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Optimal Power Flow (OPF) is one of the main functions of Power Generation Op-

eration and Control. It determines the optimal settings of generating units, bus voltage, 
and transformer tap and shunt elements in Power System with the objective of minimiz-
ing total production costs or losses while the system is operating within its security limits. 
The aim of this paper is to propose a methodology (GA-Matpower-OPF) that solves OPF 
including both active and reactive power dispatches. It is based on combining the Ge-
netic Algorithm (GA) to obtain a near global solution, and the package of Matlab m-files 
for solving power flow and optimal power flow problems (Matpower) to determine the 
optimal global solution. This method was tested on the modified IEEE 57 bus test system. 
The results obtained by this method are compared with those obtained with GA or Mat-
power separately. 
 
Keywords: optimal power flow, genetic algorithm, power systems, economic dispatch, 
Matpower software 
 
 

1. INTRODUCTION 
 

OPF [1] is a nonlinear programming problem, and is used to determine optimal out-
puts of generators, bus voltage and transformer tap, setting in power system, with an ob-
jective to minimize total production cost. While the system is operating within its secu-
rity limit. Since OPF was introduced in 1968 [2], several methods have been employed to 
solve this problem, e.g. Gradient base[2], Linear programming method [3] and Quadratic 
programming [4]. However all of these methods suffer from three main problems. Firstly, 
they may not be able to provide optimal solution and usually getting stuck at a local op-
timal. Secondly, all these methods are based on assumption of continuity and differenti-
ability of objective function which is not actually allowed in a practical system. Finally, 
all these methods can not be applied with discrete variables, which are transformer taps. 

It seems that GA is an appropriate method to solve this problem, which eliminates 
the above drawbacks. GA, invented by Holland [5] in the early 1970s, is a stochastic 
global search method that mimics the metaphor of natural biological evaluation. 

Genetic Algorithms (GAs) operates on a population of candidate solutions encoded 
to finite bit string called chromosome. In order to obtain optimality, each chromosome 
exchanges the information using operators borrowed from natural genetic to produce the 
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better solution. GAs differs from other optimization and search procedures in four ways 
[6]: 

 
(1) GAs work with a coding of the parameter set, not the parameters themselves. There-

fore GAs can easily handle the integer or discrete variables. 
(2) GAs search within a population of points, not a single point. Therefore GAs can pro-

vide a globally optimal solution.  
(3) GAs use only objective function information, not derivatives or other auxiliary 

knowledge. Therefore GAs can deal with the non-smooth, non-continuous and non-   
differentiable functions which are actually exist in a practical optimization problem. 

(4) GAs use probabilistic transition rules, not deterministic rules, Although GAs seem to 
be a good method to solve optimization problem, sometimes the solution obtained 
from GAs is only a near global optimum solution.  

 
Matpower is a package of Matlab files for solving power flow and optimal power 

flow problems. It is a simulation tool for researchers and educators and it is easy to use 
and modify. Matpower is designed to give the best performance possible while keeping 
the code simple to understand and modify [9]. Matpower was developed by Ray Zim-
merman and Deqiang Gan of PSERC at Cornell University under the direction of Robert 
Thomas. Therefore this paper employs Matpower applied with GAs to obtain the global 
solution. Basically, this method can be divided into two parts. The first part employs GA 
to obtain a near global solution, while the other part employs Matpower to determine the 
solution closer to the global solution. This method was tested on the modified IEEE 57 
bus test system. The result of the study of this method is compared with those obtained 
from GA or Matpower separately. 

The remainder of the paper is organized as follows. In section 2, we present the op-
timal power flow formulation and the optimisation under equality and inequality con-
straints. This is followed by an explanation of the proposed methodology in section 3. 
Simulation results are shown and discussed in section 4. Finally, we conclude in section 5. 

2. OPTIMAL POWER FLOW FORMULATION 

The OPF problem is to minimize the objective function, fuel cost, while satisfying 
several equality and inequality constraints. Generally the problem is formulated as fol-
lows [14]. 

 

1
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In Eq. (1), the generation cost function fi(PGi) in $/h is usually expressed as a quad-

ratic polynomial [15] 
 

2( )i Gi i Gi i Gi if P a P b P c= + +                                              (2) 
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where  
 

fi(PG): Total production cost ($/h); fi(PGi) is the cost of the ith generator in US$/h; 
PGi: The power output of generator i in MW; ai, bi, ci the cost coefficients of the ith gen-

erator. 
 

In minimizing the cost, the equality constraint (power balance) and inequality con-
straint (power limits) should be satisfied. 

 
2.1 Equality Constraint 
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where 
 
PDj, QDj: active and reactive power generation at bus j;  
PGj, QGj: active and reactive power generation at bus i;  
PL, QL: real and reactive losses. 

 
The transmission loss can be represented by the B-coefficient method [16] as 
 

L Gi ij Gj
i j

P P B P= ∑∑                                        (5) 

where Bij is the transmission loss coefficient, PGi, PGj the power generation of ith and jth 
units. The B-coefficients are found through the Z-bus calculation technique. 

 
2.2 Inequality Constraint 

 
The generation capacity of each generator has some limits and it can be expressed as 
 

min max
Gi Gi GiP P P≤ ≤                                          (6) 

min max
Gi Gi GiQ Q Q≤ ≤                                          (7) 

min max
Gi Gi GiV V V≤ ≤                                             (8) 

where 
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min max, :Gi GiP P Lower and upper limit of active power generation at bus i; 
min max, :Gi GiQ Q lower and upper limit of reactive power generation at bus i; 
min max, :Gi GiV V lower and upper limit of bus voltage at bus i;  

N: number of bus; NG: number of generating buses; ND: number of demand buses. 

3. METHODOLOGY 

Traditionally, GA is a stochastic optimization method which starts from multiple 
points to obtain a solution, but it provides only a near global solution. On the other hand, 
Matpower searches from a single point and using gradient information to obtain a solu-
tion. However, the solution obtained from Matpower is normally a local optimum solu-
tion. Therefore, in order to obtain a high quality solution, the two parts method, com-
prising both GA and Matpower is proposed in this paper. Basic theory for the GA and 
Matpower will be explained in the subsequent sections. In the proposed method, after the 
specified termination criteria for the GA is reached, Matpower is applied in the second 
part by using the solution from GA as an initial point and search using gradient informa-
tion to obtain a solution which is closer to the global solution. 
 
3.1 Genetic Algorithm Subproblem 

 
3.1.1 Chromosome coding and decoding  

 
GAs work with a population of binary string instead the parameters themselves [19]. 

For simplicity and convenience, binary coding is used in this paper. With the binary cod-
ing method, the active generation power set of 57-bus test system; PG1, PG2, PG3, PG4, PG5, 
PG6, PG7 (Table 6 and Fig. 2) would be coded as binary string (0 and 1) with length L1, L2, 
L3, L4, L5, L6 and L7 (may be different), respectively. Each parameter PGi have upper 
bound max( )i Gib p and lower bound min( ).i Gia p The choice of L1, L2, L3, L4, L5, L6 and L7 for the 
parameters is concerned with the resolution specified by the designer in the search space. 
In the binary coding method, the bit length Li and the corresponding resolution Ri are 
related by 
 

2 1i
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R
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2( ). .Gi i iP a decimal string R= + ⋅                               (10) 
 

As result, the PGi set can be transformed into a binary string (chromosome) with length 
∑Li and then the search space is explored. Note that each chromosome presents one pos-
sible solution to the problem. For example, suppose the parameter domain of ((PG1, PG2, 
PG3, PG4, PG5, PG6, PG7)) which is presented in Table 1. If the resolution (R1, R2, R3, R4, R5, 
R6, R7) is specified as (38.392, 6.66, 9.33, 6.66, 36.66, 6.66, 27.33) and we have L1 = 4, 
L2 = 4, L3 = 4, L4 = 4, L5 = 4, L6 = 4 and L7 = 4 (The number of the bits per gene is de-
pendent on the required precision), Then the parameter set ((PG1, PG2, PG3, PG4, PG5, PG6, 
PG7) and PG7) can be coded according to the following (Table 1): 
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Table 1. Coding of PGi parameter set. 
 PG1 PG2 PG3 PG4 PG5 PG6 PG7 code 

0 0.00  0.00  0.00  0.00  0.00  0.00  0.00  0000 
1 38,392 6,66 9,33 6,66 36,66 6,66 27,33 0001 
2 76,784 13,32 18,66 13,32 73,32 13,32 54,66 0010 
3 115,176 19,98 27,99 19,98 109,98 19,98 81,99 0011 
4 153,568 26,64 37,32 26,64 146,64 26,64 109,32 0100 
5 191,96 33,3 46,65 33,3 183,3 33,3 136,65 0101 
6 230,352 39,96 55,98 39,96 219,96 39,96 163,98 0110 
7 268,744 46,62 65,31 46,62 256,62 46,62 191,31 0111 
8 307,136 53,28 74,64 53,28 293,28 53,28 218,64 1000 
9 345,528 59,94 83,97 59,94 329,94 59,94 245,97 1001 

10 383,92 66,6 93,3 66,6 366,6 66,6 273,3 1010 
11 422,312 73,26 102,63 73,26 403,26 73,26 300,63 1011 
12 460,704 79,92 111,96 79,92 439,92 79,92 327,96 1100 
13 499,096 86,58 121,29 86,58 476,58 86,58 355,29 1101 
14 537,488 93,24 130,62 93,24 513,24 93,24 382,62 1110 
15 575.88 100.00  140.00  100.00  550.00  100.00  410.00  1111 

If the candidate parameters set is (460.70, 53.33, 102.66, 6.66, 403.33, 13.33, 
246.00), then the chromosome is a binary string 1100100010110001101100101001. The 
decoding procedure is the reverse procedure. The first step of any genetic algorithm is to 
create an initial population of GA by randomly generating a set of feasible solutions [17]. 
A binary string of length L is associated to each member (individual) of the population. 
The string is usually known as a chromosome and represents a solution of the problem. A 
sampling of this initial population creates an intermediate population. Thus some opera-
tors (reproduction, crossover and mutation) are applied to an intermediate population in 
order to obtain a new one, this process is called. 

The process, that starts from the present population and leads to the new population, 
is called a generation process (Table 2).   

Table 2. First generation of GA process for 57 bus example. 

Initial Population PG1 PG2 PG3 PG4    PG5    PG6 PG7  f(PGi)    fmax − f(PGi)

0010001100101100110111010000 76,784 19,98 18,66 79,92 476,58 86,58 0.00 1067300 293200 

0111100010111111000010110111 268,744 53,28 102,63 100.00 0.00 73,26 191,31 915730 444770 

1010011111111010000100100000 383,92 46,62 140.00 66,6 36,66 13,32 0.00 1360500 0.00 

0110010101100100110000111110 230,352 33,3 55,98 26,64 439,92 19,98 382,62 30509.80 1329991 

Max         1360500 

Min         30509.80 

 
3.1.2 Crossover  

Crossover is the primary genetic operator, which promotes the exploration of new 
regions in the search space. For a pair of parents selected from the population the recom-
bination operation divides two strings of bits into segments by setting a crossover point  
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Table 3. Single point crossovers. 
 Locus = 3   

Parent1 011|0010101100100110000111110 Child 1 0111100010111111000010110111 
Parent2 011|1100010111111000010110111 Child 2 0110010101100100110000111110 

 

Table 4. The result after crossover and mutation of the first population. 
Chromosome the result after crossover of 

the first population 
the result after mutation of 

the first population 
1 0110010101100100110000111110 0110010101100100111000111110 
2 0111100010111111000010110111 0111100011111111000010110111 
3 0110010101100100110000111110 0110010101010100110010111111 
4 0111100010111111000010110111 0111100010111111111010110111 

 

at random locus, i.e. Single Point Crossover (Table 3) [15]. The segments of bits from 
the parents behind the crossover point are exchanged with each other to generate their 
off-spring. The mixture is performed by choosing a point of the strings randomly and 
switching the left segments of this point. The new strings belong to the next generation 
of possible solutions (Table 4). The strings to be crossed are selected according to their 
scores using the roulette wheel [6]. Thus, the strings with larger scores have more 
chances to be mixed with other strings because all the copies in the roulette have the 
same probability to be selected.   

3.1.3 Mutation 

Mutation is a secondary operator; it prevents the premature stopping of the algo-
rithm in a local solution. This operator is defined by a random bit value change in a cho-
sen string with a low probability. The mutation adds a random search character to the 
genetic algorithm (Table 4). 

All strings and bits have the same probability of mutation. For example, in the string 
0110010101100100110000111110, if the mutation affects bit number six, the string ob-
tained is 0110010101100100111000111110 and the value of PG5 change from 439.92 to 
513,24. 

 

3.1.4 Reproduction 
 
Reproduction is based on the principle of better fitness survival. It is an operator 

that obtains a fixed copies number of solutions according to their fitness value. If the 
score increases, the number of copies increases too. A score value is associated to a solu-
tion relying on its distance from the optimal solution (closer distances to the optimal so-
lution mean higher scores). 
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Table 5. Second generation of GA process for 57 bus example. 

3.1.5 Candidate solutions fitness and cost function 

The cost function is defined as: 

2( ) ;i Gi i Gi i Gi if P a P b P c= + +    min max .Gi Gi GiP P P≤ ≤                     (11) 
 
Our objective is to search (PG1, PG2, PG3, PG4, PG5, PG6, PG7) in their admissible lim-

its to achieve the optimisation problem of OPF. The cost function f(PGi) takes a chromo-
some (a possible (PG1, PG2, PG3, PG4, PG5, PG6, PG7)) and returns a value. The value of the 
cost is then mapped into a fitness value fit(PG1, PG2, PG3, PG4, PG5, PG6, PG7) so as to fit in 
the genetic algorithm. 

To minimise f(PGi) is equivalent to getting a maximum fitness value in the searching 
process, a chromosome that has lower cost function should be assigned a larger fitness 
value. The objective of OPF should change to the maximisation of fitness used in the 
simulated roulette wheel as follows: 

( ),    if  ( ); 1, ,
0,                        otherwise.

Gi Gi
i

fmax fi P fmax fi P i NG
fitness

− ≥ =⎧
= ⎨
⎩

                (12) 

It should be given by the slack generator with considering different reactive con-
straints. Examples of reactive constraints are the min and the max reactive rate of the 
generators buses and the min and max of the voltage levels of all buses [15]. All these 
require a fast and robust load flow program with best convergence properties. The de-
veloped load flow process is based upon the full Newton-Raphson algorithm using the 
optimal multiplier technique [18].   

 
Fig. 1. A Simple flow chart of the GAOPF. 

second generation PG1 PG2 PG3  PG4      PG5    PG6 PG7  f(PGi)     fmax − f(PGi)

0110010101100100111000111110 230,35 33,3 55,98 26,6 513,2 19,98 382,62 5503.1 882116,9
0111100011111111000010110111 268,74 53,28 140.00 100.0 0.00 73,26 163,98 887620 0.00 
0110010101010100110010111111 230,35 33,3 46,65 26,64 439,92 73,26 410.00 4985.56 882634,44
0111100010111111111010110111 268,74 53,28 102,63 100.0 513,24 73,26 191,31 8015.6 879604,4

Max         887620 
Min         4985.56 
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3.1.6 Termination of the GA  
 
Because GA is a stochastic search method, it is difficult to formally specify conver-

gence criteria. As the fitness of a population may remain static for a number of genera-
tions before a superior individual is found, the application of convergence termination 
criteria becomes problematic, a common practice is to terminate GA after a prespecified 
number of generations (in our case the number of generations is 300) and then test the 
fitness of best members in the last population. If no acceptable solutions are found, the 
GA may be restarted or fresh search initiated [19]. 
 
3.2 Matpower Subproblem 

 
3.2.1 Introduction 

 
Matpower is a package of Matlab m-files for solving power flow and optimal power 

flow problems [9]. 
 

3.2.2 Power flow 
 
Matpower has three power flow solvers. The default power flow solver is based on a 

standard Newton’s method [7] using a full Jacobian, updated at each iteration. This 
method is described in detail in many textbooks. The other two power flow solvers are 
variations of the fast-decoupled method [8]. Matpower implements the XB and BX varia-
tions as described in [10]. Currently, Matpower’s power flow solvers do not include any 
transformer tap changing or feasibility checking capabilities. 

Performance of the power flow solvers should be excellent even on very large-scale 
power systems, since the algorithms and implementation take advantage of Matlab’s 
built-in sparse matrix handling. On a Sun Ultra 2200, Matpower solves a 9600-bus test 
case in about 10 seconds and a 38400 bus case in about 50 seconds. 

 
3.2.3 Optimal power flow 
 

Matpower includes two solvers for the optimal power flow (OPF) problem. The first 
is based on the constr function included in Matlab’s Optimization Toolbox, which uses a 
successive quadratic programming technique with a quasi-Newton approximation for the 
Hessian matrix. The second approach is based on linear programming. It can use the LP 
solver in the Optimization Toolbox or other Matlab LP solvers available from third par-
ties. 

The performance of Matpower’s OPF solvers depends on several factors. First, the 
constr function uses an algorithm which does not exploit or preserve sparsity, so it is 
inherently limited to small power systems. The LP-based algorithm, on the other hand, 
preserve sparsity. However, the LP-solver included in the Optimization Toolbox does not 
exploit this sparsity. In fact, the LP-based method with the default LP solver performs 
worse than the constr-based method, even on small systems. Fortunately, there are 
LP-solvers available from third parties which do exploit sparsity. In general, these yield 
much higher performance. One in particular, called bpmpd [11] (actually a QP-solver), 
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has proven to be robust and efficient. 
It should be noted, however, that even with a good LP-solver, Matpower’s LP-based 

OPF solver, unlike its power flow solver, is not suitable for very-large scale problems. 
Substantial improvements in performance may still be possible, though they may require 
significantly more complicated coding and possibly a custom LP-solver. On a Sun Ultra 
2200, the LP-based OPF solver using bpmpd solves a 30-bus system in less than 4 sec-
onds and a 118-bus case in less than 25 seconds. 

 
3.2.4 OPF formulation 
 

The OPF problem solved by Matpower is a “smooth” OPF with no discrete vari-
ables or controls. The objective function is the total cost of real and/or reactive genera-
tion. These costs may be defined as polynomials or as piecewise-linear functions of gen-
erator output. The problem is formulated as follows: 

 
1 2min ( ) ( )i Gi i Gif P f Q+∑                                     (13) 

 
Such that 

PGi − PLi − P(V, θ) = 0  (Active power balance equations)          (14)  

QGi − QLi − Q(V, θ) = 0  (Reactive power balance equations)        (15) 
                          

maxf
ij ijS S≤             (Apparent power flow limit of lines, from side)  (16) 

 
maxt

ij ijS S≤              (Apparent power flow limit of lines, to side)   (17) 
  

min max
i i iV V V≤ ≤        (Bus voltage limits)                 (18) 

 
min max

Gi Gi GiP P P≤ ≤       (Active power generation limits)        (19) 
 

min max
Gi Gi GiQ Q Q≤ ≤      (Reactive power generation limits)      (20) 

 
Here f1i and f2i are the costs of active and reactive power generation, respectively, 

for generator i at a given dispatch point. Both f1i and f2i are assumed to be a polynomial 
or piecewise-linear functions. The problem can be written more compactly in the fol-
lowing form: 

 
minf(x).                                            (21) 

Such that 

g(x) ≤ 0                                              (22) 
 
where f and g are non-linear functions. 



M. YOUNES, M. RAHLI AND L. ABDELHAKEM-KORIDAK 

 

1810 

 

3.2.5 Optimization toolbox based OPF solver (constr) 
 
The first of the two OPF solvers in Matpower is based on the constr non-linear con-

strained optimization function in Matlab’s Optimization Toolbox. The constr function 
and the algorithms it uses are covered in the Optimization Toolbox manual [12]. Mat-
power provides constr with two m-files which it uses during for the optimization. One 
computes the objective function, f, and the constraint violations, g, at a given point, x,  
and the other computes their gradients 

x
f
∂
∂  and 

x
g
∂
∂ .  

Matpower has two versions of these m-files. One set is used to solve systems with 
polynomial cost functions. In this formulation, the cost functions are included in a 
straightforward way into the objective function. The other set is used to solve systems 
with piecewise-linear costs. Piecewise linear cost functions are handled by introducing a 
cost variable for each piecewise-linear cost function. 

The objective function is simply the sum of these cost variables which are then con-
strained to lie above each of the linear functions which make up the piecewise-linear cost 
function. Clearly, this method works only for convex cost functions. In the Matpower 
documentation this will be referred to as a constrained cost variable (CCV) formulation. 

The algorithm codes 100 and 200, respectively, are used to identify the constr-based 
solver for polynomial and piecewise-linear cost functions. If algorithm 200 is chosen for 
a system with polynomial cost function, the cost function will be approximated by a 
piecewise-linear function by evaluating the polynomial at a fixed number of points de-
termined by the options vector. 

 
3.2.6 Unit decommitment algorithm 

 
Matpower includes a unit decommitment algorithm which allows it to shut down 

these expensive units. The algorithm is based on a simplified version of the decommit-
ment technique proposed in [13]. 

The algorithm proceeds as follows: 

Step 0: Assume all generators are on-line with all generator limits in place. 
Step 1: Solve a normal OPF. 
Step 2: If the OPF converged to a feasible solution and the objective function decreased 

from the previous iteration (or if this is the first iteration), go to step 3, otherwise 
go to step 4. 

Step 3: Compute a decommitment index for each generator i as follows: 

di = fi(Pi) − λi.Pi                                          (23) 

where Pi is generator i’s dispatch computed by the OPF, fi is the cost of operating at Pi, 
and λi is the Lagrange multiplier on the real power equality constraint at the bus where 
generator i is located. Continue with step 5. 

Step 4: Return to the previous commitment and set dk to zero (to eliminate it from con-
sideration). 
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Step 5: Find the generator k with the smallest decommitment index. If dk is negative, 
shut down generator k and return to step 1. If dk is positive, stop. 

3.3 Computational Procedure 

The software was developed using the Matlab GA toolbox and Optimization tool-
box to implement GA and Matpower respectively. This software can run in Matlab5 en-
vironment: 

Step 1: Read system data. 
Step 2: Solve OPF problem using GA. 
Step 3: Use answer from step 2 as a starting point and solve OPF problem using Matpower.  
Step 4: Getting the final result and quitting program. 

4. SIMULATION RESULTS 

In this study, the standard IEEE 57-bus 7-generator test system is considered to in-
vestigate the effectiveness of the proposed approach. The IEEE 57 bus system has 80 
transmission circuits. The single-line diagram of this system is shown in Fig. 2 and the 
detailed data are given in [9]. The values of fuel cost coefficients are given in Table 6, 
Total load demand of the system is 1250.8 (MW), and 7 generators should satisfy this 
load demand economically. The result obtained from Matpower method, GA method and 
the proposed method are shown in Tables 8-10. This method has been tested 30 times. 
Three test cases are considered, specifically, the first test case ignores the transmission 
losses. The second test case differs from the first in that it incorporates the transmission 
losses. The transmission line losses are calculated and maintained constant (PL = 19.06 MW).   

Finally, in the third test case, we consider the variable losses according to each 
method. The parameter values used for GA are in Table 7. One string represents 7 gen-
erators outputs that should be dispatch. This string is coded in binary format of 149 bits 
length (23 bits + 20 bits + 21 bits + 20 bits + 23 bits + 20 bits + 22 bits = 149 bits). 
 

Table 6. Generator operating limits and quadratic cost function coefficients data (IEEE-57 bus). 

Bus  Pmin   Pmax   Qmin  Qmax   Vmin   Vmax    a      b       c       
1    0.00   575.88   − 200    300     0.94    1.06    0.01    0.30    0.20 
2    0.00   100.00    − 17     50     0.94    1.06    0.01    0.30    0.20 
3    0.00   140.00    − 10     60     0.94    1.06    0.01    0.30    0.20 
6    0.00   100.00     − 8     25     0.94    1.06    0.01    0.30    0.20 
8    0.00   550.00   − 140    200     0.94    1.06    0.01    0.30    0.20 
9    0.00   100.00     − 3      9     0.94    1.06    0.01    0.30    0.20 

12    0.00   410.00   − 150    155     0.94    1.06    0.01    0.30    0.20 

Table 7. Parameter values for GA & Matpower. 

Population size 100 Mutation probability 0.01 
Number of generations 300 Crossover probability 0.8 
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Fig. 2. One-line diagram of the IEEE 57 bus test system. 

Table 8. Results of GAOPF compared with Classical methods and GAMatpowerOPF 
for the IEEE 57-bus system.  

Variable       MatpowerOPF      GA OPF      GAMatpowerOPF    
PG1 (MW)        270.27          262.075          262.352   
PG2 (MW)        100.00          99.9985          100.000    
PG3 (MW)        140.00          139.980          140.000   
PG6 (MW)        100.00          99.9969          100.000  
PG8 (MW)        270.27          275.828          275.537    
PG9 (MW)        100.00          99.9999          99.9999   
PG12 (MW)       270.27          272.278          272.265 
QG1 (Mvar)       23.520          219.055          219.057    
QG2 (Mvar)       47.980         − 9.7219          − 9.7308    
QG3 (Mvar)       20.490          13.1918           13.124     
QG6 (Mvar)       22.230           0.93780          0.9328   
QG8 (Mvar)       49.390          − 87.349         − 87.359     
QG9 (Mvar)       9.0000           1.83880          1.8389   
QG12 (Mvar)      116.98           151.740          151.736 
VG1 (pu)         0.9740           0.95301          1.01062    
VG2 (pu)         0.9680           1.05084          0.94682   
VG3 (pu)         0.9780           1.02944          1.02175    
VG6 (pu)         0.9990           0.98493          0.9697   
VG8 (pu)         0.9980           1.05306          1.02238   
VG9 (pu)         0.9870           0.94.83           1.04713    
VG12 (pu)        1.0080           0.98800           0.94425 
Cost ($/hr)      3063.96           3063.07           3062.89 
PL (MW)        0.0000            0.0000            0.0000 
Time (S)          5.75             86.25            45.225 
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4.1 First Variant 
 
Ignores the transmission losses (PL = 0.00 MW). 

 
4.2 Second Variant 

 
Transmission line losses are calculated and maintained constant (PL =19.06 MW). 

 
4.3 Third Variant 

 
We consider the variable losses according to each method. From Tables 8, 9, 10, al-

though Matpower can give a solution within a short time, the solution is only a local op-
timal which depends on a starting point. The result obtained from GA is better, but it 
takes longer computational time. 

 
 

Table 9. Results of GAOPF compared with classical methods and GAMatpowerOPF for 
the IEEE 57-bus system with the constant losses = 19.06 kW. 

Variable    MatpowerOPF    GAOPF      GAMatpowerOPF 
PG1 (MW)     265.33         277.127         277.149   
PG2 (MW)     100.00         100.000         100.000    
PG3 (MW)     140.00         140.000         140.000   
PG6 (MW)     100.00         100.000         100.000   
PG8 (MW)     276.97         277.260         277.282 
PG9 (MW)     100.00         100.000         100.000   
PG12 (MW)    287.56         275.403          275.403 
QG1 (Mvar)    72.730         255.725          93.9932    
QG2 (Mvar)    50.000         3.94830          38.0285    
QG3 (Mvar)    36.740         10.5590          22.3758    
QG6 (Mvar)    6.3700        − 7.3619          − 4.5756    
QG8 (Mvar)    55.780         30.8469          31.9729    
QG9 (Mvar)    9.0000         5.86470          − 0.4368    
QG12 (Mvar)   48.250         − 20.499          97.5420 
VG1 (pu)      1.0320          0.97112         0. 98338 
VG2 (pu)      1.0300          1.05267         1.02717 
VG3 (pu)      1.0190          0.98723         1.05625 
VG6 (pu)      1.0100          0.99352         0.96450  
VG8 (pu)      1.0080          0.99358         1.03835 
VG9 (pu)      0.9840          0.98515         0.99435    
VG12 (pu)      0.9840         0.99514         0.97703 
Cost ($/hr)     3176.39       3175.579         3173.982 
PL (MW)       19.06          19.06           19.06        
Time (S)        6.85          103.75           56.375 
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Table 10. Results of GAOPF compared with classical methods and GAMatpowerOPF 
for the IEEE 57-bus system. 

Variable       MatpowerOPF        GAOPF          GAMatpowerOPF   
PG1 (MW)        265.33            266.850             268.047   
PG2 (MW)        100.00            100.000             100.000    
PG3 (MW)        140.00            140.000             140.000   
PG6 (MW)        100.00            100.000             100.000   
PG8 (MW)        276.97            280.438             275.268   
PG9 (MW)        100.00            100.000             100.000   
PG12 (MW)       287.56            281.875             282.275 
QG1 (Mvar)       72.730            195.321             136.833   
QG2 (Mvar)       50.000           − 11.768             − 10.341     
QG3 (Mvar)       36.740            18.6129             6.70500    
QG6 (Mvar)       6.3700            4.45390             − 5.3714    
QG8 (Mvar)      55.780            16.1860              54.2315    
QG9 (Mvar)      9.0000           − 1.6061              − 0.2815    
QG12 (Mvar)     48.250            55.7004              95.1240 
VG1 (pu)        1.0320            0.96900               0.97.22    
VG2 (pu)        1.0300            1.03900               0.96.17    
VG3 (pu)        1.0190            1.04540               0.95.14  
VG6 (pu)        1.0100            1.00800               1.00196    
VG8 (pu)        1.0080            1.00850               0. 9962   
VG9 (pu)        0.9840            1.03940               1.01581   
VG12 (pu)       0.9840            0.94680               1.00446 
Cost ($/hr)     3176.39           3171.785               3158.09 
PL (MW)        19.06              18.40                 14.80 
Time (S)         6.85              97.75                46.875 

 
Therefore, the combined method is presented in this paper. This method consists of 

two parts. The first part employs the GAs to obtain a near global solution, while the other 
part employs Matpower to determine the solution closer to the global solution. Result of 
the study demonstrates that the proposed method can give the lowest production cost 
within reasonable time.  

5. CONCLUSIONS 

This paper presents a methodology for solving OPF including active power dis-
patches using GA and Matpower. The method employs advantage of the GAs which can 
provide a near global solution at the beginning. Then Matpower which can tune the con-
trol variables to obtain the global solution is applied. Results of the study demonstrate 
that the proposed method give a better solution than GA or Matpower alone. 
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