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Optimal pricing of electricity in a power system was proposed during early eighties considering 
unit generation and consumer usages as decision variables. With restructuring followed by 
deregulation, a number of players have started participating in the competitive power market 
leading optimal pricing of electricity to a complicated level. Literature survey reveals that 
different models have been proposed and solved for evaluation of optimal prices using classical 
methods but many issues have not yet been exposed. This paper presents a novel algorithm for 
optimal allocation of generation schedule of generators to optimize generation cost under 
stressed condition of a system considering consumer welfare. Here, the optimal generation 
dispatch problem is formulated as a non-linear constrained optimization problem where real 
power generation and total generation cost are to be optimized simultaneously to find spot 
price. This proposed algorithm has been tested with standard IEEE 30 bus system using 
different artificial intelligence (AI) such as particle swarm optimization (PSO) and genetic 
algorithm (GA). The results demonstrate the capabilities of the proposed approach to generate 
true and well-distributed optimal solution of the dispatch problem in one run even in stressed 
condition of the system.  
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1. INTRODUCTION 

In recent years, the electricity industry has been under-going unprecedented 
restructuring all over the world. Regulated or state-owned monopoly markets have been 
deregulated [1]. This process is intended to open the power sector to market forces with the 
ultimate target of reducing consumer prices that bring about consumer welfare. Therefore, 
central ideology of electric power industry deregulation is that the delivery of power must 
be decoupled from purchase of the power itself, and be priced and contracted separately [2]. 
One of the major issues of this price-based competition is transparency and predictable 
pricing framework. With this growing interest in determining the cost of power and 
ancillary services, many real time pricing methods have been established. 

For a participant in deregulated power market, two things need to be fully examined e.g. 
(i) the relationship between competitive requirements and market structures (ii) optimal 
operation of supply and demand in terms of consumer welfare. Decisions regarding the 
operation of power plants are based on forecasted electricity prices. From economic point 
of view, active power pricing in competitive power market in variable loading conditions 
presents a good potential for providing valuable instructions for system operations. In the 
past few years the interest in OPF has even become more pronounced for considering this 
issue. Many optimization techniques have been adopted and used to solve the OPF problem 
viz. fuzzy emissions constraints [3], particle swarm optimization [4] distributed OPF 
method [5], interior point method [6], extended conic quadratic formulation [7], 
evolutionary algorithm [8], iterative approach [9], quantum inspired evolutionary algorithm 
[10] and computational intelligence techniques [11], genetic algorithm [12-14]. Different 
models of earlier researches provide a background and motivation for the development of 
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an integrated soft computing model for optimal allocation of generated power with minimal 
generation cost under stressed conditions of loading without any complicated classical 
computation. Break-even spot pricing and optimal participation of generators’ algorithm is 
explained as a constrained non-linear optimization problem using PSO and GA that permits 
competent and effective handling of a large set of equality and inequality constraints within 
the problem solution.  

In a deregulated electricity market, it is quite indispensable to optimize the instantaneous 
price of electricity as well as generated power at a particular state of demand from both 
generation and distribution point of view. GA and PSO do not require any prior knowledge, 
space limitations, or special properties of the function to be optimized, such as smoothness, 
convexity or existence of derivatives. It can be applied using binary and continuous 
approaches. 

This paper focuses on the issues related to spot pricing in competitive power market 
under variable load conditions. Early attempts of this approach either concentrated on 
optimizing price at fixed demand or optimizing power flow using different AI techniques in 
regulated power environment. But those models could not create a transparent competition 
between Gencos in different stressed conditions in deregulated environment. The proposed 
algorithm is utilized for getting re-dispatching schedule of generated powers in real time 
operations to optimize the price of electricity by optimizing spot price for consumer welfare 
i.e. the consumer price will be as close as possible to cost of electricity. The proposed 
model has been successfully tested with IEEE 30 bus standard test system using GA and 
PSO, which produce satisfactory results avoiding any classical calculation of generation 
cost as well as this proposed algorithm has an advantage of soft computing techniques like 
lesser time complexity and easy problem formulation. 

2. OVERVIEW OF PARTICLE SWARM OPTIMISATION 

PSO is a simple and efficient population based optimisation method proposed by 
Kennedy and Eberhart [15]. It is motivated by social behaviour of organism such as fish 
schooling and bird flocking. In PSO, potential solutions called particles fly around the 
multidimensional problem space. Population of particles is called swarm. Each particle in a 
swarm flies in the search space towards the optimum or quasi optimum solution based on 
its own experience, experience of nearby particles, and global best position among particles 
in the swarm. 

Let us define search space S is n-dimension and the swarm consists of N particles. At 
time t, each particle i has its position defined by { }1, 2 ,.....i i i i

t nX x x x= and a velocity defined 

by { }1 2, ,.....i i i i
t nV v v v= in the variable space S. Position and velocity of each particle changes 

with time. Velocity and position of each particle in the next generation (time step) can be 
calculated as  

( ) ( ),
1 1 2() ()i i i i i g i

t t t t t tV w V c rand P X c Rand P X+ = × + × × − + × × −                                  (1) 

1 1
i i i
t t tX X V+ += + ; 1,...,i N=                                                                                            (2) 

Where, N= number of particles in the swarm; n= number of elements in the particle; w= 
inertia weight of the particle; t= generation number; 1 2,c c = acceleration constant; 

(), ()rand Rand = uniform random values in the range [0,1]; ,i g
tP = global best position of 
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the particle in the population; i
tP = best position of the particle i so far. The inertia weight w 

is an important factor for the PSO’s convergence. It is used to control the impact of 
previous history of velocities on the current velocity. A large inertia weight factor 
facilitates global exploration (searching of new area) where small weight factor facilitates 
local exploration. Therefore, it is wise to choose large weight factor for initial iterations and 
gradually reduce weight factor in successive iterations [16]. This can be done by using 

max min
max

max

w w
w w iter

iter
−

= − ×                                                                                          (3) 

Where maxw and minw are maximum and minimum weight, respectively, iter is iteration 
number, and maxiter is the maximum iteration allowed. 

With no restriction on the maximum velocity max( )V of the particles, velocity may move 
towards infinity. If maxV is very low, particles may not explore sufficiently and if maxV is 
very high, it may oscillates about optimal solution. Velocity clamping effect has been 
introduced to avoid the phenomenon of ‘swarm explosion’. in the proposed method, 
velocity is controlled with in a band as  

max min
max, max

max
t

V V
V V iter

iter
−

= − ×                                                                                     (4) 

Where max,tV is the maximum velocity at generation t, and maxV and minV are initial and 
final velocity, respectively. Acceleration constant 1c is called cognitive parameters pulls 
each particle towards local best position whereas constant 2c is called social parameter 
pulls the particle towards global best position. Usually 1c  equals to 2c  and ranges from 0 to 
4. 

3. OVERVIEW OF GENETIC ALGORITHM  

Genetic algorithm (GA) [17] is a global adaptive search technique based on the 
mechanics of natural genetics. GA uses a direct analogy of natural behavior. It is applied to 
optimize existing solutions by using methods based on biological evolution such as the 
ones presented by Charles Darwin. It has many applications in certain types of problems 
that yield better results than the commonly used methods. To solve a specific problem with 
GA, a function known as fitness function needs to be constructed which allows different 
possible solutions to be evaluated. The algorithm will then take those solutions and evaluate 
each one, deleting the ones that show no promise towards a result but keeping those which 
seem to show some activity towards a working solution. 

One of the advantages of genetic algorithm is that it is a parallel process because it has 
multiple offspring thus making it ideal for large problems where evaluation of all possible 
solutions in serial would be too time taking, if not impossible. The main critical point of 
genetic algorithm is selection of the initial population otherwise the convergence procedure 
may show the unsatisfied answer.  

3.1 Problem Encoding: 

Each control variable is called a gene, while all control variables integrated into one 
vector is called a chromosome. If the chromosome has NP parameters (an N dimensional 
optimization problem) given by p1, p2……pNp, then the single chromosome is written as an 
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array with 1 * NP elements as follows: 

Chromosome= 1 2........., Npp p p⎡ ⎤⎣ ⎦                                                                                       (5) 

 The GA always deals with a set of chromosomes called a population. Transforming 
chromosomes from a population, a new population is obtained, i.e., next generation is 
formed. It needs three genetic operators: selection, crossover, and mutation for this purpose. 

Improvement of the average fitness of the population is achieved through selection of 
individuals as parents from the completed population. The selection is performed in such a 
way so that chromosomes having higher fitness are more likely to be selected as parents. 

3.2 Crossover and Mutation: 

After the selection, The GA applies a random generator to cut the strings at any position 
(the crossover point) and exchanges the substrings between the two chromosomes. Once the 
crossover is performed, the new chromosomes are added to the new population set.  
Mutation being another parameter, it involves randomly selecting genes within the 
chromosomes and assigning them random values within the corresponding predefined 
interval. The probability of mutation is normally kept very low, as high mutation rates 
could degrade the evolving process into a random search process. 

3.3 Parameter Selection: 

Like other stochastic methods, the GA has a number of parameters that must be selected. 
These include: size of population, reproduction, probability of crossover, and probability of 
mutation. The population size should be large enough to create sufficient diversity covering 
the possible solution space. In this paper, we use GA with fixed number of generations. 
Other parameters, such as crossover probability, mutation rate, and selection seem to affect 
the GA process less significantly when evaluated over a large number of generations.   

4. PROBLEM FORMULATION  

The objective function of the OPF can be considered as to maximize the social welfare 
by minimizing the global system costs and thereby maximizing consumer welfare. The 
objective function is given in (6) considering, for the simplicity, one step bid curves are 
applied for suppliers and consumers: 

( )1 , T T
G UL MIN G MAX ULC P P P Pλ λ= +                                                                                   (6) 

Where 1C - the total generation costs, GP - generation power, ULP - uncovered load, 

MINλ  - minimal acceptable price of the suppliers, MAXλ - maximal acceptable price of the 
consumers. 

Objective function (fitness) will be evaluated for each individual of the population. In 
this work, the fitness is defined as follows: 

Fitness=(S- TOTALC )                                                                                                     (7) 

Here S is the predefined range of spot price and TOTALC  has been considered as total 
cost price of generated power. In this paper, the limit of S has been assumed within 2000 to 
2500 US$/hr considering practical tariff structure. 

Constraints function is achieved using the conventional power balance relation given as 
follows: 
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1
i

n

G D L
i

P P Pε
=

= − −∑                                               (8) 

PL, the loss term is expressed using B-coefficient [18] as follows: 

1 1

n m

L Gi ij Gj
i j

P P B P
= =

=∑∑ 00 0
1 1 1

n n m

i Gi Gi ij Gj
i i j

B B P P B P
= = =

= + +∑ ∑∑                                            (9) 

Where
cos( )

cos cos | || |
i j ij

ij
i j i j

R
B

V V
θ θ

ϕ ϕ
−

= and 0
1

( )
m

i ij ji Dj
j

B B B P
=

= − +∑                                  (10) 

The equality constraints are the power flow equations, while the inequality constraints 
are due to various operational limitations. The limitations include lower and upper limits of 
generator real power capacity; power demand of the system etc.An index termed Spot Price 

Index (SPI) has been defined in this paper as FitnessSPI
spotprice

= , which indicates the 

deviation of the spot price from the breakeven point of operation of ISO. Positive value of 
SPI indicates favourable condition of a Genco and negative value is more preferable for a 
buyer. The Independent System Operator, in the proposed model, can be guided according 
to the flow chart as shown in Fig.1 to choose the re-dispatching schedules of generators to 
get optimum generation cost for consumer welfare. 

 
Figure 1:    Flowchart of proposed re-dispatching generation schedule for different loading condition  
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5. SIMULATION AND RESULTS 

Electricity prices in a restructured power system can be highly volatile due to system 
demand. It is, therefore, very difficult for ISO to control the price without any definite 
statute. With the help of the proposed algorithm, ISO can fix spot price for both buyer and 
seller of electricity. To examine the validity of proposed model for optimizing the spot 
price as well as power generation of the generators in deregulated electricity market, IEEE 
30 bus test system has been considered. The test system and production units’ properties are 
given in Tables I and II, whereas total pictorial representation of IEEE 30 bus test system is 
shown in figure 2. 

Table I: Configuration of the test system 

 

    

 

Table II: Production unit details 

Cost Co-efficient Generator 
no 

Pmax 
(MW) 

Pmin 
(MW) 

iα
 iβ  iγ  

1 145.5 120.5 0.074 1.083 25 
2 70.6 50.6 0.089 1.033 24 
3 35.6 20.4 0.089 1.033 22 
4 50 30 0.074 1.083 21 
5 25.9 10.8 0.089 1.033 23 
6 25.9 10.8 0.053 1.17 29 

 

                                        
Figure 2: SLD of IEEE 30 bus test system 

 
 

Number of buses 30 
Number of generator units 6 

Number of branches 43 
Number of tie lines 6 
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The proposed methodology has been studied considering the following three cases.  
 

Case I: Optimal generation at minimum spot price for a fixed demand 

Optimized values of generated power for all generators including total spot price have 
been determined by GA and PSO considering all equality and inequality constraints of 
optimal power flow as mentioned in (6) and (8). Table III illustrates the solution obtained 
by GA and PSO for total spot price and optimum percentage loading of each generator with 
respect to their maximum capacity as well as generated powers in MW maintaining the 
generation cost near minimum value for a fixed demand.       

Table III: Optimal dispatch schedule of generators and total spot price for fixed demand 

 

 

Case II: Contribution of individual Genco under variable loading conditions at optimum 
generation cost      

The total demand has been increased up to 10% with a step of 2% and accordingly 
generated power and total spot price has been optimized using genetic algorithm and PSO. 
Table IV demonstrates the rescheduled generations of individual generator for incremental 
demand and corresponding optimized spot price. From this model the ISO will be able to 
advice a Genco to reschedule the generators for optimum generation cost under stressed 
condition of loading. It can also be inferred from Table IV that the generators of higher 
ratings cater less stress than the generators of lower rating. This rescheduling technique 
emphasizes efficient load distribution while optimizing spot price.  

Table IV: Optimal redispatching schedule of GENCOs and total generation cost for incremented 
demand 

Rescheduled Generation 

System Demand 
 

Gen 
 1 

MW 
Gen 2 
MW 

Gen 
 3 

MW 

Gen 
 4 

MW 

Gen 
 5 

MW 

Gen 
 6 

MW 

Spot price 
US$/hr 

Base case 120.5 50.6 31.4 44.54 21.6 21.69 2058.9 

2 % increase 120.5 50.6 32.6 47 22.9 22.89 2095.9 

4 % increase 120.5 50.6 34.2 48.57 24.5 24.47 2133.9 

6 % increase 120.5 52.4 35.3 49.59 25.5 25.49 2178.3 

8 % increase 121.7 54.5 35.6 49.99 25.9 25.89 2233.2 

10 % increase 125.3 60.6 35.5 49.99 25.9 25.89 2371.7 
 

Case III: Breakeven operation in deregulated system 

The allocation of loading to generators with the increment of demand should be cost 
effective for both Genco and consumer point of view. The previous researches concentrated 

Intelligent 
Techniques 

Gen 1 Gen 2 Gen 3 Gen 4 Gen 5 Gen 6 Spot price 
US$/hr 

Percentage Loading of generator w. r. to Pmax 
GA 82.82 

 
71.67 

 
88.17 

 
89.08 

 
83.7 

 
83.7 

 
2058.9 

PSO 82.80 70.90 88.27 89.09 83.69 83.67 
 

2057.9 
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on a fixed allocation of load according to spot price. But several other re-dispatching 
schedules of generators are possible for optimum spot price. Tables V shows different re-
dispatching schedules of generators, keeping one of the generators fixed at its generation 
prior to increase in demand and corresponding total spot price within predefined limit for 
increased load value. Combinations B to G of Table V describes the different re-
dispatching schedules where a particular generator did not take part to deliver additional 
power during stressed condition i.e in combination B the generation of Generator 1 and that 
of Generator 2 in combination C, are kept fixed at its generation prior to increase in demand 
and so on. From these re-dispatching schedules, ISO can choose one where the spot price is 
optimum. For instance, for 10% increment in demand, re-dispatching schedule B is the 
most appropriate one from the buyer’s point of view. 

Fig. 3 indicates the variation of SPI with variable demand, and it has been observed that 
SPI varies from +0.2% to -0.05% (Fig. 3). This illustrates that ISO can run the system at or 
near breakeven point by instructing a Genco for a specific generation (Fig. 3) for both 
under stressed condition and optimum spot prices. 

 
Table V: Different re-dispatching schedules of gencos and generation cost for 10% incremented 

demand 

Gen 1 Gen 2 Gen 3 Gen 4 Gen 5 Gen 6 Intelligent  
method applied 

 

Percentage Loading for 10% increment in demand 

Spot price 
US$/hr 

Remarks 

A 86.12 85.83 99.71 99.98 99.96 99.96 2371 No Gen is fixed 
B 82.82 92.62 99.99 99.99 99.99 99.99 2337.71 Gen 1 is fixed 
C 92.98 71.67 99.99 99.99 99.99 99.99 2465.71 Gen 2 is fixed 
D 86.12 91.76 88.17 99.99 99.99 99.99 2393.71 Gen 3 is fixed 
E 87.82 89.62 99.99 89.08 99.99 99.99 2410.71 Gen 4 is fixed 
F 85.92 92.16 96.26 99.99 83.77 99.99 2383.71 Gen 5 is fixed 

GA 

G 86.25 91.45 99.99 99.99 99.99 83.77 2408.69 Gen 6 is fixed 
A 86.11 85.93 99.75 99.98 99.96 99.96 2372 No Gen is fixed 
B 82.72 92.65 99.99 99.99 99.99 99.99 2337.78 Gen 1 is fixed 
C 91.98 71.77 99.99 99.99 99.99 99.99 2465.41 Gen 2 is fixed 
D 86.10 91.77 88.27 99.99 99.99 99.99 2393.81 Gen 3 is fixed 
E 87.92 89.52 99.99 89.88 99.99 99.99 2410.61 Gen 4 is fixed 
F 85.92 92.26 96.27 99.99 83.87 99.99 2383.76 Gen 5 is fixed 

PSO 

G 86.27 91.45 99.99 99.99 99.99 83.87 2408.76 Gen 6 is fixed 
 
 

  
Figure3: Variation of percentage SPI with demand 



FENG Leihua et al: Soft sensor modeling of mill output in direct fired system based on ... 
 

 234 

6. CONCLUSION 

This paper proposes and develops an integrated soft computing method using GA and 
PSO to calculate spot price and optimal allocation of the generated power in real-time 
under variable loading conditions. The proposed algorithm has been successfully tested to 
create a healthy competition between generators in different re-dispatching schedules. The 
load allocation of generators is generally based on economic theory and optimal power flow 
concept. In the proposed method, the management of spot price of generated electricity is 
planned as an optimization problem. The model is then implemented by changing the 
loading conditions of the system to produce re-dispatching generator schedule as optimal 
solutions using GA and PSO. Case studies on IEEE 30 bus system are reported to illustrate 
the proposed model. With the proposed model, ISO can maintain the spot price within 
predefined limit even in stressed condition. Hence the variation of electricity price can be 
restricted, which has awfully significant aspect in deregulated environment.  
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