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Abstract

In the present deregulated electricity market, power system congestion is the
main complication that an independent system operator (ISO) faces on a reg-
ular basis. Transmission line congestion trigger serious problems for smooth
functioning in restructured power system causing an increase in the cost of
transmission hence affecting market efficiency. Thus, it is of utmost impor-
tance for the investigation of various techniques in order to relieve congestion
in the transmission network. Generation rescheduling is one of the most effi-
cacious techniques to do away with the problem of congestion. For optimiz-
ing the congestion cost, this work suggests a hybrid optimization based on
two effective algorithms viz Teaching learning-based optimization (TLBO)
algorithm and Particle swarm optimization (PSO) algorithm. For binding the
constraints, the traditional penalty function technique is incorporated. Mod-
ified IEEE 30-bus test system and modified IEEE 57-bus test system are used
to inspect the usefulness of the suggested methodology.
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1. Introduction

In the present world, restructuring and deregulation have allowed equal availa-

bility of transmission system to all electricity buyers and sellers [1]. However,

with the extensive increase in population and rapid industrialization, the electric

utilities are seeking to meet the required demand by escalating their generation.

Transmission network in a competitive market perform a crucial role in the suc-
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cessful operation, however, is the main hurdle in fairly implementing the re-
structuring of the electricity sector. Since the power flow in a transmission line is
restricted by many aspects like voltage limits, stability and thermal limits, the
transmission line network becomes congested whenever any one or multiple of
the above limits are violated [2] [3]. In the event of failing in maintaining the
power system security, the consequences can be in the form of widespread black-
outs resulting in severe social and economic repercussion.

Congestion problem in an electrical network averts the coveted transaction of
power resulting in buyers getting forced to buy power at higher costs from other
providers [4]. Hence congestion management is immensely desirable and must
be effectively eased for the system’s efficient and stable operation. Thus, manag-
ing congestion in transmission lines is the primal challenge in the restructured
power system and is the focus of research of many researchers. The technique of
rescheduling the real power of generators is being implemented in this course of
work.

Various techniques for CM have been elaborated in the articles provided in
recent years for addressing the CM problem. Various methods have been pro-
posed by the researchers like physically curtail transactions, rescheduling of real
and reactive power, flexible AC transmission systems (FACTS) along with vari-
ous optimization techniques. The transmission congestion related economy and
cost aspect have been highlighted in [5]. To dispense CM, electricity transaction
coordination, based on priority including load curtailment factors, has been de-
scribed in [6]. For minimization of service and congestion cost, an approach is
given in [7] which recognizes the real power loss and assistance of reactive pow-
er support. A CM technique has been mentioned in [8] pertaining to reschedul-
ing of generated power and load-shedding which relieves transmission network
overloading in a computationally effective manner. In pool based market, miti-
gating congestion problem is given in [9] ensuring voltage stability. Congestion
management based on OPF technique was given in [10] based on thermal over-
loads and voltage instability. In [11] a technique is provided for optimum gene-
rator selection for alleviating congestion problem based on generator sensitivi-
ties. They have implemented this method on IEEE 30-bus, IEEE 118-bus, and
39-bus New England system using particle swarm optimization (PSO) technique.
Simulated annealing (SA) optimization technique has been used to solve the prob-
lem of unit commitment in the [12]. A numerical optimization technique ran-
dom search (RS) is used to solve multiple optimization problems in [13]. In [14],
harmony search (HS) based optimization technique has been proposed to solve
the transmission expansion planning after consideration of both the security and
the congestion cost. The effect of the FACTS for solving the congestion man-
agement problem has been discussed in the [15]. TLBO optimization technique
is used by [16] for solving continuous constrained and unconstrained optimiza-
tions. The efficiency of TLBO algorithm is discussed in [17] showing its very less

computational time and rapid convergence time. In [18], for mitigating conges-
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tion economically and effectively in the pool-based electricity market, the PSO
algorithm is being given which provides minimum variations in real power gen-
eration from initial clearing angles. A new metaheuristic approach was intro-
duced in [19] by the name Teaching learning-based optimization (TLBO). This
optimization technique is inspired by the knowledge sharing practice in a class-
room. In [16] TLBO algorithm was used successfully for obtaining solutions of
constrained as well as unconstrained optimization problems. This new metaheu-
ristic family member viz TLBO produced rapid convergence rate with lesser com-
putational time in solving various complex optimization problems of engineer-
ing field in [7] [17] [20] [21] [22]. TLBO was successfully implemented in [23]
on the IEEE 30-bus test system to deal with diverse congestion situations and the
results were found to very superior as compared to some of the other optimiza-
tion techniques. The paper [1] exercised TLBO algorithm on modified IEEE 30
bus and modified IEEE 57-bus test systems and it was proved that TLBO is a
robust approach as it has only common control parameters which can be easily
tuned.

This paper suggests a hybrid optimization technique established on TLBO and
PSO algorithms for solving this congestion management problem. The conven-
tional penalty function technique is also introduced in the system in order to
bind the system constraints. The proposed hybrid optimization technique is
tested on IEEE 30-bus system and IEEE 57-bus system and the desired results

are discussed.

2. Problem Formulation

By the technique of rescheduling ie, increase or decrease in the real power gen-
erated by the participating generators, the main objective of congestion man-
agement (CM) is achieved while fulfilling the network constraints [24] [25].
Each GENCO for the purpose of rescheduling the generation demands an in-
cremental or decremental cost bids. The mathematical problem formulation is
stated in [18] as:

C. =2y, (CeAPs + D, ARy ) $/h (1)

where the coefficients.

C, = Total cost acquired for altering the real power output of participating
generators in $/h.

C, =incremented price bids proposed by GENCOs in $/MWh.

D, = decremented price bids proposed by GENCOs in $/MWh.

AP = increment in the real power generation of generators in MW.

AP; = decrement in the real power generation of generators in MW.

Certain inequality and equality constraints are imposed on the above-given

optimization problem and are mentioned in the below sections.

2.1. Equality Constraints

In [26], equality constraints for congestion management are given as:
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PP =M M feos(8, -0, -, ) T2y @
Qo — Qo =V M| Vig[sin (8 =8, =6 ); §=1.2,-N, 3)
Poc = Ps + APy —APg; k=12,--,N, (4)

Py =P%: J=12,N, (5)

where;

Ps. = real power produced at bus k.

Qg = reactive power produced at bus &.

Py« = real power available at bus 4.

Qp = reactive power available at bus 4.

V.V, = voltages at bus jand k.

0,6 = voltage angle of buses jand k.

6,; = admittance angle of the line between bus jand 4.

N,, Ng ,N,; =number of buses, generators and loads.

P;. = real power provided by generator 4.

Ps; = real power employed by load bus /.

The Equation (2) represents active power while the Equation (3) represents
the reactive power of respective nodes similarly the Equations (4) and (5) are re-
lated to power market prices.

2.2. Inequality Constraints

The Equations (6)-(9) give the inequality constraints which describe the maxi-
mum permissible limits under which the power system components like trans-
formers, transmission lines, and generators must be operated for efficient opera-
tion. If these limits are violated, it is consequences are very serious causing se-
rious damage to the power system element.

Pa" <Py <P, VkeN, (6)

o < Qg <QE, VkeN, (7)

(Poc —PR™) = AP < APy, < APS™ = (P5™ Py, ) (8)
VM <y <V™ vne N, 9)

R <R™ (10)

where max and min represent maximum and minimum values and M, denote

the number of transmission lines.

3. Proposed Algorithms
3.1. Teaching-Learning Based Optimization (TLBO)

Developed in [19], TLBO algorithm is influenced by the method of knowledge
sharing in the classroom. The learning process in the classroom is an exchange
of information between a teacher and a learner. TLBO brief overview is given in

subsequent sections. The flowchart of the TLBO is given in the Figure 1. Novel
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Figure 1. Flowchart of teaching leaning based optimization algorithm.

TLBO algorithm is motivated by the process of knowledge sharing in the class-
room. The process of teaching-learning is very important to bring fruitful changes
in the students. The grades or marks of the learners i.e., the students are consi-
dered as the product of the TLBO algorithm. In this approach, the teacher is
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presumed to be a highly knowledgeable person who imparts his knowledge to
his students. Students are considered as learners whose aim is to try to acquire
knowledge in order to ameliorate their grades. Thus, if grades got ameliorated,
the process of learning gets enhanced. Besides learning from the teacher, the
students also improve their learning by interacting with other fellow students in
the classroom to enhance their grades.

TLBO is a metaheuristic family member algorithm based on population. In
this approach, a batch of students in the class is treated as a population while de-
sign variables are taken as the subjects learned by the students in the classroom.
The objective of our work ie., the fitness function is comparable to the grades
obtained by students. TLBO algorithm operates in two phases which are elabo-

rated in the below sections.

3.1.1. Teaching Phase

In the teaching phase, teacher who is presumed as the knowledgeable person
who tries to pass on its knowledge to the students in order to help them in
achieving better grades. His main objective is to improve the mean knowledge of
the students in the class. Let us assume there are “m” design variables which
have been assigned to “n” number of students. Let 7; denote the outcome of the
teacher and A be the mean outcome at any instant 7 The object of the teacher is
to match 7;to M;and thus M., is described as the new mean. The mean differ-
ence is given as:

difference mean, =1, (M, ~TF-M,) (11)

where I, is a random number ranging between 0 tol and 7F is the teaching

factor having a value of 1 or 2. The coefficient TF is given as:
TF =round[1+rand (0,1)x(2-1)] (12)

The adjustment to the current solution is accomplished by the equation given
below:

X ewi = X, +difference mean (13)

new,i

3.1.2. Learning Phase

In the second phase viz. learning phase, the learners improve their learning by
communicating with other fellow learners in the classroom to enhance their
grades. Knowledge is shared with each other by constantly interacting with other

fellow learners. The process of learning is explained as below:

fori=1: P, /! P, be the number of learners
Randomly select two learners X; and X; where i # j
it ) < f&Xp)
Xnewi = Xowai +1:(X; — X;)
else
Xnewi = Xowaj +1:(X; — X;)
end if
end for

Accept Xy, if it gives a better fitness function value.
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3.2. Particle S warm Optimization (PSO)

PSO algorithm, developed in 1995 was introduced by Dr. Kennedy and Dr.
Eberhart [22] [27]. Simulation of the social behavior of organisms was carried
out and it was found to be very effective for obtaining the solutions of optimiza-
tion problems of continuous non-linear nature. PSO is a searching algorithm
based on population, in which individual particles update their position with
time. Each particle in a PSO can serve as a likely solution to the complication in
an N-dimensional search space. Amid searching, each particle modifies its state
corresponding to its own knowledge and the knowledge of the neighboring par-
ticle. The sum of particles in the search algorithm is randomly generated (usually
between 10 to 100 is considered ample). Each particle is associated with the pa-
rameter of position X; =(Xy, X, X;,*, %y ) and also the parameter of velocity
V; =(Viy,Vip, Vi, ++, Vi ) - Corresponding to the objective or fitness function, the
position of particles is appraised at the end of every iteration. During the course
of searching, the particles are presumed to hold on to the thought of best posi-
tions. It is then desired to share these thoughts containing the best positions
with the rest of the particles. The cumulative of all the best particle thoughts are
referred to as the global best position (GB), where GB =(gb;, gb,,gb,,---,0,y)
while the best position attained by the individualistic particle is referred as local
best. The local best for an ith particle in search space is given as

P =(Pis Pizs Pig+» Py ) - Information obtained from these two parameters is

used by particles to update their values of position and velocity as given in [28]
VIt =WV ¢ (PRI =X )+c, r, #(GB - X[ ) (14)
X=X vt (15)

where the coefficient w represents inertia weight, ¢ and ¢ are cognitive and so-
cial parameters and value of both ¢ and ¢ are equal to 2, r; and r indicate ran-
dom numbers lying in the range of 0 and 1, and the coefficient j denotes the ite-
ration number.

Acceleration constant ¢ helps the particles to attain the local best position
quickly while the acceleration constant ¢, aids the particles to attain the global
best position quickly. The appropriate choice of the inertia weight factor “w”
helps in quick convergence. Sensibly, the maximum velocity Vmax of each par-
ticle should be selected otherwise the particle may not be able to find the best
solution [29]. Similarly, the choice of inertia weight parameter is also of great
importance since its selection directly controls the influence of past values of
velocities on the prevailing values of particle velocities and hence improves the
local and global expedition capacities of the particles. Larger the inertia weight,
better is the exploration tendency of the particle. Generally, inertia weights are
considered in the range from 0.4 to 0.9. PSO is a meta heuristic technique as ei-
ther few or much less hypotheses are made by it regarding the optimized prob-
lems and tries to search for further options. Figure 2 shows the flow chart of the

PSO technique algorithm and its application to physical systems.
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Figure 2. Flowchart of particle swarm optimization algorithm.

4. Hybrid TLBO-PSO Optimization for Congestion
Management

In our proposed work, each particle consists of NV design variables where N gives
the total number of participating generators in CM. Each design variable serves
as the output of the generators indulging in congestion management. The objec-
tive function generally treated as the fitness function is used to assess the pre-
eminence of the particle. To meet with the system constraints, the evolution of
the particles based on the fitness and choice of global best (GB) and local best
(P) are used. The conventional method of penalty functions is used in which the
inequality constraints are changed into penalty factors and the effect of these
penalty factors is taken into account by adding them in the fitness function [30].
In our proposed method, the equality constraints are efficiently taken into ac-

count by the Newton-Raphson algorithm for power flow. The inequality con-
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straints are managed effectually in the course of iterations. The violations in the
line power flow and bus voltages are treated by means of quadratic penalty func-

tions. The objective function given in [18] is generalized as:

| VB
Minimize FF =C, + PF, x%(ej -pm™ )2 +PF,x Y (4V, )2 +PF,x(AR)" (16)
i=1 j=1

where,

(Vi =v,); if v, <y
AV]- = (V _Vmax). ifV. >y m (17)
iV ) i=Vj

AP. — (PGmin —PG); if PG < PGmin N
G (Pe —PGmax); if PG > PGmax

Here, FF represents the fitness or evaluation function whose minimization is
our objective, ov/is an array of overloaded lines, VB is the group of load buses
violating voltage limits and PF; (i = 1 to 3) are the penalty factors. The general
value of penalty factors taken throughout is equal to 10,000.

Computational Procedure of the Hybrid TLBO-PSO Technique
for CM

The strategy for applying the hybrid optimization technique for congestion
management solution is mentioned below:

Step 1: Generate an initial population of the particles randomly within the
limits. The dimensions of each particle generated are equal to N where N repre-
sents the number of generators. The value of N gives the total of rescheduling
needed by participating generators for managing the CM problem.

Step 2: The selection of the teacher is done by evaluating the fitness function
of the learners. Among learners, one having the best fitness value is being se-
lected as the teacher (Teaching phase).

Step 3: The values of position best (X;) and global best (GB) are determined
which provide a new fitness (Expert).

Step 4: New fitness (Expert) is compared with the previously attained best
fitness function (Teacher). The particle having the best fitness value is selected
(as a teacher) while the other is rejected. Position and velocity of the individual
particles are updated until the best particle (Teacher) is obtained.

Step 5: The remaining learners are modified in the quotation with the mean
(teacher). From the remaining learners, the algorithm randomly selects two
learners for their fitness values to be compared. The learner having the best fit-
ness is selected while rejecting the other (Learning phase).

Step 6: Repeat step 5, until from the remaining learners, no two learners are
left to repeat the test.

Step 7: The program will be halted in the case when the count of iterations is

exceeded else it will go to step 2.
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5. Results and Summary

The TLBO-PSO hybrid algorithm for obtaining the solution for congestion man-
agement problem is realized employing MATLAB (version 9.4.0) software on a
CPU powered by Intel Core i3 processor operating @ 1.80 GHz with 4 GB of
RAM. Investigation of the proposed method is done by executing it on the mod-
ified IEEE 30 bus and modified IEEE 57 test system. The generator, bus and line
data of the test bus systems are given in Appendix A (Tables A1-A6). Load
buses have been assigned number 1, generator buses as number 2 while the slack
bus has been assigned number 3. The performance of suggested hybrid tech-
nique is contrasted with [1] and [18].

Incremental and decremental price bids proposed by GENCOs for modifying
their generation are also given in Appendix A (Table Al and Table A4). The
incremental cost is assumed more than marginal cost value while the decremen-
tal cost is assumed less than the marginal cost value. The significant observations

of the work are presented below.

5.1. Modified IEEE 30-Bus System

To validate our work, we have firstly chosen modified IEEE 30 bus test system.
This bus system combines generator buses six in number, load buses twen-
ty-four in number, and transmission lines forty-one in number. The total active
power of the load is 283.4 MW, and the total reactive power is 126.2 MVAR. PG
and PD are taken as the values for generation and load are also given in Appen-
dix A as the initial market clearing values. In a power system, contingencies are
mainly due to the line outages and hence for the purpose of simulation, we have
taken line outages along with load variations. Two cases are studied for this
purpose:

Case 1.1: Considering the unavailability of the line between bus 1&2 with
normal loading.

When the line between bus 1&2 is being outed, the lines between bus 1&7,
and 7&8 are overloaded. For obtaining the information about the amount of
overloading in the congested lines, Newton-Raphson algorithm of power flow
[24] is performed and the results are mentioned in Table 1. The real power
flowing in these transmission lines are 150.46 MW and 138.78 MW, respectively,
while 130 MW is the net power flow limit in both these lines. Thus, the total
power violation encountered is 29.24 MW. For the efficient and reliable working
of the power system, transmission network should not transmit power beyond
their permissible limits. Hence to alleviate the congestion in the lines, mandatory
steps should be taken. The main motive of the research is to ease the transmis-
sion line from overloading using the technique of generation rescheduling.

The results obtained by implementing the TLBO-PSO hybrid optimization
technique for managing the CM problem for case 1.1 are mentioned in Table 2.
The acquired results are also compared with TLBO and PSO techniques as given
in [1] and [18] in the same table.
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Table 1. Analysis of congested lines analogous to cases 1.1 and 1.2 for the modified IEEE
30-bus test system.

Power flow Total power
X Congested oo Overload X K
Case No. Contingency type lines in line % violation
MW) MW)
Unavailability of the line 1-7 150.46 15.74
Case 1.1 29.24
between bus 1&2 7-8 138.78 6.75
unavailability of the line between 1-2 202.57 55.82
Case 1.2 bus 1&7 and load increment of 2-8 66.11 1.70 92.745
50% at all buses 2-9 69.46 6.86

Table 2. Comparative study of the performance of different algorithms analogous to case
1.1 for the modified IEEE30-bus test system.

Approaches
Parameters Hybrid TLBO-PSO TLBO PSO
[Proposed) [1] [8]

Congestion cost ($/h) 100.69 494.66 538.95
APa -16.3312 —-8.5876 -8.6123
APc -4.0577 +12.9855 +10.4059

APcs —-2.0659 +0.4598 +3.0344

AP =7.2759 +0.7289 +0.0170

APss —2.5654 —-0.0093 +0.8547

APcs -2.6203 +0.3988 -0.0122

Total power rescheduled (MW) 34.9165 23.169 22.936

It is worthy to note that the solution obtained from the suggested method as
given in Table 2 successfully alleviates the overload of 29.24 MW without af-
fecting other lines in the system. By the observation of Table 2, it is clearly un-
derstood that the proposed hybrid algorithm technique gives the best solution as
100.69 $/h which is less as compared to the other techniques. Prior to CM, the
total system loses was 8.8094 MW which effectively decreased to 7.5168 MW.
The objective or fitness function as obtained by the hybrid technique for the
present case is shown in Figure 3. Real power rescheduled from the participat-
ing generators is shown in Figure 4.

Case 1.2: Considering the unavailability of the transmission line between bus
1&7 and load increment of 50% at all buses.

When the line between bus 1&7 is being outed and 50% increment in load at
each bus is done, the effect is that the lines between bus 1&2, bus 2&8 and bus
2&9 are overloaded. The actual power flowing in these lines is 202.57 MW, 66.11
MW, and 69.46 MW, respectively, while 130 MW is the net power flow limit in
line between bus 1&2 and for lines between buses 2&8 and 2&9, it is 65 MW for
both. Thus, the total power violation encountered is 92.745 MW (Table 1).
Hence to alleviate the congestion in the overloaded lines, optimal real power
generation rescheduling is done by using the suggested hybrid algorithm as
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Figure 3. Hybrid TLBO-PSO based convergence profile of objective

function analogous to case 1.1 for a modified IEEE 30-bus test sys-
tem.

Real Power Rescheduled (MW)

-18

1 2 3 4 5 6
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Figure 4. Hybrid TLBO-PSO based real power generation resche-
duling analogous to case 1.1 for a modified IEEE 30-bus test system.

mentioned in Table 3. The rescheduling of the real power of the participating
generators as cited by the suggested hybrid algorithm is shown in Figure 5.
Thus, it is noticeable that the cost of managing congestion is lower for the
proposed hybrid technique when compared with the other methods mentioned.
The total losses in the system have also decreased to 9.8123 MW from the initial
value of 15.2915 MW during congestion. The proposed hybrid algorithm-based

convergence of fitness function with the iteration number is shown in Figure 6.

5.2. Modified IEEE 57-Bus System

Further to validate our work, we have also chosen a modified IEEE 57 bus test
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Table 3. Comparative study of the performance of different algorithms analogous to case
1.2 for the modified IEEE30-bus test system.

Approaches
Parameters Hybrid TLBO-PSO TLBO PSO
[Proposed)] [1] [8]
Congestion cost ($/h) 1347.5 5306.5 5335.5
APg +71.0241 -8.5876 NR
APg —15.9882 +75.65 NR
APgs -7.1258 +0.012 NR
APy -5.5115 +34.357 NR
APss —23.2332 +31.4791 NR
A Pas -17.1719 +17.83 NR
Total power rescheduled (MW) 140.0547 168.088 168.03

80

60

40t

201

Real Power Rescheduled (MW)

1 2 3 4 5 6
Generator Number

Figure 5. Hybrid TLBO-PSO based real power generation re-
scheduling analogous to case 1.2 for a modified IEEE 30-bus
test system.
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Figure 6. Hybrid TLBO-PSO based convergence profile of
objective function analogous to case 1.2 for a modified IEEE
30-bus test system.
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system. This bus system combines generator buses seven in number, load buses
fifty in number, and transmission lines eighty in number. The total active power
of the load is 1250.8 MW, and the total reactive power is 336 MVAR. Two cases
are also studied for this purpose. For obtaining the information about the meas-
ure of overloading in the congested lines, Newton-Raphson power flow [19] is
performed for the mentioned test case and the analysis of overloaded lines are
given in Table 4.

Case 2.1: Simulating overload of lines between buses 5&6 and 6&12 by re-
ducing their capacity.

In the present case, the real power flowing in the line between bus 5&6 is
184.62 MW and in line between bus 6&12 is 46.985 MW. The baseload power
limit of the line between bus 5&6 is 200 MW while that of the line between bus
6&12 is 50 MW. To perform overload simulation, the limit of the line between
bus 5&6 is taken as 175 MW while that of the line between bus 6&12 as 35 MW.

The effect of reducing the capacity of lines is that the line between bus 5&6
gets overloaded by 5.49% while the line between bus 6&12 gets overloaded by
34.24% and net power violation encountered is 21.605 MW. To manage this
overload of 21.605 MW, optimal rescheduling of generation is accomplished us-
ing the proposed hybrid algorithm. The results obtained are tabulated in Table
5. The amount of rescheduled power is presented in Figure 7.

From Table 5, the CM cost achieved from the suggested hybrid algorithm is
2787.70 $/h, which is lowest as compared to mentioned optimization algorithms.
The total losses in the system have also decreased to 34.1438 MW from the ini-
tial value of 37.1555 MW during congestion. The proposed hybrid algorithm-
based convergence of fitness function with the count of iterations is presented in
Figure 8.

Case 2.2: Simulating overload of the line between bus 2&3 by reducing its ca-
pacity.

To simulate the overload in this case, the capacity of the line between bus 2&3

Table 4. Analysis of congested lines analogous to cases 2.1 and 2.2 for the modified IEEE
57-bus test system.

Power flow Net power
i Congested L percentage ..
Case No.  Contingency type lines in line overload violation
(MW) (MW)
Simulating overload
b .
y capacity 5-6 184.62 5.49
Case 2.1  reduction of the 21.605
. 6-12 46.985 34.24
lines between buses
5&6 and 6&12.
Simulating overload
by capacity
reduction of
Case 2.2 . 2-3 38.6 93 18.6
the-lines between
buses 5&6 and
6&12.
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Table 5. Comparative study of the performance of different algorithms analogous to case
2.1 for the modified IEEE 57-bus test system.

Approaches
Parameters Hybrid TLBO-PSO TLBO PSO
[Proposed| [1] [8]
Congestion cost ($/h) 2787.70 5981.3 6951.9
AP -297.5807 +38.1219 +23.135
AP -12.1838 +0.7801 +12.447
APcs -3.275 +9.0766 +7.493
AP —2.441 -0.0179 -5.385
APcs +28.7574 —432018 -81.216
APags +28.5324 -29.9082 0
APe; —45.4485 +22.8093 +39.03
Total power rescheduled (MW) 418.2188 143.9158 168.70

50

-100¢

-1501

-200¢

Real Power Rescheduled (MW)

-250¢

-300

1 2 3 4 5 6 7
Generator Number

Figure 7. Hybrid TLBO-PSO based real power generation re-
scheduling analogous to case 2.1 for a modified IEEE 57-bus
test system.
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Figure 8. Hybrid TLBO-PSO based convergence profile of
objective function analogous to case 2.1 for a modified IEEE
57-bus test system.
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is reduced from an outset value of 85 MW to an ending value of 20 MW. The
baseload power flow in the line is 38.6 MW and for that reason, the line is over-
loaded by 93%. The net power violation in the line is 18.6 MW. To manage this
congestion of 18.6 MW, optimal rescheduling of generation is done according to
the suggested method. The results obtained along with other comparative me-
thods are presented in Table 6.

From Table 6, the CM cost obtained from the proposed hybrid algorithm is
939.3927 $/h, which is lowest as compared to mentioned optimization algo-
rithms. The total losses in the system have also decreased to 36.4281 MW from
the initial value of 36.9342 MW during congestion. The amount of rescheduled
power is presented in Figure 9. The proposed hybrid algorithm-based conver-

gence of fitness function with the count of iterations is presented in Figure 10.

Table 6. Comparative study of the performance of different algorithms analogous to case
2.2 for the modified IEEE 57-bus test system.

Approaches
Parameters Hybrid TLBO-PSO TLBO PSO
[Proposed)] [1] [8]
Congestion cost ($/h) 939.3927 2916.4 3117.6
APg —429.3075 -1.0174 NR
APc +39.0969 —24.6365 NR
APg —4.6236 +36.0991 NR
APgy —-27.158 —6.2282 NR
APss —2.0455 —0.2811 NR
APgs +3.2447 —1.2540 NR
APg; -29.7139 —-2.5732 NR
Total power rescheduled (MW) 535.1899 72.089 76.314
50
0
_ | |
S 50
<
- -100 1
]
El
g -150 1
S
2 -200 1
14
5 -2507
3
a -300r
3
@ -350
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Figure 9. Hybrid TLBO-PSO based real power generation resche-
duling analogous to case 2.2 for a modified IEEE 57-bus test system.

DOI: 10.4236/sgre.2021.128008

128 Smart Grid and Renewable Energy


https://doi.org/10.4236/sgre.2021.128008

M. Ul Bashir et al.

8000

7000

6000

50001

40001

30007

Objective Value ($/h)

20007

1000

0 10 20 30 40 50 60 70 80 90 100
Iteration Number

Figure 10. Hybrid TLBO-PSO based convergence profile of objec-

tive function analogous to case 2.2 for a modified IEEE 57-bus test

system.

6. Conclusion

The present paper demonstrates a TLBO-PSO hybrid technique of CM employ-
ing the optimal rescheduling of power generation units in the pool-based elec-
tricity market. Transmission line outage due to overload and sudden variation in
the load are considered for validating the effectiveness of this work. This tech-
nique has been evaluated on modified IEEE 30 bus and modified IEEE 57 bus
test systems successfully. The results achieved are correlated with [1] and [18]
and it has been found that the suggested method is potent in managing conges-
tion and cost of rescheduling the real power is much lower as compared to other
optimization techniques. Moreover, the total amount of rescheduled power and
total losses in the system are also found to be lower. Thus, it is obvious that the
suggested TLBO-PSO hybrid algorithm is an effective approach for resolving
optimization problems and the results achieved are far superior as correlated to

the other standard optimization techniques.
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Appendix

Tables A1-A3 presents the generator data, bus data and line data for the modified IEEE 30 bus test system while
Tables A4-A6 give the generator, bus, and line data for the modified IEEE 57 bus test system. Price bids submitted
by GENCOs for the modified IEEE 30 bus and modified IEEE 57 bus test system are also presented in Table Al and
Table A4, respectively.

Table Al. Generator data along with price bids proposed by GENCOs for the modified IEEE 30 bus test system.

Bus no. pme pre pe Price bids submitted by GENCOs

(MW) (MW) (MW) Ce Dx
1 0 360.2 138.59 22 18
2 20 140 57.56 21 19
3 15 100 24.56 42 38
4 10 100 35.00 43 37
5 10 100 17.93 43 35
6 12 100 16.91 41 39

Table A2. Bus data for the modified IEEE 30-bus test system.

Bus Bus Voltage Voltage

No. code W) MW MVAR Bus no. Bus code V) MW MVAR
1 3 1.06 0 0 16 1 1.00 3.5 1.8
2 2 1.043 21.7 12.7 17 1 1.00 9.0 5.8
3 2 1.01 94.2 19.0 18 1 1.00 3.2 0.9
4 2 1.01 30.0 30.0 19 1 1.00 9.5 34
5 2 1.082 0.0 0.0 20 1 1.00 2.2 0.7
6 2 1.071 0.0 0.0 21 1 1.00 17.5 11.2
7 1 1.00 2.4 1.2 22 1 1.00 0.0 0.0
8 1 1.01 7.6 1.6 23 1 1.00 3.2 1.6
9 1 1.00 0.0 0.0 24 1 1.00 8.7 6.7
10 1 1.00 22.8 10.9 25 1 1.00 0.0 0.0
11 1 1.082 0.0 0.0 26 1 1.00 3.5 2.3
12 1 1.00 5.8 2.0 27 1 1.00 0.0 0.0
13 1 1.071 11.2 7.5 28 1 1.00 0.0 0.0
14 1 1.00 6.2 6.2 29 1 1.00 2.4 0.9
15 1 1.00 8.2 2.5 30 1 1.00 10.6 1.9
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Table A3. Line data for the modified IEEE 30-bus test system.

Line Line

Line no. Between R(puw) X(puw  B(puw) Limit Line no. Between R X B Limit

Buses MW) Buses (p-w) (p-uw) (p-u) (MW)
1 1-2 0.0192 0.0575 0.0264 130 13 11-5 0.00 0.2080 0.00 65
2 1-7 0.0452 0.1652 0.0204 130 14 11-12 0.00 0.1100 0.00 65
3 2-8 0.0570 0.1737 0.0184 65 15 8-13 0.00 0.2560 0.00 65
4 7-8 0.0132 0.0379 0.0042 130 16 13-6 0.00 0.1400 0.00 65
5 2-3 0.0472 0.1983 0.0209 130 17 13-14 0.1231 0.2559 0.00 32
6 2-9 0.0581 0.1763 0.0187 65 18 13-15 0.0662 0.1304 0.00 32
7 8-9 0.0119 0.0414 0.0045 90 19 13-16 0.0945 0.1987 0.00 32
8 3-10 0.0460 0.1160 0.0102 70 20 14 - 15 0.2210 0.1997 0.00 16
9 9-10 0.0267 0.0820 0.0085 130 21 16 - 17 0.0824 0.1923 0.00 16
10 9-4 0.0120 0.0420 0.0045 32 22 15-18 0.1073 0.2185 0.00 16
11 9-11 0.00 0.2080 0.00 65 23 18- 19 0.0639 0.1292 0.00 16
12 9-12 0.00 0.5560 0.00 32 24 19-20 0.0340 0.0680 0.00 32
25 12-20 0.0936 0.2090 0.00 32 34 25-26 0.2544 0.3800 0.00 16
26 12-17 0.0324 0.0845 0.00 32 35 25-27 0.1093 0.2087 0.00 16
27 12-21 0.0348 0.0749 0.00 32 36 28 -27 0.0000 0.3960 0.00 65
28 12-22 0.0727 0.1499 0.00 32 37 27 -29 0.2198 0.4153 0.00 16
29 21-22 0.0116 0.0236 0.00 32 38 27 -30 0.3202 0.6027 0.00 16
30 15-23 0.1000 0.2020 0.00 16 39 29 -30 0.2399 0.4533 0.00 16
31 22-24 0.1150 0.1790 0.00 16 40 4-28 0.0636 0.2000 0.0214 32
32 23-24 0.1320 0.2700 0.00 16 41 9-28 0.0169 0.0599 0.065 32

33 24 -25 0.1885 0.3292 0.00 16

Table A4. Generator data along with price bids proposed by GENCOs for the modified IEEE 57 bus test system.

B no, poe pre pe Price bids submitted by GENCOs

(MW) (MW) (MW) Ck D
1 0 575.88 146.39 44 41
2 0 100 87.55 43 39
3 0 140 41.97 42 38
4 0 100 89.67 43 37
5 0 550 461.21 42 39
6 0 100 100 44 40
7 0 410 344.95 44 41
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Table A5. Bus data for the modified IEEE 57-bus test system.

Bus Bus Voltage Voltage
No. code W) MW MVAR Bus no. Bus code V) MW MVAR
1 3 1.04 55 17 30 1 1.00 3.6 1.8
2 2 1.01 3.0 88 31 1 1.00 5.8 2.9
3 2 0.99 41 21 32 1 1.00 1.6 0.8
4 2 0.98 75 2.0 33 1 1.00 3.8 1.9
5 2 1.01 150 22 34 1 1.00 0.0 0.0
6 2 0.98 121 26 35 1 1.00 6.0 3.0
7 2 1.02 377 24 36 1 1.00 0.0 0.0
8 1 1.00 0.0 0.0 37 1 1.00 0.0 0.0
9 1 1.00 13.0 4.0 38 1 1.00 14 7.0
10 1 1.00 0.0 0.0 39 1 1.00 0.0 0.0
11 1 1.00 5.0 2.0 40 1 1.00 0.0 0.0
12 1 1.00 0.0 0.0 41 1 1.00 6.3 3.0
13 1 1.00 18 2.3 42 1 1.00 7.1 4.0
14 1 1.00 10.5 5.3 43 1 1.00 2.0 1.0
15 1 1.00 22 5.0 44 1 1.00 12 1.8
16 1 1.00 43 3.0 45 1 1.00 0.0 0.0
17 1 1.00 42 8.0 46 1 1.00 0.0 0.0
18 1 1.00 27.2 9.8 47 1 1.00 29.7 11.6
19 1 1.00 3.3 0.6 48 1 1.00 0.0 0.0
20 1 1.00 2.3 1.0 49 1 1.00 18 8.5
21 1 1.00 0.0 0.0 50 1 1.00 21 10.5
22 1 1.00 0.0 0.0 51 1 1.00 18 5.3
23 1 1.00 6.3 2.1 52 1 1.00 4.9 2.2
24 1 1.00 0.0 0.0 53 1 1.00 20 10
25 1 1.00 6.3 3.2 54 1 1.00 4.1 1.4
26 1 1.00 0.0 0.0 55 1 1.00 6.8 34
27 1 1.00 9.3 0.5 56 1 1.00 7.6 2.2
28 1 1.00 4.6 2.3 57 1 1.00 6.7 2.0
29 1 1.00 17 2.6
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Table A6. Line data for the modified IEEE 57-bus test system.

Line Line
Line no. Between R(pu) X(pu) B(puw) Limit Line Between R X 5 Limit
Buses MW) no. Buses (p.u) (p.w) (p.u) MW)
1 1-2 0.0083 0.028 0.129 150 40 28 -29 0.0418 0.0587 0.00 100
2 2-3 0.0298 0.085 0.0818 85 41 10 - 29 0.000 0.0648 0.00 100
3 3-8 0.0112 0.0366 0.038 100 42 25-30 0.1350 0.202 0.00 100
4 8-9 0.0625 0.132 0.0258 100 43 30-31 0.3260 0.497 0.00 100
5 8-4 0.0430 0.148 0.0348 50 44 31-32 0.5070 0.755 0.00 100
6 4-10 0.0200 0.102 0.0276 40 45 32-33 0.0392 0.036 0.00 100
7 4-5 0.0339 0.173 0.047 100 46 34-32 0.0000 0.953 0.00 100
8 5-6 0.0099 0.0505 0.0548 200 47 34 -35 0.0520 0.078 0.0032 100
9 6-11 0.0369 0.1679 0.044 50 48 35-36 0.0430 0.0537 0.0016 100
10 6-12 0.0258 0.0848 0.0218 50 49 36 - 37 0.0290 0.0366 0.00 100
11 6-7 0.0648 0.295 0.0772 50 50 37-38 0.0651 0.1009 0.002 100
12 6-13 0.0481 0.158 0.0406 50 51 37-39 0.0239 0.0379 0.00 100
13 13-14 0.0132 0.0434 0.011 50 52 36 - 40 0.0300 0.0466 0.00 100
14 13-15 0.0269 0.0869 0.023 100 53 22 -38 0.0192 0.0295 0.00 100
15 1-15 0.00178 0.091 0.0988 200 54 12 - 41 0.0000 0.749 0.00 100
16 1-16 0.0454 0206 0.0546 100 55 41 - 42 0.2070 0.352 0.00 100
17 1-17 0.0238 0.108 0.0286 100 56 41 -43 0.0000 0.412 0.00 100
18 3-15 0.0162 0.053 0.0544 100 57 38 -44 0.0289 0.0585 0.002 100
19 8-18 0.0000 0.555 0.00 100 58 15-45 0.0000 0.1042 0.00 100
20 8-18 0.0000 0.43 0.00 100 59 14 - 46 0.0000 0.0735 0.00 100
21 9-4 0.0302  0.0641  0.0124 100 60 46 - 47 0.0230 0.068 0.0032 100
22 10-5 0.0139 0.0712 0.0194 100 61 47 - 48 0.0182 0.0233 0.00 100
23 11-7 0.0277 0.1262 0.0328 100 62 48 - 49 0.0834 0.129 0.0048 100
24 12-13 0.0233 0.0732 0.0188 100 63 49 - 50 0.0801 0.128 0.00 100
25 7-13 0.0178 0.058 0.0604 100 64 50 - 51 0.1386 0.22 0.00 100
26 7-16 0.0180 0.0813 0.0216 100 65 11-51 0.0000 0.0712 0.00 100
27 7-17 0.0397 0.179 0.0476 100 66 13- 49 0.0000 0.191 0.00 100
28 14 - 15 0.0171 0.0547 0.0148 100 67 29-52 0.1442 0.187 0.00 100
29 18-19 0.4610 0.685 0.00 100 68 52-53 0.0762 0.0984 0.00 100
30 19-20 0.2830 0.434 0.00 100 69 53-54 0.1878 0.232 0.00 100
31 21-20 0.0000 0.7767 0.00 100 70 54 - 55 0.1732 0.2265 0.00 100
32 21-22 0.0736 0.117 0.00 100 71 12-43 0.0000 0.153 0.00 100
33 22-23 0.0099 0.0152 0.00 100 72 44 - 45 0.0624 0.1242 0.004 100
34 23-24 0.1660 0.256 0.0084 100 73 40 - 56 0.0000 1.195 0.00 100
35 24 - 25 0.0000 1.182 0.00 100 74 56 - 41 0.5530 0.549 0.00 100
36 24 - 25 0.0000 1.23 0.00 100 75 56 - 42 0.2125 0.354 0.00 100
37 24 - 26 0.0000 0.0473 0.00 100 76 39-57 0.0000 1.355 0.00 100
38 26 - 27 0.1650 0.254 0.00 100 77 57 - 56 0.1740 0.26 0.00 100
39 27 -28 0.0618 0.0954 0.00 100
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