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Abstract
This paper studied the simplified model for bidding strategy from the
traditional bi-level bidding model, which has been developed in our previous
work. To transform the model into a single level maximization problem,
earlier, the researchers have adopted Karush–Kuhn–Tucker (KKT) optimality
conditions. Nevertheless, the profit maximization problem with KKT
optimality conditions poses a great challenge. Further, the complexity
increases in the deregulated environment while the transmission constraints
become important. As a minimization function, we simplified the profit
maximization problem. Here, the transmission constraints, the operating limits
and the ISO market clearing functions are considered with no KKT optimality
conditions. A recently developed optimization algorithm Group Search
Optimizer (GSO) has been used to solve the problem model. This paper
investigated the role of population size of the GSO on maximizing the profit
of the strategic producers. Finally, the simulation result produces the
relationship between the population size and the maximized profit.
Keywords: bidding, strategic, GSO, profit, GENCO, market, deregulated.

I.
INTRODUCTION
In worldwide the power markets have been raising comprehensive because of the
need of transformation from regulation to competition in power sectors. To allocate
the power to many deregulated environment they act as the most important media [1]
[2] [3]. The electricity producers face great bidding challenge towards maximizing its
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profits in these markets [4]. Generally, the bidding arise between the buyers and the
producers. Here, the producers submit its price offers for the produced energy and the
buyers submit the appropriate amount of energy [11]. On the basis of the demand and
the offerings of several buyers and producers, the market operator processes the
information and defines energy price for specific intervals [5]. In electricity market
some popular bidding characteristics are (a) at the intersection of aggregate offer
curve remunerating price and aggregate demand curve, (b) at every auction consider
both the offers and the bids from the buyers and the sellers, (c) From the sellers and
the buyers accept the multiple offers and bids and finally (d) hiding bids or offers of
one buyer or seller to the rest of the sellers or the buyers [6].
For surviving in the market the development of optimal strategic bidding procedures
has become a significant field in research [5]. A producer must devise the problem
accurately in order to obtain vigorous optimal bidding strategies [32, 33]. The several
techno – economic parameters, operating constraints, generation parameters that
include the start – up costs and the shut – down costs, ramp constraints, etc needs to
include in the problem model [4]. The bi-level and complementary models have been
developed recently to consider these market clearing problems and wide parameters
[7]. For example, in the market equilibrium, a linear complementarily problem (LCP)
is derived in [8]. Additionally, the optimality conditions of the producers to the
market clearing conditions.
Both the profit maximization constraints and the power flow constraints as separate
searching formulations have considered in the traditional bi-level model [9]. To find
the Nash equilibria in the market over the period the model has been used [10]. In the
literature the same kind of bi-level models have been reported by comprising the
power constraints as the minimization/ maximization functions [4] [10]. To handle the
strategic bidding framework some other methodologies have adopted binarized
encoding procedure for the problem model [12] [13] [14]. In the literature the problem
of self – scheduling of a thermal electricity producer in both day – ahead energy
market and reserve market have been reported. Here, several reserve constraints and
market clearing parameters have been considered [15]. The strategic bidding models
have been developed in the perspective of price takers [15, 18, 19, 20, 21, 23, 24],
price makers [2, 6, 13, 14, 25-31] and both [12, 13, 34-38] in the literature.
The single level strategic bidding model from traditional bi-level bidding model has
been derived in this paper. Our model is a unified version of profit maximization
model, ISO market clearing constraints and transmission constraints. In the near- real
environment by considering the transmission constraints, the derived model resembles
[1]. Then, to solve the derived model we introduce GSO, which is a recent
optimization algorithm [16].

II. BIDDING PROBLEM WITHOUT KKT CONDITIONS
The eqn. (1) represents a typical profit maximisation problem of the producer. Here,
N and N indicates the power producers and Time period, Rit indicates the revenue
and Cit indicates the Cost parameters. Besides, Cit in eqn. (1) represents the quadratic
S

H
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formulation of cost incurred by the generators to generate the quantity of power
offered. It can be illustrated as below;
NH NS

arg max
  Rit  Cit
Q
Pift ,

ift

(1)

t 1 i 1

2

Nf
N f

Cit  ai   Qift   bi  Qift  ci
f 1
 f 1 

(2)

Where, Qift represents the volume of power presented at the f th slot of t th hour by
i th producer and ai , b and c i indicates the cost efficiency of the i th . The eqn. (4)
illustrates the ISO marketing clearing problem and it is subjected to the limitations
stated in eqn. (4) and (5). In eq. (4), the Qimin and Qimax represents the minimum and
maximum generation capacities of the t th producer.
i
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Q
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In this section, the strategic bidding problem is interpreted as a minimisation function
that is illustrated as below;


 u Pift , Qift  
arg min
Q
Pift ,

ift




1
1


l Pift , Qift
 Pift , Qift 









(6)

Here, u  indicates the upper level problem, l  indicates the lower level problem
and  indicates the operating margin penalty. Besides, the u  and l  are nothing but
eqn. (1) and (3) and the  contemplated as the transmission constraints. The
  operating margin penalty function can be interpreted as cost parameters which
assess the operating margins of the transmission system while the system users deal
with the proffer curve of all the producers. It is illustrated in eqn. (7) while
considering Pift , Qift , the  ift represents the resultant transmission line parameters. As an
example,  ift could be the voltage stability margin , here  imax and  imin indicates the
maximum and minimum operating ranges of those parameters. When contemplating
the proffer curve parameters the  ift will be acquired from the load flow analysis. The
 x  represents the step function with response.
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Fig. 1. Block diagram of GSO bidding strategies

III. GSO- BASED BIDDING STRATEGIES
Fig. 1 demonstrates the solution encoding and it is used to create the solution and so it
can be processed with GSO. Besides, the offer curve has important constraints along
with eqn. (4) and (5) like
Qift  Qif 1t

(8)

Qift  0

(9)

The population based optimisation algorithm is GSO. Here, the searching behaviour
of the animals is mathematically modelled. To find the optimal bidding strategies the
GSO method is used. The producing operation is performed as follows.
(a)

Scanning at zero degree and subsequently by three random angles the
random lateral scanning is performed.

(b)

If it finds an enhanced solution point the producer will move or else it
will wait in the similar position.
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(c)

In the similar position if the producer waits for long time, subsequently
it turn rear to zero degree.

(d)

Produce an arbitrary head angle

(e)

To move to the new solution point produce a Gaussian distributed
random distance.

GSO procedure

Algorithm:
Set

k=0

Get

Xi Initial solutions; offer curve

Randomly

Initialize head angles φi of all members;

Determine

Initial member fitness values by means of eqn. (6)

while
For each and every member i in the group
In the group identify the producer Xp
Do producing
Do scrounging by means of randomly choosing 80% of rest of the
members
Do dispersion
Compute new fitness f(Xi)
End for
Increase

K by 1

End

while

IV. SIMULATION RESULTS
This section will present the results of the GENCOs and here, we use IEEE 14 bus
system [37] to investigate the performance. The simulation model is performed in
MATLAB R-2015 a. Three GENCOs such as GENCO 1, 2 and 3 are chosen and the
experimental results produced are shown in Figs. 2 , 3, 4 and 5. Fig. 2 illustrated the
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profit analysis, Fig. 3 illustrates the MCP analysis, Fig. 4 illustrates the Generation
strategy and Fig. 5 illustrates the Computational Complexity of GENCOs.
Profit Analysis
Fig. 2 illustrates the profit analysis of GENCO (Generation Company). Here, totally
three GENCOs such as GENCO 1, GENCO 2 and GENCO 3 have been used. Here,
the profit is plotted over the Population size (10 to 50). The GENCO 1 has been
achieved 5.9×105 $ profits under varying population size. The GENCO 2 has been
obtained 5.5×105 $ profits under varying population size. Similarly, 5.3×105 $ profits
have been obtained by the GENCO 3. Hence, Fig. 2 clearly states the maximum profit
is achieved by the GENCO 1 while comparing with the other GENCOs.
A.

Fig. 2. Profit analysis of GENCOs for IEEE 14 bus system

Fig. 3. MCP analysis of GENCOs for IEEE 14 bus system
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MCP Analysis
Fig. 3 demonstrates the Market Clearing Price (MCP) analysis of GENCO for IEEE
14 bus system. The MCP of different GENCOs determines the profits of bids. In Fig.
3 the MCP achieved by the GENCO 1 is 3.3 ×105 $ during the population size 10 and
decreased steadily during the population size 20 and 30. The GENCO 2 achieved
3×105 $ MCP during the population size 10 and it reduced during the population size
2.9. At population size 10 the GENCO 3 has attained 2.75 ×105 $ MCP and it steadily
increased during the population size 20 and 30. From the Fig. 3 it is found that the
GENCO 1 gives higher MCP values than the GENCO 2 and GENCO 3.
B.

Impact on Generation Strategy
The graphical illustration of Fig. 4 demonstrates the Generation strategy of GENCO
for IEEE 14 bus system. Here, the Generation strategy (2600 to 2900) is plotted over
the Population size (10 to 50). During the population size 10 the GENCO 1 produced
2800 Generation (MW) at population size 20, the 2748 Generation (MW) has been
produced. The GENCO 2 have been produced 2695 Generation (MW) and it remains
till the population size 20. The GENCO 3 produced 2650 Generation (MW) at
population size 10. From the Fig. 4 it is clear that the GENCO 1 have produced higher
GENERATION (MW) when comparing with the GENCO 2 and GENCO 3.
C.

Computational Complexity
Fig. 5 depicts the computational time of GENCOs for IEEE 14 bus system. The
computational time of GENCO 1, 2 and 3 remains same at population size 10 to 30.
However, the computational time of GENCO 1 is steadily increased during the
population size 31 to 40. But at the population size 50 the GENCO 1, 2 and 3 poses
same computational time.
D.

Fig. 4. Generation strategy of GENCOs for IEEE 14 bus system
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Fig. 5. Computational time of GENCOs for IEEE 14 bus system
V. CONCLUSION
In this paper, a unified model for bidding strategy have been developed from the
traditional bi-level bidding model. The common bidding strategic process aims
increasing the profit of the strategic producers which is provided offer curve and it is
used to resolve the ISO market clearing problem. Furthermore, a robust population
based optimization algorithm the GSO is introduced to solve the derived model. The
methodology is experimented in bus systems and the performance is compared
against GENCO based strategic bidding. The simulation results illustrate that the
obtained profit maximization through GENCO1 based bidding strategies is higher
than the other two GENCOs. The results also notified that the increase in population
size has an impact on increasing the profit despite it consumed more computing effort.
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