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In an electricity market generating companies and large consumers need suitable bidding models 
to maximize their profits. Therefore, each supplier and large consumer will bid strategically for 
choosing the bidding coefficients to counter the competitors bidding strategy. In this paper, 
bidding strategy problem is modeled as an optimization problem and solved using a novel 
algorithm based on Bacterial Foraging Algorithm (BFA). BFA is an optimization algorithm 
inspired on bacteria moving in their environment looking for high-nutrient areas. The BF 
strategy is based upon the fact of survival of species in any natural evolution process depends 
upon their fitness criteria, which relies upon their food searching and motile behavior. Due to 
this it has better precise search which avoids premature convergence and always looking for the 
high-nutrient areas causes’ fast convergence. Therefore the proposed method overcomes the 
short comings of selection of operators and premature convergence of Genetic Algorithm (GA) 
and Particle Swarm Optimization (PSO) method. The proposed method tested with a numerical 
example consists of 6 suppliers and 2 large consumers. The result shows that BFA takes less 
computational time and producing higher profits compared to GA and PSO. 

Keywords: Electricity Market, Market Clearing Price (MCP), Bacterial Foraging. 

1. Introduction 

Restructuring of the power industry mainly aims at abolishing the monopoly in the 
generation and trading sectors, thereby, introducing competition at various levels wherever 
it is possible. But the sudden changes in the electricity markets have a variety of new issues 
such as oligopolistic nature of the market, supplier’s strategic bidding, market power 
misuse, price-demand elasticity and so on. Theoretically, in a perfectly competitive market, 
suppliers should bid at, their marginal production cost to maximize payoff [1]. However, 
practically the electricity markets are oligopolistic nature, and power suppliers may seek to 
increase their profit by bidding a price higher than marginal production cost. Knowing their 
own costs, technical constraints and their expectation of rival and market behavior, 
suppliers face the problem of constructing the best optimal bid. This is known as a strategic 
bidding problem.  

In general, there are three basic approaches to model the strategic bidding problems viz. 
i) based on the estimation of market clearing price ii) estimations of rival’s bidding 
behavior and iii) on game theory. In recent years, a considerable amount of work has been 
reported [2] on optimal bidding strategy for the competitive generators in an electricity 
market. David [3] formulated a conceptual optimal bidding model for the first time in 
which a Dynamic Programming (DP) based approach has been used. A Lagrangian 
relaxation-based approach for strategic bidding in England-Wales pool type electricity 
market has been adopted in [4]. The same approach for daily bidding and self-scheduling 
decision in New England market has been suggested in [5]. Based on game theory 
applications in the competitive electricity markets a comprehensive amount of work has 
also been reported. In non-cooperative game theory approach [6-8], strategic bidding 
problem was solved using Nash equilibrium. An overall bidding strategy using two 
different bidding schemes for a day-ahead market using Genetic Algorithm (GA) proposed 
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in [9]. The same methodology has been extended for spinning reserve market coordinated 
with energy market in [10]. A stochastic-optimization approach for submitting the block 
bids in sequential energy and ancillary services markets, and uncertainty in demand and 
rival’s bidding behavior is estimated by stochastic residual demand curves based on 
decision trees proposed in [11].  To construct linear bid curves in the Nord-pool market 
stochastic programming model has been used in [12]. Opponents’ bidding behaviors are 
represented as a discrete probability distribution function and continuous probability 
distribution function in [13-14]. 

    Strategic bidding problem has been formulated as a two level optimization problem [15-
18], in which suppliers try to maximize their profit based on the market clearing price (or 
bid price), and dispatched power is obtained from an optimal power flow model. In [19], 
affect of selection of mutation parameter in GA for bidding strategies is explained. Optimal 
bidding strategy problem using Particle Swarm Optimization (PSO) has been applied in 
[20]. 

In general, strategic bidding is an optimization problem that can be solved by various 
conventional and non-conventional (heuristic) methods. Depending on the bidding models, 
objective function and constraints may not be differentiable and then conventional methods 
cannot be applied. Heuristic methods such as GA, Simulated Annealing (SA) and 
Evolutionary Programming (EP), Particle Swarm Optimization (PSO) etc., have main 
limitations of their sensitivity to the choice of parameters, such as the crossover and 
mutation probabilities in GA, temperature in SA, scaling factor in EP and inertia weight 
and learning factors in PSO.    

Bacterial Foraging Algorithm (BFA) is a population-based stochastic optimization 
algorithm modeled after the simulation of the social foraging behavior of E. coli and M. 
Xanthus bacteria. BFA is similar to evolutionary methods in the sense these approaches are 
population-based and each individual has a fitness function. However, BFO is influenced 
by the simulation of social behavior rather than the survival of the fittest. Another major 
difference is that, in BFO, each individual benefits from its history whereas no such 
mechanism exists in other evolutionary methods. BFA is easy to implement and has been 
successfully applied to solve a wide range of optimization problems such as continuous 
nonlinear and discrete optimization problems. 

    In this paper, bidding strategy problem is modeled as an optimization problem and 
solved using a new technique called Bacterial Foraging Algorithm (BFA) for the first time. 
The results are compared with GA and PSO as they are population based and swarm 
intelligence algorithms. The result shows that BFA can generate better quality solution 
within shorter calculation time and stable convergence characteristic than GA and PSO. 

2. PROBLEM FORMULATION 

Consider a system consist of ‘m’ Generators or suppliers and ‘n’ large consumers 
participated in the bidding process where an inter-connected network controlled by an 
Independent System Operator (ISO) and a Power Exchange (PX). Next assume that  each 
supplier and large consumer is required to bid a linear non-decreasing supply and non-
increasing demand function to PX, say  bid  linear supply curve denoted by  

( ) iiiii PbaPG += when i= 1,2,…..m and for large consumers bid linear demand curve 
denoted by   ( ) jjjjj LdcLW −=  when j=1,2,….n. Here Pi  is the active power output, ai  
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and  bi the bidding coefficients of the ith  supplier, Lj is the active power load,  and cj and dj 
the bidding coefficients of the jth large consumer;  ai ,  bi , cj and dj  are non-negative. After 
receiving bids from suppliers and large consumers, the pool determines a set of generation 
outputs, a set of consumer demand and minimizes the total purchasing cost. It is clear that 
generation dispatching should satisfy the following Eqs. (1) - (5).  

                        RPba iii =+                           i=1, 2 …m                              (1) 
                       RLdc jjj =−                        j=1, 2….n                                (2) 
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where, R is the uniform market clearing price of electricity to be determined. Q(R) is the 
aggregate pool load forecast as follows: 

                            ( ) KRQRQ o −=)                                                              (6) 
where Qo is a constant number and K is a coefficient denoting the price elasticity of the 
aggregate demand. If pool demand is largely inelastic, then K=0. The inequality constraints 
(4) and (5) are ignored, the solution to Eqs. (1) - (3) are: 
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Pmin,i and Pmax,i are the generation output limits of the ith supplier, and Lmin,j and Lmax,j are the 
demand limits of the jth large consumer. For the ith supplier has the cost function denoted 
by, the benefit maximization objective for building a bidding strategy can be described as: 

                      Maximize: )()( , iiiii PCRPbaF −=                                       (10) 
                      Subject to: Eq (1)-(5) 

 The objective is to determine ai and bi so as to maximize F (ai, bi) subject to the constraints 
Eq. (1) - (5). Ci (Pi) is the production cost function of the ith supplier. Similarly, for the jth 
large consumer has revenue function, the benefit maximization objective for building a 
bidding strategy can be described as: 

                     Maximize: jjjjj RLLBdcB −= )(),(                                 (11) 
Subject to: Eq. (1)-(5) 

 

The objective is to determine cj and dj so as to maximize B (cj, dj) subject to the constraints 
Eq. (1) - (5). B (Lj) is the demand (benefit) function of the jth large consumer. 

     It is clear that market participants can set MCP at the level that returns the maximum 
profit to them if they know bidding strategy of other firms. But in sealed bid auction based 
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electricity market, information for the next bidding period is confidential in which suppliers 
and large consumers cannot solve optimization problem given in Eqs. (10) and (11) 
directly. However, bidding information of previous round will be disclosed after ISO 
decide MCP and everyone can make use of this information to strategically bid for the next 
round of transaction between suppliers and consumers. An immediate problem for each 
supplier is how to estimate the bidding coefficients of rivals. 

Let, from the ith supplier’s point of view, rival’s jth (j≠i) bidding coefficients obey a joint 
normal distribution with the following probability density function (pdf): 
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where, jρ is the correlation coefficient between aj and bj. )()( , b
j

a
j μμ , )( a

jσ and )(b
jσ are 

the parameter of the joint distribution. The marginal distributions of aj and bj are both 
normal with mean values )( a

jμ and )( b
jμ , and standard deviations )( a

jσ and 
)( b

jσ respectively. Similarly, the above Eq. (12) is also used for finding bidding coefficients 
of the large consumers. Based on historical bidding data these distributions can be 
determined [21]. Using Eq.(12) for supplier as well as large consumers the joint distribution 
between aj and bj, and between cj and dj, the optimal bidding problem with objective 
functions given in Eqs. (10) and (11) and constraints Eq. (1) - (5) becomes a stochastic 
optimization problem. Bacterial Foraging Algorithm (BFA) is very efficient to solve the 
above stochastic optimization problem, presented in the following section. 

3. proposed algorithm 

3.1 Bacterial Foraging Algorithm (BFA) 

Bacterial Foraging Algorithm (BFA) based on the foraging strategies of the E. coli 
bacterium cells [22]. Natural selection tends to eliminate animals with poor foraging 
strategies (methods for locating, handling, and ingesting food) and favor the propagation of 
genes of those animals that have successful foraging strategies, since they are more likely to 
enjoy reproductive success (they obtain enough food to enable them to reproduce). After 
many generations, poor foraging strategies are either eliminated or shaped into good ones 
(redesigned). Logically, such evolutionary principles have led scientists in the field of 
foraging theory to hypothesize that it is appropriate to model the activity of foraging as an 
optimization process. a foraging animal takes actions to maximize the energy obtained per 
unit time spent foraging, in the face of constraints presented by its own physiology (e.g., 
sensing and cognitive capabilities) and environment (e.g., density of prey, risks from 
predators, physical characteristics of the search area). 

The foraging behavior of E. coli (bacteria present in our intestines) can be explained by 
four processes namely, chemo taxis, swarming, reproduction, and elimination and dispersal 
as presented below. 

(i). Chemotaxis: The locomotion is achieved by a set of rigid flagella which enable the 
bacteria to swim. This left-handed helix configured flagellum either rotates counter 
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clockwise to create the force against bacterium to push the cell or rotates in clockwise 
direction to pull at the cell. This mechanism of creating rotational forces to spin the 
flagellum in either direction is named as biological motor. An E. coli bacterium can move 
in two different ways, it can swim or it can tumble. The bacterium moves in a specified 
direction during and during tumbling it does not have a set direction of movement and there 
is little displacement. Generally, the bacterium alternates between these two modes of 
operation in its entire lifetime. This alternation between the two modes enables the bacteria 
to move in random directions and search for nutrients. 

                   ( ) ( ) ( ) ( )
( ) ( )

1, , , ,
'*

i i i
j k l j k l C i

i i
θ θ

Δ
+ = +

Δ Δ
             (13) 

                                   ( )iΔ =Random vector 
                                  ( )iΔ =Transpose of vector ( )iΔ  
                                  ( )C i =step size 
(ii). Swarming: When any one of the bacteria reaches the better location, it should attract 
other bacteria so that they converge in that location. In order to meet these criteria, the E. 
coli cells provide an attraction signal to each other so that they swarm together. The 
swarming pattern seems to form based on dominance of the two stimuli (cell-to-cell 
signaling and foraging). This can be achieved by a cost function adjustment based upon the 
relative distances of each bacterium from the fittest bacterium. When all the bacteria have 
merged into the solution point this adjustment is no more to be performed. The effect of 
swarming is to make the bacteria congregate into groups and move as concentric patterns 
with high bacterial density    
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c cJ = the relative distances of each bacterium from the fittest bacterium 

S = number of bacteria 
P = number of parameters to be optimized 

mθ = position of the fittest bacteria  
attractd ,

a ttra c tw ,
rep elen th ,

rep e len tw = different parameters chosen appropriatly 
(iii). Reproduction: After the end of chemo taxis event the final population of bacteria 
undergoes the reproduction stage, where the least healthy bacteria die and the other 
healthiest bacteria split into two at the same location thus ensuring that the population of 
the bacteria remains constant. 

(iv). Elimination and dispersal: A gradual or sudden change in the location may occur due 
to consumption of nutrients or some other influence. This may cause the elimination of a 
set of bacteria and/or disperse them to a new environment. This reduces the chances of 
convergence at local optima location. 
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3.2 Implementation of BFA for Bidding Problem 

     The problem of building an optimal bidding strategy for suppliers and large consumers 
is described by Eqs. (10) and (11) as objective functions and Eqs. (1) - (5) as constraints 
can be solved directly using Bacterial Forging (BF) method. It is obvious that for 
maximizing the benefit of a supplier or large consumer, both members of the pair 
coefficients, (ai, bi) and (cj, dj) cannot be selected independently. In other words, a supplier 
and large consumer can fix one of these two coefficients and then determine the other by 
using an optimization procedure. The bidding problem formulated in previous section, 
bacteria with highest fitness represents bidding parameter to be optimized. In this case Eq. 
(12) is used to determine the optimum values of bi and dj. A food source is chosen with the 
probability which is proportional to its quality. The Pseudo code for the algorithm is 
follows. 

Step1: Initialisation: Parameters setting. 

                 P: Dimension of the search space. 
                 S: The number of bacteria in the population. 
                 Nc: Chemotactic steps. 
                 Ns: Swimming length. 
                 Nre: The number of reproduction steps. 
                  Ned: The number of elimination-dispersal events. 
                Ped: Elimination-dispersal with probability. 
         C(i) (i=1, 2,…, S) : The size  of the step taken in the random direction   
         Specified by the tumble. P( j, k, l) : P(j, k, l) = {θi (j, k, l)| i=1, 2,..,S} 
        Generate random vector (φ(j) which elements lie in [-1, 1] 
Step2: Elimination-Dispersal loop: l=l+1. 
Step3: Reproduction loop: k=k+1 
Step4: Chemo taxis loop: j=j+1 
    4.1 Take a chemotactic step for every bacterium (i). 
    4.2 compute fitness function: j(I, j, k, l), then let Jlast=  J(I, j, k, l). 
    4.3Tumble:                        

          ( ) ( ) ( ) ( )
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    4.4Move: 
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    4.5 Swim: Let m=0; 
         While(m<Ns) 
         Let m=m+1; 
         If J(I, j, k, l)<Jlast 
         Let θ(j+1, k, l)= θ(j, k, l)+C(i)+ φ(j), Compute fitness function:  
         J(I, j, k, l)=J(I, j+1, k, l)+Jcc(θi(j+1,k l),  P(j+1,k, l). 
          Else let m=Ns 
    4.6 Go to next bacterium.      
Step5: If (j<Ns), go to step 4 
Step6: Reproduction: Compute the health of the bacterium i:     

                  i
healyhJ =

1

1
( , , , )
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          Sort bacteria and chemo tactic parameters C(i) in order of ascending cost   
         Jhealth. Bacteria with highest Jhealth  values die, the remaining bacteria   
         reproduce. 
Step7: If (k<Nre), go to step 3. 
Step8: Elimination-Dispersal: Eliminate and disperse bacteria with probability  
           Ped. 
Step9: If (l<Ned), go to step 2. 

4. simulations and discussion 

     In order to evaluate the performance of proposed method for solving optimal bidding 
problem, IEEE 30-bus is considered. In this work, the parameters used for BFA, PSO and 
GA are given Table 1. The IEEE 30-bus system consists of six suppliers, who supply 
electricity aggregate load to two large consumers. The generator and large consumer data 
are shown in table 2. Qo is 300 and K is 5 is considered for aggregated load. 
 

Table 1: Parameter values used for different approaches 
BFA PSO GA 

S=20;Nc=30; Ns=4; 

Nre=10; Ned=5; 

C(i)=0.05; Ped = 0.02;  

No. of particles=20; Max. 

iterations=100; c1=c2=2.0; 

w= 0.4 to 0.9 

Population size = 20; 

Pm=0.05 Generations=100;Pe 

= 2; Pc=0.8;  
   S: population size, Nc.no.of chemotactic steps, Nr. no.of reproduction steps, Ned: No.of elimination-dispersal,  

   Ped: Probability of elimination-dispersal for BFA; c1, c2.learning factors, w. inertia weight for PSO; Pe. Elitism    

    probability, Pc. crossover probability, Pm mutation probability for GA; 

                                  
Table 2: Generator and Large Consumer Data 

                       

 

 

 

 

 

The optimal bid prices and profits are shown in Table 3. The same problem is also 
solved using PSO and GA and compared with Monte Carlo method [21].  From the results 
it is found that for a given value of K and Qo, BFA gives more profit of each supplier as 
well as more benefit of large consumer. The Market Clearing Price (MCP) and total profit 
(sum of Generators and Large consumers) using proposed method are18.28  and 
5286.3.Whereas using PSO, GA and Monte Carlo method the MCP and the total profit are 
18.04,4896.5;17.93, 4808.9; 16.35, 4759.9 respectively. In order to show the accuracy of 
proposed bidding strategy, Table 4 shows bidding strategies of generators and large 
consumer.  

    The superiority of the BFA approach is demonstrated through comparison of 
simulation results with PSO and GA. Since BFA, PSO and GA random in nature therefore 
the bidding data was executed 20 times for all the approaches. The best, worst, and average 
value of Total profit for the given data found by all the methods are tabulated in Table 5. 
The percentage deviation (PD) is defined as (Best- Worst)/Best *100%. Results in Table 6 
show that the optimal bidding strategies obtained by the BFA gives higher profit than PSO 
and GA methods. In addition to that, BFA shows good consistency by keeping the variation 

Generator e      f Pmin(MW) Pmax(MW) 
1 6.0 0.01125 40 160 
2 5.25 0.0525 30 130 
3 3.0 0.1375 20 90 
4 9.75 0.02532 20 120 
5 9.0 0.075 20 100 
6 9.0 0.075 20 100 

Large consumer g h Lmin(MW) Lmax(MW) 
1 30 0.04 0 200 
2 25 0.03 0 150 
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between the best and worst solution within 0.057%. 

 

Table 3: Optimal Bid Prices ($/MWh) and Profits ($) of Generators and consumers 
 BFA PSO GA Monte Carlo [21 ] 

Generator P 
(MW) Profit P 

(MW) Profit P 
(MW) Profit P 

(MW) 
Profit 

1 160 1679 160 1973.6 160.0 1620.9 160.0 1368.0 

2 99.8 778.3 56.1 670.6 130.0 761.2 89.4 572.7 
3 44.8 409.1 24.6 339.3 62.6 395.6 45.7 322.9 

4 120 660.1 81.2 676.8 120.0 617.0 88.8 386.4 

5 49.2 275.4 29.4 262.6 68.7 259.5 43.1 177.5 
6 49.2 275.4 29.4 262.6 68.7 259.5 43.1 177.5 

Large 
consumer 

L 
(MW) Profit L 

(MW) Profit L 
(MW) Profit      L 

(MW) 
 

Profit 
1 125.1 839.2 48.87 486.5 174.1 488.7 139.7 1126.3 
2 97.93 369.6 32.13 225.3 135.9 406.5 112.1 592.6 

MCP 18.28 18.04 17.93 16.35 

Total Profit 5286.3 4896.5 4808.9 4759.9 

                                    
  

Table 4: Bidding Strategies of Generators and Large Consumers 
 BFA PSO GA Monte Carlo[21] 

Generator bi bi bi bi 
1 0.027207 0.062 0.058 0.002927 
2 0.126932 0.079 0.101 0.12420 
3 0.332454 0.243 0.221 0.29231 
4 0.060461 0.046 0.035 0.07433 
5 0.180981 0.124 0.116 0.17058 
6 0.180981 0.124 0.116 0.17058 

Large Consumer dj dj dj dj 
1 0.096981 0.072 0.064 0.09771 
2 0.072736 0.051 0.049 0.07719 

 
Convergence profile shown in Fig 1, it is seen that BFA is superior to the PSO and GA 

because BFA has better information sharing and conveying mechanism than PSO and GA. 
It also shows that BFA has better dynamic balance between global and local search abilities 
than PSO and GA.  The result shows that the proposed method is more efficient and 
superior than PSO and GA. Simulations are carried on 2.66GHz, PIV Processor, 160 GB 
RAM and MATLAB 7.8 version is used. 

 

Table 5: Performance Comparison of Different Approaches 
 

 

 

 

  BFA PSO GA 
Best ($) 5286.3 4741.3 4723.9 

Worst ($) 4982.4 4432.5 4287.3 Total Profit 
Ave. ($) 5134.35 4586.9 4505.6 

Percentage Deviation (%) 0.057 0.065 0.092 
Average c.p.u time 2.83 6.24 12.28 
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        Fig.1. Convergence characteristics of BFA, PSO and GA 

5. Conclusions 

    Bacterial Foraging Algorithm (BFA) is proposed for the first time, to solve the bidding 
strategies for generation companies and large consumers in a pool based electricity market. 
The proposed method is numerically verified through computer simulations on IEEE 30-
bus system with both the generators and large consumers are bidding. It has been revealed 
that the power suppliers and large consumer can increase their profit by strategically 
selecting bidding coefficients.  BFA is influenced by the simulation of social behavior 
rather than the survival of the fittest and each individual benefits from its history whereas 
no such mechanism exists in GA and PSO. It is clear from the results that the proposed 
BFA can avoid shortcoming of selection of parameters and premature convergence of the 
GA and PSO methods to obtain better quality solution. 
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