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Abstract—This paper presents an effective method of congestion
management in power systems. Congestions or overloads in transmission network are alleviated by generation rescheduling and/or
load shedding of participating generators and loads. The two
conflicting objectives 1) alleviation of overload and 2) minimization of cost of operation are optimized to provide pareto-optimal
solutions. A multiobjective particle swarm optimization (MOPSO)
method is used to solve this complex nonlinear optimization
problem. A realistic frequency and voltage dependent load flow
method which considers the voltage and frequency dependence of
loads and generator regulation characteristics is used to solve this
problem. The proposed algorithm is tested on IEEE 30-bus system,
IEEE 118-bus system, and Northern Region Electricity Board,
India (NREB) 390-bus system with smooth as well as nonsmooth
cost functions due to valve point loading effect.
Index Terms—Congestion management, generator rescheduling,
multiobjective optimization, pareto optimality, particle swarm
optimization.

I. INTRODUCTION

T

HE restructuring in electric power industry has led to intensive usage of transmission grids. In deregulated electricity
market, most of the time power system operates near its rated
capacity as each player in the market is trying to gain as much
as possible by full utilization of existing resources. Congestion
or overload in one or more transmission lines may occur due to
the lack of coordination between generation and transmission
utilities or as a result of unexpected contingencies such as generation outages, sudden increase of load demand, or failure of
equipments. Therefore, congestion management is one of the
key functions of any system operator (SO) in the restructured
power industry.
In the literature, many methods have been reported for congestion management. Sensitivity-based optimum generation
rescheduling and/or load shedding schemes to alleviate overloading of transmission lines are reported in [1]–[6]. Optimal
power flow (OPF) is arguably the most significant technique
for congestion management in a power system with existing
transmission and operational constraints [7]. Congestion management methods proposed in [7]–[10] are based on market
model.
Congestion management methods based on OPF use the
derivative of the objective function to determine the search
direction. However, in general, objective function of OPF is
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nonconvex, nonsmooth, and nondifferentiable [11] because of
the valve point loading of thermal units. In recent years, particle
swarm optimization (PSO) method proposed by Kennedy and
Eberhart [12] has been one of the popular method used for
solving complex nonlinear optimization problems such as optimal power flow [13], [14], unit commitment [15], congestion
management [16], etc.
Congestion management methods available in the literature
consider only one objective and provide only one solution which
does not provide any choice to the operator. Moreover, all the
methods use simple load flow method which may not provide
accurate results due to change in load and generation because of
change in voltage and frequency caused by major contingencies
like generator outage or tie line outage.
In this paper, a cost-efficient congestion management method
is proposed for smooth and nonsmooth cost functions using
multiobjective particle swarm optimization (MOPSO) method.
A realistic frequency and voltage dependent load flow model
is used which considers the voltage and frequency dependence
of load and generator regulation characteristics. Two objectives
congestion and cost are simultaneously minimized. Generation
rescheduling of participating generators is done to overcome the
congestion, but if generation rescheduling alone is not sufficient
to alleviate overload, then load shedding is done as a last option
for the participating loads. The proposed congestion management method provides a set of nondominated pareto optimal solutions. This provides operator with a set of alternative solutions
to manage the congestion.
II. PARETO OPTIMALITY
Pareto optimality is a measure of efficiency in multicriteria
and multiobjective situations. It is a situation which exists when
economic resources and output have been allocated in such a
way that none of the objectives can be made better off without
sacrificing the well-being of at least one objective, i.e., no part
of a pareto optimal solution can be improved without making
some other part worse. A state X (a set of object parameters) is
said to be pareto optimal, if there is no other state Y dominating
the state X with respect to a set of objective functions. A state
X dominates a state Y, if X is better than Y in at least one objective function and not worse with respect to all other objective
functions. Mathematically it can be put as follows.
A decision vector x is said to strictly dominate another vector
) iff
y (denoted
(1)
and
for at least one i
where n is the number of objectives to be optimized.
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(2)
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explosion” [17]. In the proposed method, velocity is controlled
within a band as

PSO is a simple and efficient population-based optimization
method proposed by Kennedy and Eberhart [12]. PSO is motivated by social behavior of organisms such as fish schooling
and bird flocking. In PSO, potential solutions called particles
fly around in a multidimensional problem space. Population of
particles is called swarm. Each particle in a swarm flies in the
search space towards the optimum or a 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
and a velocity defined by
defined by
in 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

(6)
is maximum velocity at generation t, and
where
and
are initial and final velocity, respectively.
called cognitive parameter pulls
Acceleration constant
each particle towards local best position whereas constant
called social parameter pulls the particle towards global best
position. Usually c1 equals to c2 and ranges from 0 to 4 [18].
A. Multiobjective PSO

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 (i.e., searching of new area) while
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 [13]. This
can be done by using

In this paper, multiobjective PSO proposed by Mostaghim
and Teich [19] is used. In this method, a truncated elite archive
is maintained which contains a set of nondominated solutions.
New nondominated solutions are included in the archive in each
iteration, and the archive is updated to make it domination free.
The MOPSO algorithm is as follows.
.
1) Set generation number
2) Initialize the size of the population, , and the archive, .
3) Generate particles for population and archive randomly.
4) Calculate fitness values for all the particles in the archive
and make the archive domination free by deleting dominated particles with respect to particles inside the archive.
5) Calculate fitness values for all the particles in the
population.
6) Compare the fitness values of each particle of population
with the fitness values of the members of the archive.
7) Check whether any particle (k) in the population dominates
any particle (m) in the archive. If yes, replace the dominated archive particle (m) with the particle (k). If particle k
dominates more than one particle in the archive, replace
one of them with the particle k and replace others with
nondominated particles (with respect to archive members)
from the population.
8) For each particle, find the best local guide from the archive,
calculate new velocity and position, and update particle’s
best position.
9) If stopping criterion is not satisfied, increase generation
number and go to step 5.
10) Stop simulation.
In the MOPSO method, velocity vector of each particle is updated as follows:

(5)

(7)

(3)
(4)
where
N
n
w
t
rand(),
Rand()

number of particles in the swarm;
number of elements in a particle;
inertia weight of the particle;
generation number;
acceleration constant;
uniform random value in the range [0,1];
global best position of particle in the population;
best position of particle i so far.

where
and
are maximum and minimum weight, respectively,
is iteration number, and
is maximum
iteration allowed.
of the
With no restriction on the maximum velocity
is very
particles, velocity may move towards infinity. If
low, particle may not explore sufficiently, and if
is very
high, it may oscillate about optimal solution. Velocity clamping
effect has been introduced to avoid the phenomenon of “swarm

where
is the best local guide for particle i. For finding
the best local guide for each particle sigma, the method proposed in [19] is used. Each particle is assigned a value with
for two objectives as shown in Fig. 1)
coordinate (say,
have same
so that all the points which are on the line
value. Therefore, for two objectives, is written as

(8)
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For nonsmooth cost functions considering valve-point effect
[13], see (12) at the bottom of the page, where
NG

number of participating generators;

PL

number of participating loads;
generation of th generator;

Fig. 1. Finding best local guide for each particle using Sigma method.

cost coefficients of generator i;
amount of load shed at bus k;

where and are the fitness values for objective 1 and objective 2, respectively.
;
and
.
Now
For m objective functions, can be calculated as follows:

cost coefficients of load shedding at bus k;
coefficients of generator i reflecting valve point
effect.
Subjected to:
Equality Constraints:
(13)

(9)
When two values are close to each other, two particles are
on two lines which are close to each other. To find out the best
local guide for any particle (k) in the population, the archive
member (m) having closest sigma value to the sigma value of
the particle (k) in population is chosen as best local guide for
that particle as shown in Fig. 1.

(14)
where
NB

number of buses;
self-admittance of node i;
mutual admittance between node i and j;
bus voltage angle of bus i and bus j, respectively;
impedence angle of line between buses i and j.

IV. PROBLEM FORMULATION
The objective of congestion management is to alleviate the
congestion and minimize the cost of generation. Mathematically, this can be represented as in the following.
Objective 1:

Inequality Constraints:
(15)
(16)

(10)
where

where
NL

(17)

real and reactive power generation at bus i;
real and reactive power demand at bus i;
minimum and maximum active power
generation limits at bus i;
minimum and maximum reactive power
generation limits at bus i;
minimum and maximum voltage limits at bus
i.

number of overloaded lines;
MVA flow on line i;
MVA capacity of line i.

Objective 2: For smooth cost functions:

(11)

Fitness Functions: Fitness functions used for the congestion
management MOPSO are as follows.

(12)
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, and therefore, change in real power injections
bus with
can be written as [21]
(18)

Square of the objective 1 is used to avoid any masking effect.
Fitness Function 2: Cost function as given in (11) or (12)
is used as appropriate.
V. LOAD FLOW MODEL
A. Load Characteristics
Both real and reactive power loads are assumed to be composed of three parts. One part is constant, independent of change
in voltage, another part is proportional to the voltage, and third
part changes as square of the voltage. Loads are also assumed
to change with change in frequency. Frequency and voltage dependent loads are expressed as [20]

(23)

where

(19)
(20)
D. Reactive Power Load Flow Equations

where

Change in bus voltage magnitude is predominantly influenced
by the change in reactive power injections. Therefore, change in
reactive power injections can be written as [21]

coefficients of frequency dependent active and
reactive load, respectively, at bus i;
coefficients of voltage dependent active load at
;
bus i with
coefficients of voltage dependent reactive load at
.
bus i with
With suitable choice of these coefficients, different types of
load characteristics can be obtained.

(24)

B. Generator Characteristics
Any real power imbalance in system results in a change in
system frequency. This frequency deviation causes generator
speed governor control to adjust generator real power output so
as to reduce the frequency deviation. This can be modeled as

where

(21)
VI. CONGESTION MANAGEMENT STRATEGY
(22)
where,
ng

number of generators at bus i;
maximum and minimum real power
generation of generator k at bus i;
regulation constant of th generator at bus
i.

C. Real Power Load Flow Equations
Change in bus voltage angles and change in frequency are
predominantly influenced by the change in real power injections. Without loss of generality, bus n is assumed as reference

In deregulated market, pool operator provides congestionfree schedule of load and generation based on submitted bids
of GenCos and DisCos. Still, during operation of power system
congestion in transmission grids may occur due to uncertainty
of load demand or due to contingencies. In case of congestion
during operation, all the generators may not participate in congestion management. This paper proposes a method of congestion management where congestion is managed by rescheduling
generations of participating generators. If congestion cannot be
removed only by generation rescheduling, load shedding is done
at the participating load buses. Per unit active power generations
of participating generators and/or per unit active power loads
of participating load buses are taken as state variables for this
problem. Active power inequality constraints are handled during
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TABLE I
SIMULATED CASES

TABLE II
EFFECTS OF PARAMETERS IN MOPSO

Fig. 2. Congestion management flow chart.

PSO iteration after generation of new position of each particle.
These constraints are handled as follows:
if
if
Voltage and reactive power generation inequality constraints are
handled during load flow solution. During load flow solution if
for any PQ bus, voltage magnitude gets violated, voltage control using reactive power generation at generators and/or transformer taps are adjusted to bring the bus voltage within limits.
If reactive power generation of any PV bus gets violated, then
PV bus is treated as PQ bus fixing reactive power generation at
the threshold value. Flow chart of the proposed congestion management scheme is given in Fig. 2.
VII. SIMULATION RESULTS AND DISCUSSIONS
To verify the effectiveness of the proposed congestion management method, simulations were carried out on the IEEE
30-bus test system, IEEE 118-bus test system, and 390-bus
Northern Region Electricity Board, India (NREB) system
(having 754 transmission lines, 205 transformers, 323 generators, 1 SVS, and one HVDC bipolar link).
is taken as
For simulation purpose, generator regulation
5% for all the generators. Coefficients of active and reactive load
characteristic for all the loads are taken as [21]

Both smooth and nonsmooth cost curves for generators were
used. Generation rescheduling and load shedding cost curves
(smooth) used in this simulation are same as given in [6]. Coefficients of nonsmooth cost curves are given in Appendix A for
all six generator units of the IEEE 30-bus system. Details of the
simulation tests carried out on the three test systems are given in
Table I. Line over loads are simulated by either taking reduced
value for the line flow limits of a few lines and/or by simulating
line or generator outage. It is assumed that initially, the systems
are operating with economic dispatch.
, social parameter
Parameters (cognitive parameter
, maximum inertia weight
, minimum inertia
, initial velocity
, and final velocity
weight
) for multiobjective PSO were selected through
experiment. Results for tests carried out on the IEEE 118-bus
test system with smooth cost curves [6] are discussed here. For
different combination of parameters, MOPSO was carried out
using a swarm of 100 particles. For each set of parameters, 250
independent trials were carried out; the best, worst, and average
costs obtained are given in Table II. From Table II, it is seen that
case 7
and
) gives best results. Similar results were obtained for IEEE 30-bus and NREB systems; therefore, these
parameters were used throughout the simulations. A study was
also made on the selection of optimum number of particles
for each test system using the selected parameters. Optimum
numbers of particles in the population for IEEE 30-bus system,
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Fig. 3. Convergence characteristics of MOPSO using the selected parameters.

TABLE III
SIMULATION RESULTS FOR OPF USING MOPSO

IEEE 118-bus system, and for NREB system are 20, 30, and
50 respectively.
To verify the convergence characteristics of the MOPSO
with the selected parameters, OPF simulation was carried out
with the optimum number of particles for each system for 100
iterations; the variation in cost with iteration number is shown
in Fig. 3. It can be seen that for all the systems (IEEE 30-bus
system, IEEE 118-bus system, and NREB 390-bus system),
MOPSO converges in less than 50 iterations.
Optimal power flow study without congestion is carried
out for all the three systems using smooth and nonsmooth
cost curves for 250 independent trials. Best minima, worst
minima, and average minima for 250 independent trials are
given in Table III. Results are compared with the conventional
gradient-based OPF [22]. Table III shows that the proposed
method gives reasonable suboptimal solution all the time.
The method in [22] fails in case of nonsmooth cost curves in
objective function. Taking average minima as base cost, cost
variations in p.u. for 250 trials are plotted in Figs. 4 and 5 for
the IEEE 30-bus test system with smooth and nonsmooth cost
curves, respectively. It shows that for smooth cost functions,
cost variation band (0.024%) between best minima and worst
minima is less compared the cost variation band (0.08%) for
nonsmooth cost curves. This is because of higher nonlinearity
caused by nonsmoothness in cost function due to valve point
loading. It also shows that MOPSO like any other population-based optimization method does not converge to the same
optimal point, but it provides a suboptimal solution which is
very close to the optimal point.
Table IV presents the congestion management solutions for
the IEEE 30-bus system with smooth cost curves.
For case 1A, congestion is managed by changing active power
rescheduling of four participating generators. Three nondominated solutions from the truncated archive are presented here.
If the operator wants to alleviate the overload completely, he
will choose solution 1, and for this case, generation cost will
increase by Rs 1986 per hour. However, if the operator allows
some overload and takes solution 2, generation cost changes by

Fig. 4. Performance of MOPSO-based OPF for IEEE 30-bus system with
smooth cost curve.

Fig. 5. Performance of MOPSO-based OPF for IEEE 30-bus system with nonsmooth cost curve.

Rs 1634 per hour and for solution 3 it changes by only Rs 708
per hour. This shows that if the operator wants to alleviate the
overload completely, he has to sacrifice cost to some extent.
For case 1B, overload alleviation is not possible by only
rescheduling of generators. Therefore, load shedding has to
be carried out on participating loads at buses 4, 15, 18, and
23 based on cost of load shedding. In this case, if the operator
chooses solution 1, he needs to increase the generation at bus 2
by 13.28 MW, decrease the generation at bus 13 by 17.35 MW,
and shed 4.5 MW (2.33 MW at bus 15 and 2.17 MW at bus 23)
load (see Appendix B for load shedding scheme) to manage the
congestion completely; in this case generation cost increases
by Rs 3280 per hour, whereas for solutions 2 and 3, generation
cost increase by Rs 2461 per hour and Rs 1865 per hour,
respectively, but congestion is not relieved completely.
In case of 1C, when generator at bus 5 trips, system frequency drops down from 50.00 Hz to 49.61 Hz. As system frequency drops, total system load also reduces from 283.4 MW to
280.6 MW; this reduces generation cost by Rs 1115 per hour,
but the load served is also reduced by 2.8 MW. In this case, line
2–5 gets overloaded and load shedding is necessary to alleviate
the overload. For this case, 38.8 MW (27.04 MW at bus 5 and
11.76 MW at bus 7) load shedding is required to alleviate the
overload completely.
Tables V–VII present some of the pareto optimal solutions
for the congestion cases for the IEEE 118-bus system and NREB
system with smooth cost curves and for the IEEE 30-bus system
with nonsmooth cost curves, respectively.
For case 2A, as soon as the transformer 68-69 trips, network
topology changes and line flow (109.25 MW) through the transformer is shared by other lines. As power flow on some line
changes, power loss increases from 51.64 MW to 56.96 MW.
Therefore, generation costs increase by Rs 9978 per hour from
the optimal solution (7 133 570 Rs/h).

1732

IEEE TRANSACTIONS ON POWER SYSTEMS, VOL. 22, NO. 4, NOVEMBER 2007

TABLE IV
SIMULATED CASES FOR IEEE 30-BUS SYSTEM WITH SMOOTH COST CURVES (TOTAL LOAD 283.4 MW)

TABLE V
SIMULATED CASES FOR 118-BUS SYSTEM WITH SMOOTH COST CURVES (TOTAL LOAD 4242 MW)

TABLE VI
SIMULATED CASES FOR NREB 390-BUS SYSTEM WITH SMOOTH COST CURVES (TOTAL LOAD 18 996 MW)

In case 3A, a 400-KV double circuit tie line between
Gorakhpur (NREB) and Muzaffarpur (Eastern Region Electricity Board, India) is tripped. Through this tie line, NREB was
importing 800 MW power (400 MW on each circuit) from the

Eastern region. Due to the tripping, NREB system gets isolated,
and the imbalance of 800 MW is met by real power control of
the generators in NREB according to their regulation characteristics. As a result of this system, frequency drops from 50.00 Hz
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TABLE VII
SIMULATED CASES FOR IEEE 30-BUS SYSTEM WITH NONSMOOTH COST CURVES (TOTAL LOAD 283.4 MW)

to 49.91 Hz, four transmission lines get congested, and total
system load is reduced from 18 996 MW to 18 952 MW. The
change in generation causes the cost to increase by Rs 38 375
per hour from the optimal solution (34 274 028 Rs/h). Solution
1 in Table VI gives a congestion-free solution for this problem,
but generation cost increases by 1 604 227 Rs/h from the optimal solution whereas for solution 2 and 3, generation cost
increases by 1 060 277 Rs/h and 489 457 Rs/h, respectively,
which are attractive from economic point of view with acceptable congestion (less than 10%).
Simulation results for the IEEE 30-bus system in Table VII
show that due to nonsmooth cost function caused by the valve
point loading, optimal generation cost increases by Rs 8371 per
hour as compared to smooth cost functions for same loading
condition. For case 4A and 4B, congestions are managed
without load shedding. For case 4C, load shedding is required
to alleviate the overload completely. If 34.82 MW load is shed
at bus 5, then line flow through 5–7 reduces to 6.7 MVA and
system frequency improves to 49.996 Hz.

VIII. CONCLUSION
This paper presents a method for congestion management in
transmission grids using cost-efficient generation rescheduling
and/or load shedding. A realistic frequency and voltage dependent modified fast decoupled load flow method is used with
multiobjective PSO technique to solve this complex problem.
Though MOPSO (with limited number of iterations) does not
guarantee global optimal solution, it provides a very close suboptimal solution for smooth as well as nonsmooth objective
functions. This method also provides a set of pareto optimal solutions for any congestion problem, giving the system operator
options for judicious decision in solving the congestion.

APPENDIX
A. Cost Coefficients of Steam Turbine Generators of IEEE
30-Bus System

B. Load Shedding Scheme
Load can be shed in a two stage procedure: 1) operator may
switch off some of the distribution feeders or transformers
to shed approximately the amount of load shedding required
(coarse adjustment), and 2) for fine adjustment, operator can
adjust the bus voltage (as loads are voltage dependent) by
changing the transformer tap position.
For example, in case 1B, solution 1, operator needs to shed
2.33 MW load at bus 15. Initially, operator will switch off the
feeders/transformers to shed that amount of load coarsely. Let
us say that by switching feeders/transformers, operator is able
to shed 2.28 MW load. Now for fine adjustment, operator can
control the bus voltage as follows.
As change in active load is very small, frequency variation
will be negligible; therefore, (19) can be written as

Now
MW as 2.28 MW load is
already shed,
and
.
Solving above
p.u.
Now adjusting tap, voltage at bus 15 can be made .957 p.u.
Similarly, desired voltage can also be calculated if the amount
of coarse load shedding is more than the desired value.
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