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Abstract 
The primary objective of this research article is to introduce Differential Evolution (DE) algorithm 
for solving bidding strategy in deregulated power market. Suppliers (GENCOs) and consumers 
(DISCOs) participate in the bidding process in order to maximize the profit of suppliers and bene-
fits of the consumers. Each supplier bids strategically by choosing the bidding coefficients to 
counter the competitors bidding strategy. Electricity or electric power is traded through bidding 
in the power exchange. GENCOs sell energy to power exchange and in turn ancillary services to 
Independent System Operator (ISO). In this paper, Differential Evolution algorithm is proposed for 
solving bidding strategy problem in operation of power system under deregulated environment. 
An IEEE 30 bus system with six generators and two large consumers is employed to demonstrate 
the proposed technique. The results show the adaptability of the proposed method compared with 
Particle Swarm Optimization (PSO), Genetic Algorithm (GA) and Monte Carlo simulation in terms 
of Market Clearing Price (MCP). 
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1. Introduction 
The electric power industry worldwide is experiencing restructuring and deregulation of power market. Deregu-
lation and restructuring of electric power industry around the world raises many challenging issues related to the 
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operation of power system. The core issue of restructuring is deregulating the power industry and introducing 
the competition among the generating companies. Competition creates the opportunities for GENCOs to get 
more profit. In restructured power market, each GENCO reasonably builds strategic bid to maximize its own 
profit [1] [2]. The market efficiency is improved with the deregulated power market structure. The power ex-
change and ISO are independent non-profit organizations. Electricity is traded through bidding in the power ex-
change (PX). ISO controls and operates the transmission grid. GENCOs sell energy to PX and ancillary services 
to ISO. Energy is distributed to end users through distribution network and ancillary services are used to support 
the system organization. A framework for sub-optimal bidding strategy was presented in [3]. Genetic algorithm 
[4] [5] has been proposed for solving bidding strategy. A two level optimization algorithm was adopted in [6] 
for building market bidding strategy, where the market participants try to maximize their profit. A brief litera-
ture survey on bidding strategy is presented in [7]. Several classical techniques such as Markov decision process 
[8] [9], Lagrangian Relaxation [10], Monte Carlo based approach [11] have been proposed by various scholars 
in the past decade. Apart from these methods, few other techniques [12]-[21] are suggested to solve the bidding 
strategy. Recently, modern heuristic methods [22]-[32] like particle swarm optimization, gravitational search 
algorithm and hybrid algorithms have been proposed to solve the bidding strategy problem with wide variety. 

It is noticed from the literature survey that several techniques are adopted to solve strategic bidding problem. 
However, there is a need to improve the quality of solution in terms of profit. The main objective of this paper is 
to suggest a new technique for solving bidding strategy problem. Therefore, DE is recommended in this paper. 
The remaining paper is formulated as follows: problem formulation for bidding in Section II; proposed metho-
dology and implementation steps of DE in Section III; case studies in Section IV; conclusions of the paper in 
Section V. 

2. Problem Formulation for Bidding 
Consider a power system consists of “n” independent generators, an inter-connected transmission network con-
trolled by ISO, a Power Exchange, an aggregated load, and “m” large consumers who join in demand side bid-
ding. Further, assume that every generating company and large consumer is required to bid a linear non-de- 
creasing supply and non-increasing demand functions respectively to power exchange. 

The GENCO supply bid price is denoted by ( )i i i i iG P x y P= +  where 1,2,3, ,i n=  , iP  is the ith generator 
active power output, ix  is intercept and iy  is slope of the supply bid curve. The jth large consumer demand 
price is denoted by ( )j j j j jW L u v L= −  where 1,2,3, ,j m=  , jL  is the jth load active power demand. ju  is 
intercept and jv  is slope of the demand bid curve. ix , iy , ju , and jv  are non-negative bidding coeffi-
cients. 

Now, the main task of Power Exchange is to determine a set generation outputs, a set of consumer demands 
that minimizes the total purchasing cost, while meeting the security and reliability constraints with clear dis-
patch procedures. That is, Power Exchange determines a set of power outputs ( )T

1 2 3, , , , nP P P P P=   and a set 
of demands ( )T

1 2 3, , , , nW W W W W=   by solving the following Equations (1) to (5). 
, 1, 2,3, ,i i i iy nx P MCP+ = =                                   (1) 

, 1, 2,3, ,j j j jv mu L MCP− = = 
                                (2) 

Power balance equation is as follows: 

( )1 1
n m

i ji jP Q MCP W
= =

= +∑ ∑                                   (3) 

where, MCP is the electricity uniform market clearing price to be determined. ( )Q MCP  is the forecasted ag-
gregated pool load predicted by PX, made open to all the participants, and is dependent on the price elasticity. 

Generation and load in equality constraints are: 

min max
, 1, 2,3, ,i i i iP P P n=≤ ≤                                    (4) 

min max
, 1, 2,3, ,j j j jW W W m=≤ ≤                                   (5) 

where 
miniP  and 

maxiP  are the lower and upper power limits of the ith generator respectively. 
minjW  and 

maxjW  
are the lower and upper demand limits of the jth consumer respectively. When the expression of Q(MCP)is 
available, Equations (1)-(3) can be solved directly. Assume that the aggregated forecasted pool load as follows 
in the linear form: 
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( ) 0Q MCP Q K MCP− ∗=                                      (6) 

where 0Q : constant number and K: coefficient representing the price elasticity of the aggregated power demand. 
K = 0, if pool power demand is largely inelastic. 

When the generation and load inequality constraints are neglected, the solution to equations are as follows: 

0 1 1

1 1

1 1

n m ji
i j

i j

n m

i j
i j

uxQ
y v

MCP
K

y v

= =

= =

+ +

=
+ +

∑ ∑

∑ ∑
                                 (7) 

Power awarded to generator and large consumer is calculated as follows: 

, 1, 2,3, ,i
i

i

i
MCP x

nP
y
−

==                                   (8) 

, 1, 2,3, ,j
j

j

j
u M

m
CP

L
v
−

==                                  (9) 

When solution of Equations (8) violates the maximum power limit 
maxiP , iP  is set to its maximum power 

limit 
maxiP . If iP  is smaller than its lower power limit 

miniP , iP  should be set to zero instead of 
miniP  and 

the generator is removed from the bidding problem since the generator ceases to be competitive, similar treat-
ment is applicable to jL . Suppose that individual supplier reasonably aims at profit maximization, the ith sup-
plier benefit maximization objective function for developing a bidding strategy may be defined as: 

( ) ( )Max. ,i j i i iF x y MCP P C P∗ −=                              (10) 

Subject to Equations (1)-(5) where Ci (Pi) is ith supplier production cost function. The generation cost function 
is expressed as follows: 

( ) 2
i i i i i i iC P f P e P d= + +                                      (11) 

where fi, ei, and di are fuel cost coefficients of ith generator. The marginal cost of ith generator is calculated as 
follows: 

Marginal cost 2 i i if P e= +                                      (12) 

The objective is to determine ix  and iy  so as to maximize ( ),i jF x y  while meeting the constraints 
(1)-(5). Similarly, for the jth large consumer, the benefit maximization objective function for developing a bid-
ding strategy may be defined as follows: 

( ) ( )Max. ,i j j j jH u v B L MCP L= − ∗                               (13) 

Subject to Equations (1)-(5) where ( )j jB L  is jth large consumer demand (benefit) function. The objective is 
to determine ju  and jv  so as to maximize ( ),i jH u v  while meeting the constraints (1)-(5). 

It is known that bidding participants can set MCP at the level that ensures maximum profit to them if they 
aware bidding strategy of rivals. Whereas in sealed bid auction based market, electricity data for the next bid-
ding period is not openly available, hence GENCOs and large consumers cannot solve the problem due the in-
formation needed to solve the problem given in Equations (10) and (13) is not available. But, the bidding pre-
vious history is available, and hence the bidding coefficients of opponents can be roughly calculated. However, 
previous round bidding information will be made open to all participants, after market operator decides MCP, 
and market participants can make use of this information to develop their strategic bids for the next round of 
transaction. Whereas, each supplier can estimate their opponents bidding coefficients using probability distribu-
tion function (pdf). 

3. Proposed Methodology 
In this section, a brief description of DE [33] and the implementation steps of DE for bidding strategy are 



V. V. S. Angatha et al. 
 

 
40 

provided. 

3.1. Differential Evolution 
Differential Evolution algorithm [34] has been proposed by Storn and Price in 1995. It is a basic yet effective 
population-based stochastic search procedure for taking care of global optimization problems. The algorithm is 
named as Differential Evolution because of a unique kind of differential operator, which makes new off-springs 
from parent chromosomes rather than classical crossover and mutation. 

A brief depiction about different operators of differential evolution is given beneath: 

3.1.1. Initialization 
First step of DE is initialization of population. The population should cover the whole search space. The upper 
and lower limits are taken as Xmax and Xmin: 

{ }max 1max 2max 3max max, , , , DX X X X X=                              (14) 

{ }min 1min 2min 3min min, , , , DX X X X X=                              (15) 

where D represents number of variables. The jth component of the ith individual is initialized as follows: 

[ ] ( ), ,min ,max ,min0,1i j j j jrX X X Xand+ ∗ −=                           (16) 

where 1, 2,3, ,i N=   p-individuals, 1, 2, ,j D=   and rand [0,1] represents a uniformly distributed random 
number in the interval [0,1], where 0 and 1 are the lower and upper limits. 

3.1.2. Mutation 
Off springs for the next generation are introduced into the population through transformation process. The 
transformation is performed by selecting three individuals from the populace in an arbitrary way. 

Let Xr1, Xr2, Xr3 and Xi represent three random individuals and target individual respectively such that r1 ≠ r2 
≠ r3 ≠ i upon which mutation is performed during the Gth generation as: 

( ), 1 1, 2 3, ,i G r G r rV X F X G X G+ = + ∗ −                              (17) 

where Vi,G+1 is the perturbed mutated individual. The difference of two random individuals is scaled by an ele-
ment F, which controls the amplification of the contrast between two individuals in order to avoid search stagna-
tion and to enhance convergence. 

3.1.3. Crossover 
New off-springs are reproduced through the crossover operation based on binomial distribution. The members of 
the current population (target individual) and the members of the mutated individuals are subjected to crossover 
operation in this manner delivering a trial vector as follows: 

[ ], ,
,

,
,

1

,
1

if 0,1

otherwise
i j G

i G
j

j
i G

V rand C
U

r

X
+

+ =
≤




                             (18) 

where Cr is the crossover constant that controls the diversity of the population and prevents the algorithm from 
getting caught into the local optima. The crossover constant must be in the range of [0,1]. Cr = 1 infers the trial 
vector will be composed entirely of the mutant vector individuals and Cr = 0 infers that the trial vector members 
are composed of the individuals of parent vector. The mathematical statement can also be written as: 

( ), ,  1 , , , ,1 1i j G i j G i j GU X Cr V Cr+ = ∗ − + + ∗                              (19) 

3.1.4. Selection 
In DE, selection technique is performed with the trial vector and the objective vector to get the best set of people 
for the next generation. In the proposed methodology, one and only population kept up and consequently the 
best individuals replace the object individual’s in the present population. The objective values of the trial vector 
and the object vector obtained from the fitness function are evaluated and compared. 
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( ) ( ), ,
,

,

,
1

if

otherwise
i G i G i G

G
i

i
G

U f U f X

X
X +

 ≤= 


                             (20) 

Mutation, crossover and selection continue until some stopping criterion is reached. 
Flowchart of Differential Evolution is shown in Figure 1. 

3.2. Differential Evolution for Bidding Strategy 
Complete procedure of the differential evolution algorithm for solving bidding strategy is illustrated below 
(Figure 2): 

1) Step I Input Data 
(i) For Bidding problem: Number of suppliers, number of consumers, fuel cost data of suppliers and consum-

ers. (ii) For Differential evolution: Population size, number of iterations, mutation and crossover ratio. 
2) Step II Initialization 

Initialization is one of the important steps in solving the bidding strategy problem. Thebidding coefficients are 
inter-dependent. Here, x and u are kept constant and y and v are selected randomly. 

3) Step III Iterations Starts 
(i) Calculate Market Clearing Price 
(ii) Evaluate powers of suppliers and large consumers 
(iii) Calculate profit of suppliers and large consumers. 
4) Step IV Iterations Starts for DE 
(i) Generate donors by mutation 
(ii) Perform recombination 
(iii) Evaluate MCP for updated values of b and d 
(iv)Evaluate powers and check for limits of generators and consumers 
(v) Check the error 
(vi) Find the best solution 
(vii) End of iterations for DE 
(viii) End of iterations 
5) Step V Final Results 

4. Case Studies 
The proposed DE algorithm is tested on a IEEE 30 bus system with six generators and two consumers. Coding 
of the algorithm is developed in MATLAB (version 2012 A) and executed in personal laptop (Dell vostro, 
i3,2310 M CPU 2.10 Ghz, 4GB RAM, 64 bit WINDOW operating system). Fuel cost coefficients of generators 
 

 
Figure 1. Flowchart of differential evolution.                                     
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(e in $/MWh, and f in $/MW2h), demand cost coefficients (g and h), generator output power limits and large 
consumer load demands are taken from [31] and are provided in Table 1. 

During execution of the proposed algorithm, the numerical values of various control parameters are used and 
are shown in Table 2. 

Each rival supplier is assumed to have an estimated joint normal distribution for the bidding coefficients. 
 

 
Figure 2. Flowchart of proposed method.                                     

 
Table 1. Generator and large consumer data.                                                                         

Generator e f Pmin (MW) Pmax (MW) 

1 6 0.01125 40 160 

2 5.25 0.0525 30 130 

3 3 0.1375 20 90 

4 9.75 0.02532 20 120 

5 9 0.075 20 100 

6 9 0.075 20 100 

Consumer g h Lmin (MW) Lmax (MW) 

1 30 0.04 0 200 

2 25 0.03 0 150 
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After execution of the proposed algorithm, the end results of a and b are listed in Table 3. The market clear-
ing price (MCP) by the proposed algorithm is 17.6405 $/MWh. 

The powers of generators and consumers are given in Table 4. The estimated profit of six generators and 
benefit of two large consumers are shown in Table 5. 

Market clearing price of different methods, which decides the profit of the bids, is given in Figure 3. 
The estimated total profit of six generators and two large consumers with different methods are shown in 

Figure 4. The sum of profit obtained both for generators and consumers by the proposed method is $5076.70, 
which is higher than the profit obtained from PSO, GA and Monte Carlo methods. 
 
Table 2. Numerical values of various control parameters.                                                       

S. No Control Parameter  Value 

1 Qo 300 

2 K 5 

3 Popoulation 1000 

4 Iterations 500 

5 F 0.005 

6 Cr 0.85 

 
Table 3. Bidding coefficients of generators and large consumers.                                                      

Generator a b 

1 9.3326 0.0346 

2 4.8758 0.1241 

3 4.7321 0.3613 

4 6.2295 0.0765 

5 7.8143 0.176 

6 7.1003 0.1600 

Consumer c d 

1 26.3122 0.0486 

2 33.0692 0.0596 

 
Table 4. Comparison of Generated Powers in MWs with different methods.                                         

Generator Monte Carlo PSO Proposed 

1 160.0000 156.0 160.0000 

2 105.8371 89.37 104.23 

3 48.5923 45.67 36.66 

4 120.0000 88.79 120.0000 

5 49.0859 43.09 53.73 

6 49.0859 43.09 68.49 

Consumer Monte Carlo PSO Proposed 

1 170.4639 139.70 180.42 

2 143.9578 112.06 150.00 
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Figure 3. Comparison of Market Clearing Price (MCP) with different me-
thods.                                                             

 

 
Figure 4. Comparison of Profits with different methods.                    
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Table 5. Comparison of Benefits ($) with different methods.                                                        

Generator Monte Carlo PSO Proposed 

1 1370.12 1367.99 1056.2 

2 588.12 572.69 702.7 

3 324.8 322.90 345.5 

4 428.90 386.40 561.1 

5 180.71 177.45 238.3 

6 180.71 177.45 227.9 

Consumer Monte Carlo PSO Proposed 

1 1162.32 1126.26 959.69 

2 621.73 592.60 455.41 

5. Conclusion 
Differential evolution for solving bidding strategy in deregulated power market is presented in this paper. The 
proposed algorithm is an effective method and easy to implement for solving bidding strategy problem. From 
the reported results it is observed that the proposed differential evolution is an effective method in terms of qual-
ity of solution. The simulation results show that the proposed differential evolution algorithm provides better 
solution in terms of profit compared to the existing methods available in the literature survey. More realistic 
strategic bidding problem can be developed for generating companies and consumers for better competition in 
the real time operation of power system under deregulation. 
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