
         International Journal on Electrical Engineering and Informatics - Volume 8, Number 4, December 2016 

Profit Maximization and Optimal Bidding Strategies of Gencos in 

Electicity Markets using Self Adaptive Differential Evolution 
 

B. Rampriya  

 

Department of Electrical and Computer Engineering, College of Technology, 

Debre Markos University, Debre Markos, Ethiopia. 

 

Abstract: This paper presents the solution for the suppliers’ aims to achieve profit more than 

the rivals participating in the competition. The supplier (decision maker) optimization problem 

is formulated and their bid quantities are optimized using Self adaptive Differential Evolution 

(SaDE). A six unit system is used to illustrate the methodology for a single trading period with 

both elastic and inelastic loads.  The performance of the test systems under perfect and 

oligopoly market situations are compared to show the importance of optimization of bidding 

parameters in deregulated markets. Numerical results illustrate the effectiveness of the method 

in solving the supplier profit maximization problem. 
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1. Introduction 

 The deregulation of the power industry and setting up of open markets for electricity has 

led to a separation between generation, transmission and distribution activities. The basic aim 

of the deregulation is to create competition among generating units (GENCOs) to deliver 

reliable power supply to consumers. Deregulation results in a competitive structure among 

generation companies either through auction markets or through bilateral/multi-lateral 

mechanisms. The GENCOs in deregulated system challenges to produce electric power with an 

objective of maximizing their individual profit. This solution to profit maximization problem 

has been presented in various research papers. GA is used to achieve maximum profit of 

GENCOs participating in competitive environment [1]. Profit based unit commitment problem 

is solved using hybrid LR-EP and the amount of power to be sold in power and reserve markets 

are also presented [2]. These methods proposed the profit maximization of GENCOs without 

the consideration of bids submitted by the suppliers.  

 The supplier profit maximization problem is done by determining the bidding parameters of 

the market participants. Most of the researchers have determined the bidding parameters by 

Monte Carlo and probability density to determine the rival's bidding parameters [3]. These 

probabilistic methods require large amounts of observations which are the available historical 

data for our problem. The problem of building optimally coordinated bidding strategies for 

competitive suppliers in day-ahead energy and spinning reserve is addressed in [4]. In this 

paper, Refined Genetic Algorithm (RGA) is used to build the optimally coordinated bidding 

strategies. The bidding parameters are optimized using stochastic optimization Evolutionary 

Programming (EP) technique and are discussed in [5]. 

 Rather than crisp set, the bidding parameters are treated as fuzzy sets and presented only 

preliminary works and a systematic method is not developed in [6]. A possibility theory based 

approach is presented to build the optimal bidding strategies in a single auction trade period 

and inter-temporal constraint such as start-up and shut down of a generator and multi hour 

trade task with up-time and down time constraints of generators are not included in [7]. 

 In this paper, the bidding decision problem for the decision maker (supplier) is formulated. 

Before submitting bids to pool operators, the supplier optimizes their bidding data with an 

objective of profit maximization and then the optimized bids are submitted to the ISO. In the 

sealed bid auction, the data of rivals’ value are confidential. The supplier participating in 

competitive markets tries to estimate the rivals’ value but it is difficult to predict the same.  
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 However the past data are available. The suppliers are also able to calculate the rival’s 

bidding value by using joint or multivariate Probability Distribution Function (PDF). These 

situations and also the solution for optimal bidding of the suppliers are explained in this paper. 

The optimal values of supplier bid quantities are obtained and the supplier profit is determined 

using Self-adaptive Differential Evolution (SaDE). The optimal values of supplier bid 

quantities are obtained to maximize its own profit was determined using SaDE.  

 Even though the most suitable strategy and the control parameters are identified and applied 

to a problem using Differential Evolution (DE) technique, it may require a huge amount of 

computation time. Different strategies and corresponding parameter  settings with different 

global and local search capability might also be  preferred during different evolution stages 

[8].The Self-adaptive Differential Evolution (SaDE) algorithm can  automatically adapt the 

learning strategies settings during evolution.  

 This paper is organized as follows: Section 2 presents the market clearing mechanism in 

competitive energy markets, section 3 problem statement of profit maximization of decision 

makers submitting bids to market operators, section 4 deals with the solution methodology to 

find the optimum schedules of the supplier, section 5 presents the results and discussions, and 

section 6 concludes. 

 

2. Market Clearing Mechanism in A Competitive Environment  

 The market structure considered in this paper is single sided auction mechanism in which 

the suppliers are alone allowed to participate in the energy markets. They can submit their 

supply bids to energy bids to spot energy markets. 

 

Energy or spot markets: 

 The suppliers participating in electricity markets is required to bid a linear non-decreasing 

energy function to ISO. Upon receiving bids from the suppliers, the pool determines a set of 

generation outputs that meets the load demand and minimizes the total cost spent by bidder. 

The i-th supplier energy bidding function can be represented as 
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where Dt is the demand at hour t, 
   t

i

t

i  , are the intercept and slope of the energy bidding 

curve of the suppliers respectively, itP is the power generation output within the set of 

capacity limits miniP and maxiP . 

 

The Market Clearing Price (MCP) for power is calculated   

 t=1,2,…T                                         (4) 

 

The power dispatch by each supplier can be calculated as,
 

  
    t

i
t

itit βαMCP=P /                                  i=1, 2…N                                              (5) 

 

 Where N is the total number of suppliers participating in energy markets. The market is 

cleared and the price is quoted by ISO. The power dispatched by each supplier is checked for 

their maximum and minimum capacity limits. If the supplier is not able to provide minimum 
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power requirement, then the corresponding supplier is not allowed to participate in the 

competition i.e., If Pit < Pimin then Xit = 0 else Xit = 1.Thus unit commitment decisions are well 

taken into account. If the supplier violates its maximum limit, the maximum power is fixed and 

it is no longer be able to a marginal generator. 

 

3. Supplier Profit Maximization Problem  

 The profit maximization objective of suppliers participating in energy markets and 

competing with the other suppliers can be stated as, 

 

Maximize:  Profit, PF= Revenue, RV- Total cost, TC     
 

          
   it
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                            (6) 

 The ON/OFF status of the suppliers decided by ISO and C
i
(P

it
) is the fuel cost function of 

the suppliers. The constraints included are a) Power balance and b) Minimum and maximum 

capacity limit of the suppliers.
  

 

a) Power balance constraints                                                              

 The power balance constraint is an equality constraint that reduces the power system to a 

basic principle of equilibrium, between total generation of GENCO participating in the 

electricity markets and demand profile of the customers. 
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b) Supply limit constraints 

 Generation units have lower and upper production limits that are directly related to the 

generator design. These bounds can be defined as a pair of inequality 

constraints maxmin iiti PPP     (8)                            

 

4. Solution Methodology  

 The solution methodology used in the present study for solving the optimal bidding 

problem is explained as mentioned below. 

1) Initialization 

 The SaDE counter is initialized and maximum number of iteration is specified. 

2) Creation of parent population 

The initial population of the bidding coefficient of the supplier to be optimized is generated 

within the search limits. 

3) Calculation of bidding coefficients of rivals’ 

 The rivals’ bidding coefficients are determined using multivariate PDF. 

4) Calculation of MCP 

The MCP is calculated with the bidding data of suppliers and rivals’ using equation (4).   

 Based on the market price, P it from equation (5) is calculated and limit values are checked. 

5) Determination of unit ON/OFF status 

 If Pit < Pimin then Xit = 0 else Xit = 1. Thus the unit ON/OFF Xit status can be calculated    

 by taking an account of the constraints to be satisfied in all trading periods. 

6)  Economic dispatch 

 With the calculated Xit, the optimal dispatch of power Pit
 
is calculated using Quadratic  

     Programming (QP). The revenue generated and fuel costs spent are determined.  

7)  Calculation of fitness and SaDE operations 

 The fitness is calculated as per equation (6) and the mutation, crossover and selection      
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     operations are performed. Mutation process is done by selecting the best strategy among   

 the five strategies as per the highest learning probability in all iterations. Thus SaDE is     

incorporated to improve the solution quality and the psudo code of SaDE is given in 

Appendix as Table 1 

8)  Stopping criteria 

 The steps from 1 to 6 are repeated until the specified maximum number of iterations is 

reached. 

 

5. Results and Discussion 

 To illustrate the perfect competition and optimal bidding strategy, a test system with six 

suppliers are taken. The market situations are analyzed for test system participating in single 

hour trading. The results of test system under perfect competition and optimal bidding strategy 

are tabulated. The generator data for Test system-1 is taken from [9] and given in Appendix as 

Table A-3. The best values of SaDE parameters are chosen by the experiments carried out  

with different values of parameters and are set as CR=0.9, F=0.5, NP=200,  MAXITER=200. 

 The test system with six generators is used to illustrate the solution methodology of profit 

maximization under perfect competition and oligopoly markets (optimal bidding strategies). 

Consider a situation in which the supplier-1 aims to maximize its own profit when compared to 

other suppliers-2, 3, 4 and 5 (rivals’) in the market. This example system is utilized for single 

hour load demand of 390 MW. The fuel cost equation is expressed in quadratic form [10] as,
    

 
  iiiitiiti Pb+Pa=)(PC

2

2

1

 (9) 

Case A: Perfect competition  

 In a perfect competitive market without optimal bidding, the bidding parameters βi and αi of 

suppliers are assumed to be equal to that of the cost coefficients ai and bi respectively 
[11]. 

With the bidding data, MCP is calculated using eq. (4). At the market equilibrium, power 

dispatch and UC (pool scheduling) is done by  ISO as mentioned in step 4 and 5 of Section 4. 

With the unit status, the constraints are checked and the economic dispatch of all the suppliers 

with  an objective of maximizing the profit of supplier-1 is determined using QP.  The results 

for this test system under perfect competition market situation are shown in Table 1. 
 

Case B:  Oligopoly- Optimal bidding strategy 

 In an oligopoly market, some suppliers act as price makers and the others as price takers 

[12]. In this condition, each supplier will try to maximize its own profit. For a supplier, it is 

critical to devise a good bidding strategy according to its opponents’ bidding behavior, the 

model of demand, market mechanism, and power system operating conditions. To achieve 

maximum profit, the supplier-1 decides to optimize its bidding parameters using an 

optimization algorithm. It is assumed that the supplier-1 bids the true value of the slope, β1  and 

it bids in  a linear, non-decreasing supply bid curve that varies the intercept α 1 [13]. Therefore 

the bidding parameter of supplier-1 β1 is fixed as a1 which is optimized within the intervals b1 

and m.b1 (m is set to be 2 in all simulations) using SaDE algorithm. The bidding parameters of 

rivals’ (βi and αi where i = 2, 3, 4, 5 and 6) are generated according to joint or multivariate 

normal distribution 
as explained in Appendix as Table A-2. With the optimized bid of supplier-

1 and multivariate distributed rivals’ bids, MCP, power dispatch and corresponding unit status 

are calculated. With the unit status, the constraints specified are checked and economic power 

dispatch is found for a load demand of 390 MW using QP. 
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Table 1. Results of 6 unit single hour data under perfect competition and oligopoly markets 
Market 

situations 

MCP 

($) 
Outputs 

Suppliers 

1 2 3 4 5 6 

Perfect 
competition 

3.427 

Power dispatch (MW) 160 48.11 38.94 28.94 85.06 28.94 

α 2 1.75 1 3 3.15 3 

β 0.0087 0.035 0.0625 0.015 0.003 0.015 

Fuel cost ($) 432 124.7 86.344 93.100 280.0 93.10 

Revenue ($) 548.40 164.9 133.49 99.191 291.5 99.19 

Profit ($) 116.40 40.11 47.14 6.09 11.52 6.09 

Oligopoly 

(Optimal 
bidding 

strategy) 

3.912 
 

Power dispatch (MW) 160 48.11 38.94 28.94 85.06 28.94 

α 3.04 2.74 1.41 0.57 1.01 2.64 

β 0.0087 0.02 0.021 0.07 0.053 0.07 

Fuel cost ($) 432 124.7 86.34 93.10 280.0 93.10 

Revenue ($) 625.8 188.2 152.3 113.2 332.7 113.2 

Profit ($) 193.8 63.5 65.99 20.10 52.70 20.1 

 

 The revenue, cost and profit calculations are done and the results of this case are given in 

Table 1. Figure 1 shows the comparison of supplier profit under both the cases A and B. It is 

observed that the profit of supplier-1 under perfect competition and oligopoly may come to 

$116.401 and $193.87 respectively. Thus there is a rise in profit of $77.469 if the supplier 

incorporates an optimal bidding strategy before submitting bids to ISO. This is due to the 

additional revenue generated by the suppliers by an increase in MCP from $3.427 to $3.912. 

 

Table 2. Comparison of results of perfect competition and optimal bidding strategy 

Perfect competition Oligopoly (Optimal bidding strategy) 

Profit of supplier-1($) 
Execution 

time (sec) 
Profit of supplier-1 ($) 

Execution 

time (sec) 

108(Rajathy et al. 2010) -- 192(Rajathy et al. 2010) -- 

116.40 0.2 193.87 15.46 

 

 
Figure 1. Comparison of profits for six suppliers for case A and B 

 

Profit Maximization and Optimal Bidding Strategies of Gencos 

757



 

 

 Table 2 shows the comparative results of the methods used to determine the profit of 

supplier-1 under perfect competition and oligopoly markets with an execution time of 0.2 and 

15.46 seconds respectively. In case of oligopoly markets, the rise in execution time is due to 

repeated simulation up to 200 iterations to optimize the bids until the objective of maximum 

profit is achieved. The bid coefficients are optimized using SaDE and the supplier-1 can get a 

profit of $193.87. Since the mutation process has been improved by introducing learning 

strategies, the profit obtained is $193.87 more than traditional DE, which was $192. The idea 

behind our proposed learning strategy adaptation is to probabilistically select one out of several 

available learning strategies and apply to the current population. 

 

6. Conclusion and Future Expansion 

 SaDE algorithm with learning strategies to build optimal bidding strategy for power 

suppliers participation for single and multi-hour trading in single auction pool-co markets is 

proposed. This algorithm can automatically adapt its learning strategies and the associated 

parameters during the evolving procedure. The power dispatch level and UC of suppliers 

participating in energy markets are determined. The optimized values of bids of the suppliers 

are found in such a way that the suppliers do yield profit and get benefited. The rivals’ bidding 

behavior has been determined from multivariate probability distribution function. Simulation 

results prove the capability of SaDE to solve this supplier optimization problem effectively. 

The method developed in this research provide a systematic way of investigating the profit 

maximization and bidding strategies of the suppliers participating in energy markets. This 

method can be extended for the market participants that are able to provide the required 

ancillary services by setting up reserve markets. 
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8.  APPENDIX 

 The pseudo code of self adaptive differential algorithm, joint or multi variate probability 

distribution function, generator data of six unit test system are given in Tables 1, 2 and 3.        

                     

Table 1. Pseudo code of Self adaptive differential algorithm 

Initialize the population K=(x1,x2,...xN) 

Repeat 

The initial probabilities are set to be equal to 0.2 , ie., pj=0.2 where j=1, 2,..5 which is the five different 

mutation strategies to each individual in the current population. 

 for i:= 1 to N do 

 

Generate new trial vector y in each mutation strategy. 

Update the probability as  

jj

j
j

nf+ns

ns
=p  , nsj is the number of trial vectors successfully entered for next 

iteration and nfj is the nsj  is the number of trial vectors discarded while generated by each strategy. 

         

if f(y)< f(xi) then insert y into the new generation M 

else insert xi into the new generation M 

 end if 

     end  for 

 K:=M 

Until stopping condition 
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Table 2. Joint or multivariate probability density function 

The basics of joint PDF are given below 

           Let x and y be distributed bivariate normal.  x and y are said to be distributed bivariate 

normal if they are linear functions of other two independent normal random variables [14]. 

The joint probability distribution function is given by f (x, y) = 

      

 
      























 







 YX

YX

Y

Y

X

X

YX
σσ

μyμxρ

σ

μy
+

σ

μx

ρσσπσ

2

12

1
exp

12

1
22

22          (10)

 

 

where E[x] = μx, E[y] = μy , SD(x) = σx, SD(y) = σY,  ρ =cor(x, y ) and the variables x and y are 

expressed in compressed form as 
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      This joint PDF is utilized to estimate the rivals’ bidding coefficients as mentioned below. 

The bid coefficients of rivals’ participating in energy markets, βi and αi (i = 1, 2… N) obey a 

multivariate normal distribution with the PDF given in (Fushuan Wen and A. Kumar David 2001) 

and can be expressed in compressed form as 
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where tj ,  is the correlation coefficient between  
 t
i  and

 t
i ,

  ti , , 
  ti, , 

  ti ,  and 
  ti ,  

are the parameters of the multivariate normal distribution. The supplier who is aware of market 

power in deregulated market is likely to bid above the marginal production cost. The rivals’ are 

expected to bid 20% above operating cost. The mean, standard deviation and correlation factor of 

rivals’ in energy markets are estimated as 
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The mean and standard deviation of iα and i are specified as  (αα
ti,

(αα
ti,
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ti,

(αα
ti, σ+μ,σμ 44

 
and 

 (ββ
ti,

(ββ
ti,

(ββ
ti,

(ββ
ti, σ+μ,σμ 44  respectively, with the probability of 0.999. The rivals’ bid data and their 

corresponding joint normal distribution functions are estimated using ‘mvnrnd’ and ‘mvnpdf’ 

commands respectively in MATLAB and then given as the input to the SaDE algorithm. 

 

 

 

 

Profit Maximization and Optimal Bidding Strategies of Gencos 

759



 

 

 

Table 3. Generator data of six unit system 

Gen No. 
api 

($/MWh
2
) 

bpi 

($/MWh) 

Cpi 

($) 

Pmin 

(MW) 

Pmax 

(MW) 
1 0.00875 2 0 50 160 
2 0.035 1.75 0 20 100 
3 0.0625 1 0 30 80 
4 0.015 3 0 10 60 

5 0.00334 3.15 0 50 160 

6 0.015 3 0 10 50 
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