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Abstract
This paper presents two new methodologies for optimal placement 
of Distributed Generation (DG) in an Optimal Power Flow (OPF) 
based wholesale electricity market. DG is assumed to participate 
in real time wholesale electricity market. The problem of optimal 
placement, including size, is formulated for two different objectives, 
namely, social welfare maximization and profit maximization. 
The candidate locations for DG placement are identified on the 
basis of Locational Marginal Price (LMP). Obtained as lagrangian 
multiplier associated with active power flow equation for each 
node, LMP gives the Short Run Marginal Cost (SRMC) of 
electricity. Consumer payment, evaluated as a product of LMP 
and load at each load bus, is proposed as another ranking to identify 
candidate nodes for DG placement. The proposed rankings bridges 
engineering aspects of system operation and economic aspects 
of market operation and act as good indicators for the placement 
of DG, especially in a market environment. In order to provide a 
scenario of variety of DGs available in the market, several cost 
characteristics are assumed. For each DG cost characteristic, an 
optimal placement and size is identified for each of the objectives. 
The proposed methodology is tested in a modified IEEE 30 bus 
test system
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I. Introduction
DGs are considered as small power generators that complement 
central power stations by providing incremental capacity to power 
system. Although DGs may never replace the central power 
stations, these can be an attractive option when constraints in 
transmission network prevent economic, or least expensive, supply 
of energy reaching demand. However, penetration and viability 
of DG at a particular location is influenced by technical as well 
as economic factors. The OPF has been developed a long time 
ago when Carpenter introduced a generalized formulation of the 
economic dispatch problem including voltage and other operating 
constraints. This formulation was later named the Optimal Power 
Flow problem (OPF)[2]. OPF programs based on mathematical 
programming approaches are used daily to solve very large OPF 
problems. But they are not guaranteed to converge. The existing 
OPF approaches have some problems, which include not only 
the robustness of optimization methodology used, but also the 
power system modeling.
A wide variety of classical optimization techniques have been 
applied in solving the OPF problems considering a single objective 
function such as Non-Linear Programming [3], Quadratic 
Programming [4-5], Linear Programming [6-7], Newton-based 
techniques [8- 9], Sequential unconstrained minimization technique 
[10], Interior point methods [11] and Parametric method [12]. All 
these conventional optimization methods have many disadvantages 
associated with them such as insecure convergence, disadvantages 
associated with the piecewise quadratic cost approximation and 
may even fail to converge due to in appropriate initial conditions 

for Newton based method.
If both active and reactive powers are dispatch-able in an 
electrical network then the usual criterion for optimal operation 
is the minimization of generation cost. If only a reactive power is 
dispatch-able, then active power loss minimization is frequently 
the desired objective.Difficulties arise because either the amount 
of computation required quickly becomes unmanageable as the 
size of the problem increases or the constraints violate the required 
assumptions, eg., differentiability or convexity. Unfortunately, the 
real world often poses such problems .
The evolutionary computation techniques can be constructed 
to cope effectively with the above difficulties. Evolutionary 
programming technique may provide more rapid and robust 
convergence on many function optimization problem. The reason, 
behind the scheme is that an evolutionary optimization algorithm 
is unlikely to be the best optimization procedure for any specific 
function in terms of efficiency convergence rate, solution accuracy, 
etc.
The various Evolutionary Programming techniques are Genetic 
Algorithm [13] ,Tabu Search [14] and Particle Swarm Optimization 
(PSO) algorithm[15-16] etc. These are Evolutionary programming 
(EP) algorithms which use the mechanics of evolution to produce 
optimal solutions to a given problem. It works by evolving 
population of candidate solutions toward the global optimum.As 
the power industrial companies have been moving into a more 
competitive environment, OPF has been used as a tool to define 
the level of the inter-utility power exchange .In addition, the use 
of OPF, nowadays, is increasingly more important in solving 
the problem of inter-utility power transactions in deregulated 
electricity market[17].In electricity markets, congestion issues 
and the right of the access to the grid are very important, because 
these factors can condition agent participation in the market[18].
Economic dispatch solutions using evolutionary programming in 
the presence of independent power producers (IPPs).

II. Problem Formulation
The problem is formulated with two distinct objectivefunctions, 
namely, social welfare maximization and profit maximization. 
Social welfare is defined as the difference between total benefit 
to consumers minus total cost of production [12]. It is the sum of 
producers’ surplus and consumers’ surplus as shown in fig. 1. In 
general term, it represents the surplus to society and is maximum 
when the market price is equal to the marginal cost of producing 
the last unit of electricity [12]. The traditional OPF algorithm 
for cost minimization is modified to incorporate the demand 
bids, in addition to the generation bids. LMP is determined as 
the lagrangian multiplier of the fig.
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Fig. 1: Social Surplus With Quadratic Supply and Demand Curves 
Power Balance Equation in OPF
 
The generator and customer bids are taken as inputs to OPF. The 
base case OPF based on social welfare maximizing algorithm 
evaluates the generation dispatch, demands and prices at each 
of the nodes. The nodal prices so obtained are indicator for 
identifying candidate nodes for DG placement. The placement 
is intended to meet the demand at lower price by changing the 
dispatch scenario. The profit maximization problem is viewed 
from the perspective of DG owner, who chooses to place DG at 
the load nodes. In order for them to achieve maximum revenue 
out of the dispatched power, placement and size of DG chosen 
should reduce the LMP to a value that maximizes the profit. As 
higher LMP value might considerably lower the revenue making 
the profit negative.

III. Social Welfare Maximization
The objective function is formulated as quadratic benefitcurve 
submitted by the buyer (DISCO) minus quadratic bidcurve 
supplied by seller (GENCO) minus the quadratic costfunction 
supplied by DG owner.
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Alternatively, the maximization problem (1) can be formulated as 
a minimization problem with multiplying the objective function 
by −1.
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IV. Equality Constraints
The network for the transmission of electric energy is modeled via 
the power balance equation at each node in the network. The sum 
of power flows, active and reactive, injected into a node minus the 
power flows extracted from the node has to be zero.

 (3)

 (4)

C. Inequality Constraints

1. Generation Limits
The generating plants have a maximum and minimum generating 
capacity beyond which it is not feasible to generate due to technical 
or economic reasons. Generating limits are specified as upper and 
lower limits for the real and reactive power outputs.
Real power generation limits:

Reactive power generation limits:

2. Line Flow Limit
The line flow limit specifies the maximum power that a given 
transmission line is capable of transmitting under given conditions. 
The limit can be based on thermal or stability considerations. 
Thermal limits are usually considered for shorter lines. The 
following constraint checks for the absolute power flow both at 
sending and receiving ends of particular line to be within the 
upper limit of the line.

3. Bus Voltage Limit
Voltage limits refer to bus voltage to remain within an allowable 
narrow range of levels

maxmax
iii vvv ≤≤

whereN denotes the total number of buses in the system; PGi
denotes real power generated at bus i; PDidenotes real power
demand at bus i; PDGidenotes the power supplied by the DG
at bus i., denotes purchaser benefit 
functions at bus i; denotes the producer 
offer (bid) price at bus i 2)()( DGiDGiDGiDGiDGiDGi PcPbaPc ++= denote 
thecost characteristic of DG at bus i; vi denotes the voltage atbusi; 
δidenotes the power angle at bus i; Bijdenotes thesusceptance of 
the line ij; Gijdenotes the conductance of theline ij; QGidenotes 
reactive power generated at bus i; PmaxGiandPminGidenotes 
upper and lower real power generationlimits of generator at bus 
i; QmaxGiand QminGidenoteupperandlower reactive power 
generation limits of generator at bus i;vmaxiand vminidenote 
upper and lowerlimits of voltage at busi; Sijdenotes the complex 
powertransfer from bus i to bus j;Sjidenotes the complexpower 
transfer from bus j to bus i;Smaxijand Smax
jidenote the complex power flow limit for line ijand line ji.
For base case OPF,

0=DGiP
For load bus,

For generator bus, , 0=DGiP

D. Profit Maximization
The profit maximization formulation constitutes two nested blocks. 
The inner block is handled by the independent system operator 
(ISO). In order to achieve the short-run economic optimum, ISO 
collects the electric power bids from suppliers, consumers and DG 
placement and size from DG owner. TheDG owner being one of 
the market participants, lies outside theblock and submits the DG 
size they are willing to penetrate inthe market. ISO then runs OPF 
taking into consideration the network constraints. The objective of 
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this OPF is to minimize the total costs. This block allows overall 
control and coordination of generation and transmission. 
The LMP obtained from the OPFis used by the DG owner in order 
to calculate the profit which is evaluated as revenue minus cost 
for the particular DG. The process is iterative as LMP is also a 
function of DG penetration. The profit with DG placement at each 
of the node is evaluated as:

   (5)
Where,PDGidenotes the DG size at node i; λidenotes
the LMP at node i after placing DG; 

2)()( DGiDGiDGiDGiDGiDGi PcPbaPc ++=
denotes the cost characteristic of DG at node i.The optimization 
process will identify the node and corresponding optimal DG size 
that will bring maximum profit to theDG owner.

V. Methodology
For a specific combination of supplier and demand bid curves, 
the base case OPF first calculates different electricity prices for 
different nodes in the network. The nodal prices areobtained from 
the lagrangian multipliers of the non-linear equality  constraints. 
The increasing functions for supplier bids and decreasing functions 
for the consumer bids are treated as the marginal cost or benefits 
of the bidder. The difference in prices results from active line 
constraints and losses in the transmission system. To identify 
candidate nodes for the placement of DG, two rankings are defined, 
namely, LMP based ranking and Consumer Payment (CP) based 
ranking.

VI. Locational Marginal Price (LMP) Based Ranking
LMP is the lagrangian multipliers associated with the active power 
flow equations for each bus in the system. LMP at any node in 
the system is the dual variable for the equality constraint at that 
node [13]. LMP is generally composed of three components, a 
marginal energy component (same for all buses),a marginal loss 
component and a congestion component. Considering the case of 
real power spot price at bus i, LMP is givenby:

  (6)

   (7)
Whereλis the marginal energy component at the reference bus

Which is same for all buses  is the marginal loss 

Component and is the congestion component. 
Thus, the spot price at each bus is location specific and differs by 
the loss component and the congestion component. Theoretically, 
this location-based price equals the economically efficient market 
value of electricity at that point, factoring into account constraints 
everywhere in the system.
Higher LMP implies a greater effect of active power flow equations 
of the node on total social welfare of the system. In other words, 
higher LMP implies higher the generation pressed by demand at 
that node. It thus provides indication that forthe objective of social 
welfare maximization, injection of active power at that node will 
improve the net social welfare. As theDGis assumed to inject 
real power at a node, the node with highestLMP will have first 
priority for DG placement. Accordingly, the load buses are ranked 

in descending order of LMPs with thefirst node in the order as the 
best candidate for DG placement as shown below.
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where n is the number of load locations.
Best location = index {max(LMP)}(9)

VII. Consumer Payment Based Ranking
CP calculated as the product of LMP and capacity of load is 
considered as another criterion to segregate candidate nodes forDG 
placement. Thus, the CP evaluated at the load bus i is the product 
of LMP and load at bus i.

   (10)

Best location = index {max(CP)}   (11)

CPireflects the total amount the consumer at node i need to pay 
for the electricity. The ranking is influenced from the fact that 
market for DG placement can be viewed from two standpoints. 
One scenario might be where price is high but load is relatively 
small, while in the other, price is relatively low but load is high. 
The ranking based on consumer payment is intended to focus on 
the later scenario wherein total nodal payment is given the priority 
rather than the high price. 
The ranking will have overall effect of reducing dominant loads in 
the system. In effect, LMPgoes down and the dominant customer 
would be better off, as theamount they need to pay would be less 
compared to no DG case. The candidate nodes are iteratively 
selected for theplacement. The placement is carried out with 
several cost characteristics assumed for DG. As the placement 
technique is intended to bring down theLMP, DGwith operating 
cost higher thanLMPwill find no incentive for placement. 
TheDGwith operating cost lower than those bided by supplier 
is expected to have higher penetration while the one with higher 
cost is expected to have smaller penetration

VIII. Basic Fundamental of PSO Algorithm
The basic fundamentals of the PSO technique are stated and 
defined as follows [41]:

A. Particle X (i)
It is a candidate solution represented by a k-dimensional real-
valued vector, where k is the number of optimized parameters. At 
iteration i, the jth particle X (i,j) can be described as:
Xj(i) = [xj,1 (i); xj,2 (i); …; xj,k (i); ….; xj,d (i)] (12)
Where: 
• x’s are the optimized parameters
• xk (i,j) is the kth optimized parameter in the jth candidate 
solution
• d represents number of control variables
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B. Population 
It is a set of n particles at iteration i. 
Pop (i) = [X1 (i), X2 (i), ……….Xn (i)]T  (13)
where: n represents the number of candidate solutions.

C. Swarm
It is an apparently disorganized population of moving particles that 
tend to cluster together while each particle seems to be moving 
in a random direction.

D. Particle velocity V (i):
It is the velocity of the moving particles represented by a 
d-dimensional real-valued vector. At iteration i, the jth particle 
Vj (i) can be described as:
Vj (i) = [vj, 1(i); v j, 2 (i); …; v j,k (i); …; v j,d (i)]   (14)
Where: v j,k (i) is the velocity component of the jth particle with 
respect to the kth dimension.

E. Inertia Weight w (i):
It is a control parameter, which is used to control the impact of 
the previous velocity on the current velocity. Hence, it influences 
the trade-off between the global and local exploration abilities of 
the particles. For initial stages of the search process, large inertia 
weight to enhance the global exploration is recommended while 
it should be reduced at the last stages for better local exploration. 
Therefore, the inertia factor decreases linearly from about 0.9 
to 0.4 during a run. In general, this factor is set according to the 
following equation [43]:
W = Wmax – (Wmax- Wmin) / itermax= iter  (15)
Where: itermax is the maximum number of iterations and iter is the 
current number of iterations.

F. Individual Best X* (i) 
During the movement of a particle through the search space, it 
compares its fitness value at the current position to the best fitness 
value it has ever reached at any iteration up to the current iteration. 
The best position that is associated with the best fitness encountered 
so far is called the individual best X*(i). For each particle in the 
swarm, X*(i) can be determined and updated during the search. 
For the jthparticle, individual best can be expressed as:
Xj*(i) = [xj1,*(i), xj,2*(i), ………. xj,d*(i)]T  (16)
In a minimization problem with only one objective function f, 
the individual best of the jth particle Xj*(i) is updated whenever f 
(Xj*(i)) < f (Xj*(i-1)). Otherwise, the individual best solution of 
the jth particle will be kept as in the previous iteration.

G. Global best X** (t): 
It is the best position among all of the individual best positions 
achieved so far.

H. Stopping Criteria 
The search process will be terminated under whenever one of the 
following criteria is satisfied:
• The number of the iterations since the last change of the best 
solution is greater than a pre-specified number.The number of 
iterations reaches the maximum allowable number. The particle 
velocity in the kth dimension is limited by some maximum value, 
vk

max.This limit enhances the local exploration of the problem 
space and it realistically simulates the incremental changes of 
human learning. The maximum velocity in the kth dimension is 
characterized by the range of the kth optimized parameter and 
given by:

Vk
max = (xk

max – xk
min)/N    (17)

Where, N is a chosen number of intervals in the kth dimension.

I. General PSO Algorithm
In a PSO algorithm, the population has n particles that represent 
candidate solutions. Each particle is a k-dimensional real-valued 
vector, where k is the number of the optimized parameters [41]. 
Therefore, each optimized parameter represents a dimension of 
the problem space. The PSO technique steps can be described 
as below.
Step 1: Initialization: Set i=0 and generate random n particles, 
{Xj (0), j=1,2,..n}. Each particle is considered to be a solution for 
the problem and it can be described as Xj (0)=[xi,1(0); xi,2(0); 
……;xi,k(0)]. Each control variable has a range [xmin, xmax]. Each 
particle in the initial population is evaluated using the objective 
function f. If the candidate solution is a feasible solution, i.e. all 
problem constraints have been met, then go to step-2 else repeat 
this step.
Step 2: Counter Updating: Update the counter i= i +1
Step 3: Compute the objective function
Step 4: Velocity updating: Using the global best and individual best, 
the jth particle velocity in the kth dimension in this study (integer 
problem) is updated according to the following equation:
V (k,j,i+1) = w*V(k,j,i) + C1*rand*(pbestx (j,k) - 
x(k,j,i))+C2*rand*(gbestx(k)-x(k,j,i))  (18)
Where,i is the iteration number
j is the particle number
k is the kth control variable
w is the inertia weighting factor
c1, c2 are acceleration constant
rand () is a uniform random value in the range of [0,1] V(k,j,i) is 
the velocity of particlej at iteration I x(k,j,i) is the current position 
of particle j at iteration j. Then, check the velocity limits. If the 
velocity violates its limit, set it at its proper limit. The second 
term of the above equation represents the cognitive part of the 
PSO where the particle changes its velocity based on its own 
thinking and memory. The third term represents the social part of 
PSO where the particle changes its velocity based on the social-
psychological adaptation of knowledge.
Step 5: Position updating: Based on the updated velocity, each 
particle changes its position according to the equation (19)
x(k,j,i+1)=x(k,j-1,i)+v(k,j,i)          (19)
Step 6: Individual best updating: Each particle is evaluated and 
updated according to the update position. 
Step 7: Search for the minimum value in the individual best and its 
solution, if it has ever been reached in any iteration and considered 
the minimum.
Step 8: Stopping criteria: If one of the stopping criteria is satisfied, 
then stop otherwise go to step-2. 

J. PSO based OPF
Though a wide variety of optimization techniques have been 
applied for solving the single objective OPF problem as mentioned 
earlier but the results obtained by using PSO method are much 
more promising and better as compared to other techniques. Many 
advantages of PSO over the other techniques include;-

It is less susceptible in being trapped to local minima.• 
It can deal with non differentiable objective functions.• 
It is more flexible and robust.• 
No problem of premature convergence.• 
Solution quality independent of the initial population.• 
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All these advantages priortise PSO technique over the other 
optimization techniques.

1. PSO Algorithm for OPF Problem
The various steps involved in the implementation of PSO to the 
OPF problem are-
Step 1: Input parameters of system, and specify the lower and 
upper boundaries of each variable.
Step 2: Initialize randomly the particles of the population. These 
initial particles must be feasible candidate solution that satisfies 
the practical operation constraints.
Step 3: To each particles of the population, employ the Newton-
Raphson method to calculate power flow and the transmission 
loss.
Step 4: Calculate the evaluation value of each particle, in the 
population using the evaluation function.
Step 5: Compare each particle’s evaluation value with its pBest. 
The best evaluation value among the pBestis denoted as gBest.
Step 6: Update the time counter t = t+1
Step 7: Update the inertia weight w given by
W = Wmax – (Wmax - Wmin) / itermax = iter
Step 8: Modify the velocity v of each particle according to the 
mentioned equation.
V (k,j,i+1) = w*V(k,j,i) + C1*rand*(pbestx (j,k) - x(k,j,i)) + 
C2*rand*(gbestx (k) - x(k,j,i)) .
Step 9: Modify the position of each particle according to the 
mentioned equation. If a particle violates the its position limits in 
any dimension, set its position at the proper limit x(k,j,i+1)=x(k,j-
1,i)+v(k,j,i)
Step 10: Each particle is evaluated according to its updated 
position. If the evaluation value of each particle is better than 
the previous pBest, the current value is set to be pBest. If the best 
pBestis better than gBest, the value is set to be gbest.
Step 11: If one of the stopping criteria is satisfied then go to Step 
12. Otherwise, go to Step 6.
Step 12: The particle that generates the latest gBestis the optimal 
value the parameters that must be selected carefully for the efficient 
performance of PSO algorithm are:-
Both acceleration factors C1 & C2.
a. Number of particles.
b. The inertia factor.
c. The search will terminate if one of the below scenario is 
encountered:
|gbestf(i) - gbestf(i-1)| < 0.0001 for 50 iterations

Maximum number of iteration reached (500 iterations)• 
Number of intervals N, which determine the maximum • 
velocity vk

max.
The PSO algorithm for solving the OPF problem with an objective 
function of minimization of generation fuel cost is shown on the 
next page.

2. PSO Flow Chart for OPF Problem

Fig. 2: PSO Flow Chart for Single Objective OPF Problem

IX. Simulation Results and Discussion
Table 1: Cost of Energy With Various Types of DGs

DG  type
Initial
cost
($/ kW)

%
Efficiency

%
Availability

Life in
Years

Cost of
energy* at
customer
level
($ / MWh)

Reciprocating 
Engine 433 40 97 20 110

Mini gas 
turbine 420 29 97 20 120

Fuel cell 750 42 97 10 131
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Table 2: Optimal Location based LMP and SIZE of DG by GA 
and PSO for IEEE 30 bus system

Optimal Bus 
Location for 
DG Placement 
based on LMP

Optimal 
size of DG 
by using GA 
in (p.u.)

Optimal 
size of 
DG 
by using 
PSO in 
(p.u.)

DG type

30 0.019765   0.020000 Minigas 
turbine

26 0.009647   0.010000 Reciprocating 
engine

19 0.009206   0.009694 Mini gas 
turbine

Table 3: Cost Comparision For IEEE 30 Bus System By GA AND 
PSO Without DG and After Placement of DG
Fuel Cost 
without 
 DG by GA 
in $/hr

Fuel Cost 
without 
DG by PSO 
in $/hr

Fuel Cost 
with GA After 
placement of 
DG in $/hr

Fuel Cost with 
PSO After 
placement of 
DG In $/hr

803.08317 801.885600 789.441332 787.751597

Table 4: Cputime Comparision for IEEE 30 Bus System By GA 
and PSO Without DG and After Placement of DG
CPU time 
without 
DG by 
GA in 
(seconds)

CPU time 
without DG 
by PSO in( 
seconds)

CPU time  
with GA After 
placement of 
DG
in (seconds)

CPU time  with 
PSO After 
placement of 
DG
in (seconds)

360.3222 336.1163 357.2154 330.6782

Table 5: Comparision of LMP’s For IEEE 30 Bus System by GA 
and PSO Without DG and After Placement of DG
Bus 
No.

Lambda($/
MVA-hr)

Lambda($/MVA-hr) 
 after placement of DG

1 3.509  3.487  
2 3.681 3.657     
3 3.709   3.684   
4 3.766   3.740   
5 3.908 3.882     
6 3.807   3.780   
7 3.872   3.845   
8 3.808   3.781   
9 3.808   3.782   
10 3.809   3.784   
11 3.807     3.782     
12 3.762   3.738   
13 3.762   3.738   
14 3.828   3.803   
15 3.849   3.822   
16 3.810   3.785   
17 3.824   3.798   
18 3.893   3.863   
19 3.904   3.871   

20 3.883   3.852   
21 3.853   3.826   
22 3.851   3.825   
23 3.887   3.858   
24 3.904   3.872   
25 3.880   3.838   
26 3.954 3.889   
27 3.836   3.797   
28 3.827   3.796   
29 3.941   3.886   
30 4.015   3.941   

Fig. 3: Fuel Cost Without DG and After Placement of DG With 
GA.

From the above graph we can observe that fuel cost has reduced 
after placement of DG

Fig. 4: Fuel Cost Without DG and After Placement of DG With 
PSO

From the above graph we can observe that fuel cost has reduced 
with PSO after placement of DG better than GA.

X. Conclusion
In this thesis, an algorithm is proposed for solving the DG 
placement and penetration problem. The DG is a viable solution 
at a node provided that cost of grid electricity is higher than the 
DG electricity cost
Installation of DG reduces the LMPs in the system. When LMP 
reduces below DG marginal cost, further addition of DG becomes 
economically unviable. The Optimal Power Flow (OPF) problem 
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by placing DG at exact locations in Deregulated Environment 
is solved using Particle Swarm Optimization (PSO) and results 
compared with Genetic Algorithm (GA) and observed that PSO 
gave best results for optimal size of DG, minimum fuel cost, 
reduction in losses and improved voltage profile than the GA.
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