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Abstract: - 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 social behavior PSO. PSO is an 
optimization algorithm inspired on fish schooling. 
Therefore the proposed method overcomes the short 
comings of selection of operators and premature 
convergence of other optimization techniques like 
Genetic Algorithm (GA). The proposed method tested 
with numerical examples, and its results compared with 
other existing methods. The result shows that PSO gives 
better results and takes less computational time and 
producing higher profits. 
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I. INTRODUCTION 
In vertically integrated systems, electricity price is 
usually regulated and customers are offered pre-
determined tariffs. In competitive electricity markets, 
however, market operators determine the electricity 
price for specific intervals during a day (e.g., 5-minute 
or hourly prices), taking into account various 
economical and operational factors. Thus, the supply 
and demand side market participants are faced with the 
new challenge of electricity market price uncertainty in 
their daily operations. In a competitive electricity 
market, participants have the option of trading 
electricity through spot markets, forward markets, or 
physical bilateral contracts. Furthermore, Bulk 
Electricity Market Customers (BEMCs) may choose to 
supply their energy needs using on-site Distributed 
Generation (DG) facilities. BEMCs may also adopt other 
feasible load management strategies (e.g., load shifting) 
in order to minimize their electricity costs.  Given such a 
wide variety of options, conjecture of the future 
electricity market prices is essential for market 
participants in order to optimize their operation. A 
prior knowledge of electricity market price fluctuations 
helps power suppliers in setting up rational offers in the 
short-term, as well as designing physical bilateral 
contracts in the medium-term. In addition, generation 

expansion plans are directly influenced by the trend of 
electricity market prices in the long-term. For the 
demand-side, an insight into the market price trends 
and fluctuations is crucial in order to design optimal 
operational strategies in the short-term. Load 
management programs are receiving a great deal of 
attention from both the Independent System Operators 
(ISOs) and the BEMCs. The ISOs look for reliable tools to 
reduce the system demand during stressed operating 
hours. The BEMCs, on the other hand, look for feasible 
options to avoid the high electricity market prices 
during peak hours. Employing on-site electricity 
generation facilities and managing the controllable part 
of their load are two viable options being promoted 
intensively by the ISOs for the BEMCs. These options 
call for new research to derive optimal short-term 
operational strategies for the BEMCs while taking into 
account the uncertain behavior of future electricity 
market prices. Electricity market price forecasting is a 
relatively new area of research, unlike the electric load 
forecasting problem [1]. Chronological load variations 
show a high degree of seasonality and dependence on 
exogenous factors, especially weather-related variables. 
These dependencies are well studied and addressed 
and load patterns for various situations are well known. 
However, the relationship between electricity market 
price and other factors (e.g., demand) have not been 
clearly addresses yet, if at all. For example, an analysis by 
Vucetic et.al in [2] to understand the relationship 
between the demand and price in the electricity market 
of California shows that several price behavior    
regimes may exist, and numerous characterizing 
models are needed to illustrate the approximate price-
demand relationship in different situations. Electricity 
market prices are highly volatile, suffering from 
unusually high or low price spikes [3]. Moreover, prices 
are shown to be more volatile in electricity markets than 
other financial markets [5]. These are mainly because of 
the fact that electrical supply and demand needs to be 
on a real-time balance and, unlike other commodities, it 
is practically impossible to store electricity 
economically. Electricity market prices may be 
forecasted by using either simulation-based or analysis- 
based methods.  In simulation-based methods, which 
are mainly used by power utilities and market 
operators, the actual market dispatch is mimicked by 
considering initial supply offers, demand bids, and 
system operating constraints [6, 7]. Although 
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simulation based price forecasting can provide a more 
detailed view of the price fluctuations, they require full 
insight into the system operation and hence are not 
practical for market participants. Analysis-based 
methods, however, use historical operation data to 
forecast future prices. The present thesis employs 
analysis-based methods for short-term electricity 
market price forecasting with a maximum 24-hour 
forecasting horizon. This work use PSO for obtaining 
optimum problem of the 14 IEEE bus systems and its 
results are compared by other existing optimization 
techniques in literatures. 

II. PROBLEM FORMULATION OF BIDDING MODEL. 
Linear bid model of electricity market has been 
considered in the present work. In a linear bid model, 
the bid curve has been submitted by the retailer which 
relates the power output with market clearing price (𝑝). 
The supply bid curve for any bidder “𝑏” can be 
characterized as 

      𝑞𝑏 (𝑝) = 𝑝/𝑚𝑏                                        (1) 

Where 𝑞𝑏 (𝑝) is the output power at price “𝑝” and 𝑚𝑏 is 
referred to as the slope of supply bid Curve. 

Assume that there are “𝑛” numbers of independent 
retailers to purchase their power requirements in an 
electricity market, where all (𝑛−1) independent retailers 
(opponents) are integrated into a single entity. The linear 
supply bid curve for retailer “𝑅” and opponent expressed 
by (2) and (3), respectively, is as follows:  
 

𝑞𝑅 =
𝑝

𝑚𝑅
                              (2) 

𝑞𝑜 =
𝑝

𝑚𝑜
                               (3) 

Where “𝑚𝑅” is the slope of supply curve within the limits 
of [𝑚𝑅min, 𝑚𝑅max] and “𝑚𝑂” is the slope of cumulative 
linear supply curve of opponents in the range [𝑚𝑂min, 
𝑚𝑂max]. The augmented demand of all the retailers will 
be  
 

𝑄 = (
𝑚𝑅+𝑚𝑜

𝑚𝑅∗𝑚𝑜
)*p              (4) 

 
On the basis of proportionate sharing rule, the individual 
quantity can be defined as 𝑞𝑅 and 𝑞𝑂, respectively, 
 

𝑞𝑅 = (
𝑚𝑜

𝑚𝑅+𝑚𝑜
) ∗ 𝑄      (5) 

 

𝑞𝑜 = (
𝑚𝑅

𝑚𝑅+𝑚𝑜
) ∗ 𝑄     (6) 

 

Here “𝑄” is the total demand quantity by the “𝑛” 
independent retailers. The objective function and 
constraints for minimization can be expressed as 

𝑀𝑖𝑛 (𝑚𝑅 ∗ 𝑞𝑅 − 𝑐(𝑞𝑅) + 𝐶(𝑞𝑅)) ∗ 𝑞𝑅    (7) 

 
With following limitations, 

𝑚𝑅𝑚𝑖𝑛 ≤ 𝑚𝑅 ≤ 𝑚𝑅𝑚𝑎𝑥             (8a) 

𝑚𝑂𝑚𝑖𝑛 ≤ 𝑚𝑅 ≤ 𝑚𝑂𝑚𝑎𝑥              (8b) 

𝑞𝑅𝑚𝑖𝑛 ≤ 𝑚𝑅 ≤ 𝑞𝑅𝑚𝑎𝑥                 (8c) 

𝑞𝑂𝑚𝑖𝑛 ≤ 𝑚𝑅 ≤ 𝑚𝑂𝑚𝑎𝑥                (8d) 
 

Where 𝑐 (𝑞𝑅) is the retailers’ cost function which is a 
function of demand and expressed as 
 

𝐶(𝑞𝑅) = 𝑎0 + 𝑎1𝑞𝑅 + 𝑎2𝑞𝑅
2         (9) 

III. PSO (PARTICLE SWARM OPTIMIZATION) 
The basic PSO is developed by Kennedy and Eberhard 
in 1995, Eberhart, Simpson, and Dobbins in 1996, 
Russell C. Eberhart and Yuhui Shi in 2001.The original 
intent was to graphically simulate the graceful but 
unpredictable choreography of a bird flock. Initial 
simulations were modified to incorporate nearest-
neighbor velocity matching, eliminate ancillary 
variables, and incorporate multidimensional search and 
acceleration by distance. The detailed implementation 
steps of PSO are as follows: 
Step 1: Initialize swarm size Initialize a population of 

particles with random positions and velocities 
on d dimensions in the problem space. 

Step 2: Evaluate fitness function for each particle; 
evaluate the desired optimization fitness 
function in d variables. 

Step 3: Compare particle’s fitness evaluation with 
particle’s pbest; if current value is better than 
pbest, and then set pbest value equal to the 
current value and the pbest location equal to the 
current location in d-dimensional space. 

Step 4: Compare fitness evaluation with the 
population’s overall previous best; if current 
value is better than gbest, than reset g best to 
the current particles array index and value. 

Step 5: Change the velocity of the particle according to 
equation (10) 
 

Where,   Vi
(K+1)

 is the particle velocity at current 

iteration (k+1),     Vi
K   is the particle velocity at 

iteration k, r1 and r2 Are random number 
between [0, 1],  c1 and c2 Are acceleration 
constant. 



International Journal of Current Trends in Engineering & Technology  
www.ijctet.org 

ISSN: 2395-3152 
Volume: 03, Issue: 04 (July- August, 2017) 

192 

 

Step 6: Change the position of the particle according   to 
equation (11) 
 

 
Where, Si

(K+1)
   is the current particle position at 

iteration k+1, Si
K   is the current particle position 

at iteration k  
Step 7: Loop to step 2 until a criterion is met, usually a 

sufficient good fitness or a maximum number of 
iterations (generations). 

3.1 Algorithm for Bidding Problem 
For the bidding problem position of each particle “𝑟” of 
generator “𝐺” is represented by the slope of the supply 
curve 𝑋𝑟 = 𝑚 𝑟

𝐺. The fitness function for each particle is 
the benefit of generator “𝐺”.  The PSO algorithm, for the 
bidding-search process, is as follows. 
 
Step 1: Define input parameters with all constraints for 

the swarm. 
Step 2: Initialize the position for all particles randomly 

with satisfying all the constraints. 
Step 3: Find supply quantity of Generator “𝐺” for 

randomly generated position. 
Step 4: Calculate the fitness value (benefit) of each 

particle in the swarm using fitness function. 
Step 5: Compare the fitness value of each particle found 

with 𝑃best of each particle. Update 𝑃best of a 
particle if its fitness is greater than its 𝑃best. 

Step 6: Update g best if any particle has greater fitness 
than fitness of current 𝐺best. 

Step 7: Update velocity and position using equation (10) 
& (11). 

IV. TEST DATA AND OPTIMUM RESULTS 
Here we have considered some case study for validation 
of the proposed evolutionary technique.  

 
Fig. 1 line diagram of IEEE 14 bus system 

These works consider two case studies, one for 14 bus 
system. Proposed PSO technique is tested for the both 
case study under the subject of changing number of 

particles and number of iteration. In this case consider a 
14 bus system, here four generators are connected with 
buses 1, 2, 6, and 8 and loads are connected with buses 2, 
3, 4, 5, 6, 9, 10, 12, 13, and 14. The diagram for 14-bus 
system shown in Fig. 1. In this case, it is assumed that 
users “4” and “9” preferred power from hydel technology 
and user “13” is giving preference for power from solar-
PV technology for low emission charges. The data of 14 
bus system is given in table 1 

Table 1 Test data of 14 bus systems 

 

Results obtained for 14 bus systems is shown in table 2 
Table 2 Results of 14 bus system 

 

V. CONCLUSIONS 
A significant penetration of demand-side participation at 
retail electricity markets would have an impact on 
wholesale electricity prices. The following summarizes 
the major contributions with regards to the topic is as 
follows: An algorithm for optimizing the electricity 
consumption of energy neutral industrial consumers in 
retail and wholesale markets has been developed. The 
proposed algorithm improves its original model by 
taking account explicitly the costs associated with 
rescheduling the demand. A novel pool-based market 
amenable to a direct participation by these demand 
shifting industrial consumers has been taken for study. 
This market model is a) flexible enough for participation 
of conventional generators and consumers. The benefit 
of having lower wholesale prices as a result of demand 
shifting has a “public good” aspect as a consumer does 
not necessarily need to respond to enjoy this benefit. A 
formulation of demand-shifting bids that allows 
industrial consumers to participate directly in the novel 
pool market described.  
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