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Abstract

The conventional techniques for solving optimal power flow (OPF) problems usually become comparatively less effective, and
the computational difficulties increase significantly with increasing network size and complexity. To overcome the shortcomings
of the conventional techniques, nature-inspired methods like the particle swarm optimization (PSO) method have been developed
and applied to OPF problems in the recent years. This paper is hinged on the need to adopt these heuristic approaches in solving
power flow problems in the Nigeria power system. This was demonstrated in this thesis, by implementing the conventional
Newton Raphson method and a nature-inspired method, the particle swarm optimization technique in the IEEE 14 Bus network
and validating the efficacy of the results gotten from the two methods on the Nigeria 330kV 52-Bus network to show the superior
performance of the PSO technique. The results from the implementation of the PSO algorithm showed that the total active power
and reactive power losses were substantially reduced to 175.1MW and 81.4MVAR and the system time of convergence was
faster and occurred after 2 iterations at 2.03seconds. Thus it could be seen that the PSO algorithm have proved to exhibit a
superior performance for optimisation of a large power system at a better speed of convergence when compared with the Newton
Raphson method.
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1. Introduction

The difficulty of solving optimal power flow (OPF) problems increases significantly with increasing network size
and complexity. Recent industrial developments have greatly increased electric power system complexity. In prior
decades, utilities had relatively few generators compared to the numbers introduced today by the advent of
independent power producers and uncertainties in demand response programs add variables to the load side of OPF
problems. There are many conventional OPF solution methods that exist: bus admittance matrix, Gauss-Seidel
iterative algorithm, Newton-Raphson method, linear and non-linear programming, gradient-based method, dynamic
programming, interior point method, Lambda iteration, fast-decoupled algorithms, and integer programming. These
methods have distinct mathematical characteristics, computational requirements and varying considerably in their
adaptability to the modelling and solution requirements of different power system applications. These conventional
OPF techniques are based on mathematical formulations which have to be simplified in order to get an optimal
solution. Some of the weakness of the conventional methods include: limited ability in solving real-world large scale
optimization problems, weakness in handling constraints, poor convergence and stagnation, slow computational time
(especially if the number of variables is large) and expensive in computing large power system solutions (Mota-
Palomino & Quintana 2016).

To overcome the shortcomings of conventional techniques, nature-inspired methods have been developed and
applied to OPF problems in the recent past. The major advantages of these methods include: fast convergence rate,
appropriate for solving non-linear optimization problems, ability to find global optimum solutions, suitable for
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solving multi-objective optimization problems, pertinent in finding multiple optimal solutions in a single simulation
run and versatile in handling constraints (Mandal & Roy 2013).

Nonetheless, since the objective function of reactive power dispatch problem is not convex, many local optima exist.
Therefore, the linear programming method is very likely to get trapped into one of these local optima and cannot
achieve a global optimal solution. Moreover, linear programming ignores the higher-order terms, so the accuracy of
the results can also be affected (Biskas et al. 2005). The quadratic programming method is another method that can
be used to solve the reactive power dispatch problem (Nanda, Kothari & Srivastava 2015). Quadratic programming
is more adaptable to the nonlinear characteristic of reactive power dispatch problem than linear programming. The
disadvantage is that quadratic programming does not work very well for the high dimensional problems, as the
dimension increases the computation time would increase dramatically. The OPF provides a useful support to the
operator to overcome many difficulties in the real time control and operation planning of power systems (Xia &
Chan 2006). Depending on the specific objectives and constraints, there are different OPF formulations. The typical
objectives of OPF problems are minimization of the total fuel cost, minimization of the transmission loss,
maximization of the degree of security of a system, or a combination of some of them. Most researches concentrated
only on power problems involving very small equations whose matrices can be conveniently handled manually
(Arrillaga & Arnold 1994). With the advent of digital computers, the solutions to power problems were reduced to
sets of algorithms solved by computers.

The first of these methods was the Gauss-Seidel iterative algorithm using the nodal-admittance matrix method, with
the first successful computer program developed by Ward and Hale in 1956 (Arrillaga & Arnold 1994). Like the bus
admittance matrix method, the Gauss-Seidel iterative algorithm was simple in structure, with lower memory
requirement and less computational time per iteration. But the major problem was the slow rate of convergence,
therefore large number of iterations are needed, especially in large systems where the algorithm was discovered to
be obsolete, as the number of iterations required for a solution was found to be relatively high. The need to study
power problems for large systems became necessary with the increase in high voltage interconnections between
systems. A more successful algorithm and the most universally acceptable replacement for the Gauss-Seidel method
was the Newton-Raphson method. It was found to be very suitable for large-scale power systems, with more degree
of accuracy, convergence after a few iterations, which are independent on the system size. However, it was a
difficult solution technique, as calculations were complex, hence more computer time per iteration was involved,
and large computer memory required.

Other traditional mathematical optimisation methods include: Linear and non-linear programming, gradient-based
method, dynamic programming, interior point method, Lambda iteration, fast-decoupled algorithms, and integer
programming (Kumar & Alwarsamy 2011), (Chukwu, Ahiakwo & Nanim 2007), (Mehdinejad et. al 2016). In most
of these algorithms, optimality of solutions was mathematically formulated, and could be applied to large-scale
problems. They have no problem-specific parameters, and most of them have high computational efficiency, with
ease of implementation. However, solutions obtained using them have their inherent implementation limitations.
The solutions for large-scale systems are not very simple. Many of the techniques fail to get optimal solutions, with
a possibility of being stuck in local optima (Xia & Elaiw 2010), (Lenin & Reddy 2014), (Lenin, Reddy & Kalavathi
2016).

Linear programming encounters poor computation efficiency; while dynamic programming suffers from the curse of
dimensionality, a process whereby the dimensions of the economic load dispatch (ELD) problem become too large
that it requires massive computational effort (Santos & Da Costa, 2015). These problems affect their application to
practical generator problems with ramp rates, valve-point effects and prohibited operating zones constraints. The
conventional methods of optimal power flow are hugely challenged with poor convergence and stagnation, slow
computational time for large number of variables and expensive in computing large power system solutions. The
development of evolutionary techniques and their hybrids has ameliorated these challenges (Vlachogiannis & Lee
2016), (Zhao, Guo & Cao 2015), Singh, Mukherjeeb, & Ghoshal, 2015). This paper is hinged on the need to adopt
these heuristic approaches in solving dispatch and power flow problems in the Nigeria power system. In this paper, a
nature-inspired algorithm, particle swarm optimisation method was used to solve OPF problems in the Nigeria
power system so as to overcome the difficulties of using the mathematical methods.
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2.0 Material and methods

The power flow optimization problem was solved by implementing the Particle Swarm Optimization (PSO)
algorithm in MATPOWER 7.1 toolbox. A modified MATPOWER code utilizing particle swarm optimization
algorithm was developed to solve the power flow problem in the power systems. The Particle Swarm Optimization
method results would be compared with the conventional Newton Raphson method for the IEEE-14 bus network
and validated on the Nigeria 52-bus power system so as to show the effectiveness of the PSO in solving power flow
problems.

2.1 Fundamental Equations for PSO Algorithm

2.1.1 Particle X; (k):

A candidate solution represented by a d-dimensional real-valued vector, where d is the number of optimized
parameters; at iteration k, the ith particle X;(k) can be described as (Bratton & Kennedy 2007):

x; (k) = [x;1(k), x12(K), woe oo, Xiq ()] (2.1)

2.1.2 Population:

This is a set of N particles at iteration k.

Pop(k) = [X;(k), X5 (k), coe ... Xy (k)] (2.2)

Where N represents the number of candidate solutions.

2.1.3 Particle velocity V; (k):

The velocity of the moving particles represented by a d-dimensional real-valued vector; at iteration k, the ith particle
V; (k) can be described as (Bratton & Kennedy 2007):

Vi(k) = [Via (k), Vip (), .. ..., Vig (k)] (2.3)

Where V,; (k) is the velocity component of the ith particle with respect to the dth dimension.

Vi1 =k * (W * Vg + @p.rand(x) * (Ppess — Xgq) + @z.rand (x)

* (Gpest — Xa)) (2.4)
Xa+1 = Xg + Vg (2.5)
Where,
w is the inertia weight factor,
¢@,and ¢, are acceleration factors,
rand () is a random value between 0 and 1.
k is the constriction factor.
2.1.4 Inertia weight w(k):
W, — Wi
W) = Wiay — (Winaz — Winin) m;:ermaxmm) * iter (2.6)
Where iter,,, is the maximum number of iterations and iter is the current number of iterations.
2.1.5 Constriction Factor y:
The velocity update equation with the constriction factor can be expressed as follows:
Vit = x[w Vi + o (Ploge i — Xll;) ey # 1y % (Ghose i — Xikj)] 2.7)
With @ = @, + @y; @1 = 1743 D2 = Co7 (2.8)
Eq. (3.6) is used under the constraint that @ > 4. If @ < 4, then all particles would slowly spiral toward and around
the best solution in the searching space without convergence guarantee, but if @ > 4, then all particles are guaranteed
to converge quickly (Bratton & Kennedy 2007):
2.1.6 Individual best P, ; and Global best G, :
Ppest i = [Pbest i1) Ppest iz> ---> Ppest id] (2-9)
While Global best G, is the best position among all of the individual best positions achieved thus far.
2.1.7 Stopping criteria:
The search process will be terminated whenever one of the following criteria is satisfied.
e The number of iterations since the last change of the best solution is greater than a pre-specified number.
e  The number of iterations reaches the maximum allowable number.
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Fig 2.1: Flow Chart of the PSO Technique
2.2 The Newton-Raphson procedure is as follow:

Step 1: Choose the initial values of the voltage magnitudes || of all n,, loads buses and n-1 angles §© of the
voltages of all the buses except the slack bus.
Step 2: Use the estimated |V|©@and 6 to calculate a total n-1 number of injected real power P and equal
number of real power discrepancy AP,
Step 3: Use the estimated V| and 6 to calculate a total n,, number of injected reactive power Q
number of real power discrepancy AP,
Step 4: Use the estimated |V|©® and §© to formulated the Jacobian matrix J(®.
Step 5: Solve the load flow problem for 5§ and A|V|© + A|V|(©,
Step 6: Obtain the updates from:
8V =50 + A5® (2.10)

A|V|(°)
V|© ]
Step-7: Check if all the mismatches are below a small number. Terminate the process if yes. Otherwise go back to
step-1 to start the next iteration with the updates given by (1) and (2).
The result can be found in a form of linear system of equations that can be expressed as:

(0

cale @nd equal

VD = 2|v|© + [ (2.11)
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AIVI] J~ [ ] Here, AP and AQ are called mismatch equation.
Where,
AP, = —P;+ Z IVillViel(Gaccosii + Buesini) (212)
k—1
80 = —Q; + Z IVillViel(Gaesing — Bucos6) (213)
andJisa matrlx of partial derivatives known as a Jacobian Matrix:
JAP O0AP
|96 av]
J=lang anp (214
06  9|V|
The sets of linear equations are solved to determine the next guess (m+1) of voltage magnitude and angles based on:
oM+l = 9™ 4+ AQ (2.15)
[V = |y|m) 4 Al (2.16)

This iteration process continues until a stopping condition is met. A typical stopping condition is to end the iteration

process if the standard of the iterative conditions is under a standard value.

3.0 Results and Discussions

The superior performance of the Particle Swarm Optimisation (PSO) method over the Newton Raphson method for
power flow optimisation was first verified on IEEE 14 bus system and then was validated on the extended Nigeria

52-bus power system.

3.1 Optimal Power Flow Results of the IEEE 14 Bus Network with the Conventional Newton Raphson

Method

The runpf function can calculate the power flow of the IEEE 14 bus network In MATLAB 7.10 environment as

shown in Figure 4.5 below.

Mewton's method power flow (power balance, polar) conwverged in 2 iterations.

Converged in 0.98 seconds

1 System Sunmary

How many? Heow much? B (MW) o (MVAr)|
Eus=ses 14 Total Gen Capacity FTI2.4
Generators = Cn-line Capacity T7Z2 .4
Committed Gens = Generation (actual) 272 .4 a82.
Loads 11 Load 2589.0 T3.
Fixed 11 Fixed 259.0 T3.
Di=spatchable L8] Dispatchable -0.0 of -0.0 -0.
Shunts 1 Shunt (ing) -0.0 21.
Eranches 20 Los=ses (I™2 = Z) 13.39 54.
Transformers 3 Eranch Charging (inj} - 24,
Inter—-ties o] Total Inter-tie Flow 0.0 .
Arcas 1
HMinimam Maximnam
Voltage Magnitude 1.010 p.u. @ bus=s 3 1.080 p.ua. @ bu=s 8
Voltage Angle -16.03 deg @ bus 14 0.00 deg @ bus 1
P Los=se= (IT2%ER} - 4 .30 MW @ line 1-2
2 Loss=ses [(I™2+7X) - 13.12 MVAT @ line 1-2

Figure 3.1. Optimal Power Flow Results of System Summary for IEEE 14 bus network

—-52.0 to 148.0
-52.0 to 1482.0

S I T

O b
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Figures 3.1 shows the optimal power flow results for the IEEE 14 bus network using the conventional Newton
Raphson method. The total active power loss and reactive power loss are 13.393MW and 54.54MVAR respectively.
Bus 1 is assigned as the slack bus. Bus 3 has the minimum voltage magnitude of 1.010p.u while bus 8 has the
maximum voltage magnitude of 1.090p.u. The minimum voltage angle of -16.03deg was seen at bus 14 while the
maximum voltage angle of 0.000deg was in bus 1. The maximum line active and reactive power loss was 4.3MW
and 13.12MVAR at line 1 to 2.

3.2 Case 2- Optimal Power Flow Results of the IEEE 14 bus network with the PSO Algorithm

The results below show the implementation of the PSO algorithm for the optimal power flow in the IEEE 14 bus
network. The system Summary of the Optimal Power Flow Results for the IEEE 14 bus network using the PSO
method is shown in figure 3.2 below.

HMATPCWER Version 7.1, 08-0ct-2020 —-- AC Optimal Power Flow
AC OPF formmlation: polar wvoltages, power balance eqgns
HMATPCWER Interior Point Solwver —- MIPS, Versionm 1.4, 08-0ctc-2020
(using built-in linear solwver)
Converged!

Converged in 0.20 seconds
Chijectiwve Function WValue = 8081.53 £/hr

| System Sunmary I

How many? How much? B (M) 2 [(MVATr)
EBuses 14 Total Gen Capacity TT2.4 —-52.0 teo 148.0
Generators 5 Cn—-1ine Capacity TT2.4 —52.0 teo 148.0
Conmitcted Gens 5 Generation (actual}) 2682.3 8T.6
Loads 11 Load 259.0 T3.5

Fixed 11 Fizxed 259.0 T3.5

Dispatchabhle 0 Dispatchable -0.0 of -0.0 -0.0
Shunts 1 Shunt (inj) -0.0 20.7
EBranches 20 Losses (172 * Z} 9.239 389.1&6
Transformers 3 Branch Charging (inj} - 24 .3
Inter-ties ] Total Inter-tie Flow a.0 0.0
Lreas 1

Figure 3.2. Optimal Power Flow Results of System Summary for IEEE 14 bus network using the PSO method

Implementing the PSO method as shown in Fig 3.2, can be seen that the total active power loss and reactive power
loss for the IEEE 14 bus network were reduced to 9.287MW and 39.16MVAR respectively. The maximum voltage
magnitude of 1.060 p.u was seen in Bus 1, while Bus 4 has the minimum voltage magnitude of 1.014 p.u. The
minimum voltage angle was -14.27deg. at Bus 14 while the maximum voltage angle was in bus 1. The maximum
power loss of 2.90MW and 8.86MVAR was seen on line 1-2.

Table 3.1. Comparison of the Real Power Loss at Each Branch

Branch Number  From Bus To Bus Conventional NR Method PSO Optimized
1 1-2 4.298 MW 2.902MW
2 1-5 2.763 MW 2.051MW
3 2-3 2.323 MW 1.344MW
4 2-4 1.677 MW 1.285MW
5 2-5 0.904 MW 0.737MW
6 3-4 0.373 MW 0.099MW
7 4-5 0.514 MW 0.331MW
8 4-7 0 .000MW -0.000MW
9 4-9 0 .000MW 0.000MW
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10 5-6 0 .000MW 0.000MW
11 6-11 0.055 MW 0.049MW
12 6-12 0.072 MW 0.072MW
13 6-13 0.212 MW 0.208MW
14 7-8 0 .000MW 0.000MW
15 7-9 0 .000MW 0.000MW
16 9-10 0.013 MW 0.015MW
17 9-14 0.116 MW 0.131MW
18 10-11 0.013 MW 0.010MW
19 12-13 0.006 MW 0.006 MW
20 13-14 0.054 MW 0.047MW

3.3 Case 3- Optimal Power Flow Results of the Nigeria 52 Bus Network with the Conventional Newton
Raphson Method

The runpf function can calculate the power flow of the Nigeria 52 bus network in MATLAB 7.10 environment as
shown in Figure 3.3 below.

MATPOWER Version 7.1, 0B8-0ct-2020 —— AC Power Flow (MNewton)
Hewton's nethod power flow (power balance, polar) converged in 5 iterations|.

Converged in 3.57 =seconds

1 System Summary |
How many? How much? B (M) o (MVAT)
Bu=es 52 Total Gen Capacity 9000 -235.0 to &750.0
Generators 17 Cn-1line Capacity 9000 -235.0 to &750.0
Committed Gens 13 Generation (actual) T2E5.6 3668.1
Loads 51 Load 6370.4 3530.3
Fixed 51 Fixed 6270.4 3530.3
Dispatchable 0 Diszpatchakble -0.0 of -0.0 -0.0
Shunts= 0 Shunt (inj} -0.0 21.2
Eranches= 51 Loz=ges (172 = 2} 385.2 183.4
Transformers 0 Branch Charging (inj) - 24.4
Inter-ties a Total Inter-tie Flow 0.0 0.0
Areas 1

Fig 3.3: Optimal Power Flow Results of System Summary for Nigeria 52 bus network

The Optimal power result of the Nigeria 52 Bus power system using the conventional Newton Raphson method is
shown in Fig 3.3. The total active power loss and reactive power losses were 385.2MW and 183.4MVAR
respectively. Bus 16 has the minimum voltage magnitude of 0.908p.u while bus 1 has the maximum voltage
magnitude of 1.000p.u. The minimum voltage angle of -0.80deg was seen at but 14 while the maximum voltage
angle was in bus 1. The maximum line power losses of 30.4MW and 8.52MVAR were seen on line 3 to 4.
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3.4 Case 4- Optimal Power Flow Results of the Nigeria 330kV 52 Bus network with the PSO Algorithm

The PSO algorithm was implemented in the Nigeria 52 Bus power network and the results are shown below. The
system summary for Nigeria 52 bus network with the PSO method is shown in Fig 3.4:

MATPCWER Version 7.1, 08-0ct-2020 -- AC Optimal Power Flow
AC CPF formulation: polar wvoltages, power balance egns
MATPCWER Interior Point Solver —-- MIP3, Version 1.4, 08-0ct-2020
(using built-in linear =olwver)

Converged in 2 icerations!

Converged in 2.03 =seconds
Objective Function Value = 51.85 £/hr

1 System Summary |
How many? How muach? B (M) 2 [HMVAr)
Buses= 52 Total Gen Capacity 9000 -235.0 to &750.0
Generators 17 Cn-1line Capacity 9000 -235.0 to &750.0
Committed Gens 13 Generation (actual) 7045.5 35686.1
Loads 51 Load 6270.4 3530.3
Fixed 51 Fixed 62370.4 3530.3
Dispatchable 0 Dispatchakle -0.0 of -0.0 -0.0
Ehunts 0 Ehunt (inj) -0.0 21.2
EBEranches 51 Losses (I72 * Z) 175.1 21.4
Tran=formers 0 Branch Charging (inij) - 24.4
Inter-ties Q Total Imnter-tie Flow 0.0 0.0
Areas 1

Fig 3.4: Optimal Power Flow Results of System Summary for Nigeria 52 bus network with the PSO method

Implementing the PSO method as shown in Fig 3.4, it can be seen that the total active power loss and reactive power
loss for the Nigeria 330kV 52-Bus power network were reduced to 175.1MW and 81.4MVAR respectively. The
maximum voltage magnitude of 1.000p.u was seen in Bus 3, while Bus 19 has the minimum voltage magnitude of
0.969p.u. The minimum voltage angle was -0.87deg. at Bus 19 while the maximum voltage angle was 0.000p.u in
bus 1. The maximum line power loss of 12.4MW and 1.3MVAR was seen on line 1-2.

Table 2.2 Comparison of the Real Power Loss at Each Branch of the Nigeria 52 Bus Power System

Branch From Bus To Bus Conventional NR  Method PSO Optimized
Number (MW) (MW)
1 1 2 22.1 12.4

2 2 3 10.3 5.30

3 3 4 30.4 5.80

4 4 5 18.5 6.40

5 5 6 19.0 3.32

6 6 7 75 2.01

7 7 8 3.35 3.50

8 8 9 6.5 3.65

9 9 10 6.45 3.21

10 10 11 13.8 7.63

11 11 12 12.3 6.82

12 12 13 10.2 5.10
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13 13 14 10.5 5.25
14 14 15 10.3 5.13
15 15 16 15.7 7.50
16 16 17 4.55 244
17 17 18 7.50 3.56
18 18 19 9.30 4.87
19 3 20 155 4.57
20 4 21 8.15 3.56
21 5 22 0.00 0.00
22 22 23 2.10 0.00
23 23 24 1.28 0.00
24 24 25 0.00 0.00
25 26 26 0.00 0.00
26 26 27 0.00 0.00
27 23 28 0.00 0.00
28 24 29 0.00 3.21
29 7 30 114 5.52
30 30 31 15.2 6.11
31 31 32 12.3 0.00
32 32 33 10.6 0.00
33 33 34 0.00 0.00
34 34 35 0.00 0.00
35 35 36 0.00 0.00
36 36 37 0.00 4.30
37 37 38 0.00 3.20
38 30 39 0.00 3.50
39 35 40 3.20 6.53
40 8 41 7.10 3.50
41 9 42 2.50 6.34
42 10 43 5.50 7.14
43 11 44 12.4 1.22
44 12 45 0.00 2.35
45 14 46 13.1 3.18
46 46 47 12.8 1.21
47 47 48 9.22 3.01
48 46 49 2.45 5.32
49 15 50 5.90 4.15
50 17 51 10.4 2.10
51 23 52 5.25 1.01

4.0. Conclusion

The results from the Optimal Power Flow for IEEE 14 bus network with the conventional Newton Raphson method
in Fig. 3.1 showed that the total active and reactive power losses were 13.39MW and 54.54MVAR respectively.
There was convergence after 2 iterations at 0.98 seconds. The voltage profile was between the minimum value of
1.010p.u and a maximum of 1.090p.u with a voltage angle of -16.03deg. The maximum line active and reactive
power losses were 4.3MW and 13.12MVAR at line 1 to 2. When the Particle Swarm Optimisation algorithm was
implemented on the IEEE 14 bus network for Optimal Power Flow solution as shown in Fig. 3.2, the total active
power and reactive power losses were reduced to 9.29MW and 39.16MVAR. The system time of convergence was
faster after 1 iteration at 0.20seconds. Also, the maximum line active and reactive power losses on line 1 to 2 were
reduced remarkably to 2.902MW and 8.86MVAR respectively. These have shown that the system was better
optimised with the PSO algorithm than the conventional method.

This was also validated on the Nigeria 330kV 52-Bus network where the total active and reactive power losses were
385.2MW and 183.4MVAR respectively when the Optimal Power Flow solution was done with the conventional
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Newton Raphson method as shown in Fig 3.3. The convergence was after 5 iterations at 3.57seconds. The maximum
line active and reactive power losses were 30.4MW and 8.52MVAR at line 3 to 4. When the PSO algorithm was
implemented on the Nigeria 330kV 52-Bus network as shown in Fig. 3.4, it was seen to be better optimised. The
total active power and reactive power losses were substantially reduced to 175.1MW and 81.4MVAR. The system
time of convergence was faster and occurred after 2 iterations at 2.03seconds. Also, the maximum line active and
reactive power losses on line 1 to 2 were reduced greatly to 12.4MW and 1.30MVAR respectively. Thus, it could be
seen that the PSO algorithm have proved to exhibit a superior performance for optimisation of a large power system
at a better speed of convergence when compared with the conventional method.

5.0 Recommendation

Further study should be done on the effects of DG incorporation to the optimal power flow solution with the PSO
method. Other, metaheuristic methods like genetic algorithm and bee colony optimisation methods should be
compared to ascertain the most effective for power flow solution with DG integration in the Nigeria power system.

References

Arrillaga, J and Arnold, C. P 1994. Computer Analysis of Power Systems. John Wiley,

Biskas, P., Ziogos, N., Tellidou, A., Zoumas, C., Bakirtzis, A., Petridis, V. & Tsakoumis A. 2005. Comparison of
two Metaheuristics with Mathematical Programming Methods for the Solution of OPF. in: Proceedings of
the 13th International Conference on Intelligent Systems Application to Power Systems.

Bratton, D. & Kennedy, J. 2007. Defining a Standard for Particle Swarm Optimization. In IEEE Swarm Intelligence
Symposium. 120-127.

Chukwu, U. C., Ahiakwo, C. O. and Nanim,M. A. 2007. “Solving Power System problem using Fast-Decoupled
Algorithm,” European Journal of Scientific Research, vol. 17, no. 2, pp. 160 — 172.

Kumar, C and Alwarsamy, T.“Dynamic Economic Dispatch — A Review of Solution Methodologies,” European
Journal of Scientific Research, vol. 64, no. 4, pp. 517 — 537, 2011.

Lenin K. & Reddy, B.R. 2014. Quantum Particle Swarm Optimization Algorithm for Solving Optimal Reactive
Power Dispatch Problem.

Lenin, K., Reddy, B. R., & Kalavathi, M .S. 2016. Honey Bees Optimization Algorithm for Solving Optimal
Reactive Power Problem. International Journal Of Research in Electronics and Communication
Technology. 3(4), 15-25.

Mehdinejad, M., Mohammadi-Ivatloo, B., Dadashzadeh-Bonab, R. & Zare, K. 2016. Solution of optimal reactive
power dispatch of power systems using hybrid particle swarm optimization and imperialist competitive
algorithms. International Journal of Electrical Power & Energy Systems. 83, 104-116.

Mota-Palomino, R. & Quintana, V. H. 2016. Sparse Reactive Power Scheduling by a Penalty Function-Linear
Programming Technique. in IEEE Power Engineering Review. PER-6(8), 21-21.

Nanda, J., Kothari, D. P. & Srivastava, S. C. 2015. New optimal power-dispatch algorithm using Fletcher's quadratic
programming method. in IEE Proceedings C - Generation, Transmission and Distribution. 136(3), 153
161.

Mandal, B. & Roy, P. K. 2013. Optimal reactive power dispatch using quasi-oppositional teaching learning based
optimization. International Journal of Electrical Power & Energy Systems. 53, 123-134.

Santos, A. & Da Costa, G. R. M. 2015. Optimal-power-flow solution by Newton's method applied to an augmented
Lagrangian function. in IEE Proceedings - Generation, Transmission and Distribution. 142(1), 33-36.

Singh, R. P., Mukherjeeb, V., Ghoshal, S. P. 2015. Optimal reactive power dispatch by particle swarm optimization
with an aging leader and challengers. Applied Soft Computing. 29, 298-309.

Vlachogiannis J. G. & Lee, K. Y. 2016. A Comparative Study on Particle Swarm Optimization for Optimal Steady-
State Performance of Power Systems. in IEEE Transactions on Power Systems. 21 (4), 1718-1728.
International Journal of Information Engineering and Electronic Business. 6 (4), 32-37.

Xia, Y and Chan, K. W. 2006. "Dynamic constrained optimal power flow using semi-infinite programming," IEEE
Transaction on Power System, vol. 21, no. 3, August 2006, pp. 1455-1457.

Xia, X and Elaiw, A. M. 2010. “Optimal Dynamic Economic Dispatch of Generation: A Review,” Journal of
Electrical Power Systems Research, vol. 80, pp. 975 — 986.

Zhao, B., Guo C. X. & Cao, Y. J. 2015. A multiagent-based particle swarm optimization approach for optimal
reactive power dispatch. in IEEE Transactions on Power Systems. 20 (2), 1070-1078.



