. different risk penalty factor 

Figure 21.WPP bidding power in day-ahead market  

vs. different risk penalty factor 

 
 

Figure 22.  Positive imbalance power vs. different 

risk penalty factor 

Figure 23. Negative imbalance power vs. different 

risk penalty factor 

 

It can be seen in Fig.24 by increasing risk penalty factor the daily total negative imbalance 

decreases and daily total positive imbalance increases. Efficient-frontier curve which shows 

expected profit versus CVaR has been presented in Fig.25. Prior to implementation and 

resolution of the problem of stochastic bidding optimization, WPP has to decide its expected 

risk level. By choosing various risk levels, relevant offering strategies will be obtained. 

Obtaining points above this curve is impossible and the points that lie below the curve are 
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also inefficient. It can be seen by increasing risk penalty factor the expected profit is 

decreased and CVar is increased. That means by increasing risk penalty factor obtained the 

lower expected profit at lower risk. 

 

 

4. Conclusion 

In this paper, we investigated and developed risk constrained bidding strategy for WPP in 

day-ahead and balancing electricity markets. This bid faces wind power, day-ahead and 

balancing prices uncertainties. The proposed method for scenario generation is used to model 

the uncertainties. Conditional-value at risk (CVaR) and risk penalty factor is used to 

modeling risk term of bidding strategy. A stochastic bidding model is proposed for a WPP 

objective function for maximizing the profit at minimum risk. The proposed mathematical 

model has been solved and optimized based on the stochastic programming method in 

General Algebraic Modeling System (GAMS) software environment. This model is run for 

different cases to investigate the effect of different risk penalty factor on expected profit and 

amount of power bidding in day-ahead and balancing electricity markets. The comparative 

results of the three cases have been shown with the increase of the risk penalty factor, the 

amount of power bidding in DAM decreases and positive imbalance increases. The amount 

of negative imbalance also has a reverse correlation with increasing risk penalty factor and 

decreases. During peak hours, due to high price of negative imbalance, WPP prefers to 

decrease the amount of power bidding in DAM and instead, increase the amount of positive 

imbalance so that using this strategy reduces the possibility of being fined. It is also observed 

that by increasing the risk penalty factor the expected profit is decreased and CVaR is 

increased. 
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