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Abstract—Optimal power flow problems have been studied
extensively for the past decades. Two approaches for solving the
problem have been distinguished: mathematical programming
and evolutionary algorithms. The first is fast but is not converging
to a global optimum for every case. The second ones are robust
but time-consuming. This paper proposes a method that combines
both approaches to eliminate their flaws and take advantage of
their benefits. The method uses properties of genetic algorithms
to group their chromosomes around optima in the search space.
The centers of these groups are identified by clustering techniques
and furthermore used as initial points for gradient based search
methods. At the end, the proposed method finds global optimum
and its closest local optima. Continuous Newton-Raphson method
is used to overcome ill-conditioned points in search space when
calculating power flows. The proposed method is compared
against similar methods showing considerable improvement.

Index Terms—Continuous Newton-Raphson, Convex Opti-
mization, Genetic Algorithm, K-means, Optimal Power Flow

I. INTRODUCTION

Since the first formulation of the optimal power flow (OPF)
problem in 1962 by Carpentier [1], a lot of attention has been
put on developing fast and robust algorithms for finding the
accurate solution. From the beginning, the focus was primarily
on computationally-efficient methods that can find an optimal
solution in a reasonable time on currently available computer
technology. These methods include linear, nonlinear, quadratic
programming approaches as well as Newton and interior point
methods [2], [3]. All of them can be called under the same
name as mathematical programing (MP) methods. OPF are
highly nonlinear, non-convex optimization problems with both
continuous and discrete control variables. MP methods are not
guaranteed to converge to the global optimum for a general
OPF problem with multiple local optima [4]. Furthermore,
they experience problems with discrete control variables. In
order to solve OPF with MP methods, approximations and
relaxations of the original problem have to be done leading
sometimes to inaccurate solutions.

Evolutionary algorithms (EA) have been recognized as an
alternative to MP methods [5]–[10]. They overcome the lim-
itations of MP methods but with the increased computational
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costs. This is one of the reasons that interest in them for
solving OPF emerged with advancement of computers at the
end of 20th century. The last decade has brought requirements
on OPFs to provide more accurate optimal solutions for large
scale systems in small amount of time or even real-time.
This led to decreased interest in EA because of their poor
performance in execution times. Instead, more focus was given
on enhancing MP methods to improve their robustness and
accuracy while satisfying requirements in speed.

A third group of methods combines previous two to over-
come limitations of both and exploit their advantages. One
of these hybrid methods [11] uses genetic algorithm (GA) to
cope with discrete variables and an interior point method for
it’s great convergence speed on large scale problems. Another
one [12] uses GA to find good initial point for sequential
quadratic programming (SQP) optimization method.

This paper proposes a hybrid method that combines GA,
clustering techniques and SQP to robustly deliver global and
local solutions of OPF with a satisfying speed. It exploits
behavior of GA to group its’ chromosomes around local
optima already in early stages of the algorithm. The main idea
is to stop GA when sufficient grouping has occurred allowing
extraction of information about the search space. These groups
are furthermore identified using clustering techniques. Each
cluster of the chromosomes should belong to the convex space
surrounding the corresponding local optimum. The optimum
can then be found using some of the MP methods where the
cluster center is used as the initial point for the search. By
simply comparing found local optima, the global optimum is
retrieved. In order to ensure convergence of the power flow for
all the points in the search space, robust continuous Newton-
Raphson method [13] is used.

The proposed algorithm indicates possible improvement in
speed among the EA and hybrid methods since it requires less
objective function evaluations. Besides the global optimum
it also provides information on the closest local optima.
Compared to MP methods, it shows better accuracy without
significantly larger computational time (up to 7 times) where
MATPOWER OPF algorithm [14] is used as a benchmark for
the performance analysis.



II. ALGORITHM STRUCTURE

The structure of the proposed algorithm is shown on Fig.
1. Three main parts of the algorithm can be distinguished:

1) genetic algorithm (GA) with robust power flow algorithm,
2) clustering,
3) convex optimization.
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Figure 1. The algorithm flow chart

The algorithm starts by distributing GA’s chromosomes
uniformly over the search space. This way, without prior
knowledge of suitable initial points for the search, the algo-
rithm still keeps in the scope all possible global and local
solutions. In order to cope with ill conditioned cases, chromo-
somes are evaluated by robust power flow algorithm. Fitness
(objective) function is calculated from quantities obtained from
the power flow. After evaluation of chromosomes, stopping
criteria for GA is assessed. It is designed to stop the GA when
chromosomes have grouped sufficiently.

After the chromosomes have grouped around optima, these
clusters are furthermore identified by clustering algorithm k-
means++. The clusters contain the chromosomes belonging to
the same convex area around the corresponding optimum. If
the chromosomes are uniformly spread around the optimum,
the center of the cluster is exactly that optimum. Otherwise,
the optimum can be found using convex optimization methods
where the starting point of the search is a cluster center or the
fittest chromosome in the cluster.

When all the local optima belonging to different clusters
have been found, the global optimum is found simply by
taking the local optimum with a highest fitness function. At
the end, besides the global optimum, the algorithm provides
information on the closest local optima as well. In the fol-
lowing sections each part of algorithm is explained in more
detail.

III. ROBUST POWER FLOW ALGORITHM

The search space can contain ill-conditioned points of the
analyzed system [13], [15], [16]. For these points, standard
Newton-Raphson (SNR) power flow algorithm would not con-
verge. The ill-conditioned points are associated with bad initial
points that are located outside of the algorithm’s basin (region)
of attraction. Another reason for non-convergence is the high
condition numbers of Jacobian matrix on the trajectory to the
solution. High condition numbers make numerical difficulties
when trying to find inverse of Jacobian matrix. These usually
reflect closeness of solution point to the bifurcation points of
the system.

To avoid the mentioned problems, continuous Newton-
Raphson (CNR) method [17] is used for calculating power
flows. This method makes analogy between update step of
SNR and ordinary differential equations (ODE). It furthermore
motivates the idea by the fact that the update step of SNR
defined in this way can be run using efficient algorithms
designed to solve ODE. The recent application on the power
flow problem has been presented in [13]. Here, the author
uses fourth order Runge-Kutta (RK4) method to integrate the
system. Adaptation of the RK4 integration step ∆t in [13]
is done by assessing truncation error ε according to (1). In
[16], step size optimization is applied using second order
Taylor expansion. It is shown that this method provides better
convergence than RK4.

if ε > 0.01 then ∆t = max(0.985 ·∆t, 0.75)

if ε ≤ 0.01 then ∆t = min(1.015 ·∆t, 1.25)
(1)

Our power flow algorithm consists of two stages:
1) robust CNR stage
2) fast and accurate SNR stage
First stage increases robustness of the algorithm by expand-

ing the basin of attraction so that initial point is inside it. The
emphasis in this stage is on robustness with satisfying speed
of the algorithm. For this purpose, adaptive time step Runge-
Kutta method (RK23) proposed by Bogacki and Shampine
[18] is used in conjunction with CNR. Low order Runge-
Kutta methods such as RK23 are faster than higher order
methods but they tend to be less accurate [19]. Accuracy
is not very important in the first stage of the algorithm. At
this stage, emphasis is on robustness and speed. RK23 has
an embedded second-order method. Comparing it’s solution
with third-order method solution, truncation error ε can be
estimated. Integration step ∆t is adapted starting from initial
value ∆t0 according to (2) comparing truncation error of the
step with set tolerance τ . Transition to the next stage of the
algorithm is done when the operating point is moved in the
original basin of attraction of SNR. This is done by assessing
the size of the integration step. If it reaches it’s maximum
value ∆tmax, the algorithm continues to the second stage.

if ε > τ then ∆t = max(0.99 ·∆t, 0.9)

if ε ≤ τ then ∆t = min(1.01 ·∆t,∆tmax)
(2)



The second stage of the power flow algorithm uses SNR to
fast find the accurate solution of the power flow problem. If the
assumption that the second stage starts in basin of attraction
of SNR is true, the algorithm will converge. Otherwise, it will
diverge. To prevent this, SNR step error is assessed. If it starts
increasing, the algorithm will return to the first stage. The first
stage will put the operating point closer to the solution point
before transiting again to the second stage.

Switching heuristics between PU and PQ nodes is imple-
mented from [20]. It is run between each integration step of
RK23 in the first stage and each step of SNR in the second
stage.

IV. GENETIC ALGORITHM

We chose GA as a robust search method because of it’s
great ability to handle nonlinear, non-convex search space that
includes discrete variables. Furthermore, it shows great flexi-
bility in the design of a fitness (objective) function allowing it
to handle complex multi-objective optimization problems [21],
[22]. It has been reported that MP methods do not converge to
the global optimum if not appropriately initialized [4]. They
tend to get trapped into the local optimum or saddling points
of the search space. Deciding about the good initial point
usually needs more knowledge about the system and problem
itself. GAs as general search methods do not need initial point
to start the search. Furthermore, they tend to escape local
optima with ease [22]. In our algorithm, we use GA in the
first part to extract the information about convex regions of
the search space by identifying areas where the chromosomes
are grouping.

Multiple derivations of GAs have been developed. The
derivation implemented in our algorithm is known as simple
GA. These type of GAs are easy to implement and do not
require any kind of expert knowledge about the optimization
problem. They have three basic evolutionary operators with
associated parameters:

1) reproduction (Ggap-generation gap, change ratio of gen-
eration)

2) crossover (pc-probability of crossover)
3) mutation (pm-probability of mutation)
The GA flow is shown on Fig. 1. Each step of our im-

plementation of GA is explained in detail in the following
subsections.

A. Coding
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Figure 2. Coding of the chromosomes

For the purpose of our GA we used binary coding of
chromosomes. Each controllable variable uij of chromosome

i is represented by L bits or alleles. Minimum value of uij

is coded with integer value 0 while maximum corresponds to
integer value 2L − 1. Values in between are coded according
to the linear rule. Representation of the controllable variable
is called gene. Chromosome is built up from Nu genes
representing Nu controllable variables as shown on Fig. 2.

B. Evaluation of chromosomes - Fitness function

General expression of a fitness function can be written as:

Fi = f(Xi, Ui, par), i = 1..N (3)

where N is the number of chromosomes. Parameters of the
system par are the same for every chromosome. Set of control-
lable variables Ui can be extracted from each chromosome’s
genome. To calculate the chromosome’s fitness function, states
of the system Xi have to be calculated. They are obtained by
running power flow described in Section III that is supplied
by Ui.

Reactive power limits of generating units in the system are
accounted by PU-PQ switching heuristics applied in the power
flow algorithm. To include limits on other states of the system,
penalizing function is introduced:

Fi = Fi −
M∑
j=1

xj /∈∆xj

δxjCj , i = 1..N (4)

where ∆xj is allowable interval of state xj , δxj - absolute
value of xj deviation from it’s closest limit, Cj-penalizing
factor of state j and M - number of states in the system. By
adjusting Cj , the limit on state j can be softer or harder.

C. Selection of chromosomes

To create a new generation of chromosomes, part of the
chromosomes ([N(1−Ggap)]) will be selected to be transfered
to the next generation while the rest of generation ([NGgap])
will be filled with the offspring. This ratio is determined by
parameter Ggap ∈ (0, 1) called generation gap.

The selection process is done using Roulette wheel tech-
nique. Roulette wheel technique selects the chromosomes with
probability proportional to the value of their fitness function.
Instead of using it directly in the selection process, the raw
fitness function Fi is firstly appropriately scaled to enhance
GA’s convergence. The scaling methods described in [21], [22]
are used:

1) linear scaling
2) power scaling
3) sigma scaling (truncation)
Before applying Roulette wheel, it must be assured that

values of fitness function for each chromosome are positive.
This is achieved by linear scaling of the fitness function Fi

using (5). Coefficient a is readjusted for each generation in
such way that min(F1) = 0.02max(F1).

F1i = a+ bFi (5)



After applying linear scaling, the fitness surface might still
have low steepness. This will result in slow convergence in
later stages of GA. To speed up GA, power scaling (6) is
used in the next step. Parameter k has to be tuned depending
on how much steeper the surface has to be.

F2i = F1i
k (6)

Drawback of power scaling is that it might provoke prema-
ture convergence of GA. If it occurs, the GA might end up
finding local optimum providing a wrong solution. To avoid
it, in third step of fitness scaling, sigma scaling is applied.
This method exploits statistical information about generation
t: mean value of fitness function F̄2(t) and standard deviation
σ(F2(t)). Using (7), fitness function is scaled to avoid the
problem of premature convergence.

F3i = 1 +
F2i − F̄2(t)

2σ(F2(t))
(7)

After scaling fitness function Fi, F3i is obtained and used
in roulette wheel selection process.

D. Crossover

The new generation of chromosomes is completed by adding
[NGgap] new chromosomes coming from an offspring. To
create the offspring, parents from the previous generation are
chosen using the same selection procedure described in the
previous subsection.

After selection of two chromosomes i and k from previous
generation t, multi-point crossover is applied to create two
children chromosomes (Fig. 3). Multi-point crossover is done
by combining single crossover between genes representing the
same control variable. Therefore, total number of crossover
points is 2Nu − 1. Single crossover points applied to the
separate genes (s1..sNu ) are chosen randomly for the each
pair of parents.

1 1 0 . . 0 0 1 i 1 0 1 . . 1 1 1 0 1 0 . . 1 0 1 0 1 0 . . 0 1 1 

k 0 1 0 . . 1 0 1 1 1 0 . . 1 0 0 1 1 1 . . 0 0 1 0 0 0 . . 1 1 0 

1 0 1 . . 1 0 0 0 1 0 . . 0 0 1 0 1 0 . . 1 1 0 

0 1 0 . . 0 0 1 1 1 0 . . 1 1 1 1 1 1 . . 1 0 1 0 0 0 . . 0 1 1

1 1 0 . . 1 0 1 

u1 u2 uNu-1 uNu

s1 s2 sNu-1 sNu
parents

children

Figure 3. Creation of children

E. Mutation

Operation of mutation is done on random alleles in random
chromosomes by changing their bit value. Total number of
mutated alleles in generation is Nalpm where pm is probability
of mutation and Nal = LNuN is total number of alleles in
the generation.

F. Stopping criteria

GA is supposed to stop it’s search when it reaches satis-
fying convergence level or maximum number of generations
[21], [22]. Unfortunately, this goal can lead to substantial
computational time of the algorithm. The goal of GA in
our algorithm is to substantially group chromosomes around
global optimum and closest local optima so that groups can
be identified. Therefore, first condition is applied with very
relaxed threshold in the form of (8) where σ(F ) is standard
deviation of chromosomes’ fitness functions and F̄ is the
mean value. The second condition of maximum number of
generations for which GA is allowed to run is set to relatively
low number to avoid excessive computational times in case
when the first criteria has not been met.

σ(F1)

F̄1
< 0.2 (8)

G. Parallel Computing

The main drawback of GAs comes from the big com-
putational time they take to converge. Fortunately, they are
very suitable to be used with parallel computing [23]. In
our algorithm, parallel computing is applied when evaluating
fitness functions of chromosomes.

V. CLUSTERING OF CHROMOSOMES

GAs are recognized as very robust method efficient in
finding global optimum when search space is complex. Their
main disadvantage comes from the long time they take to
converge. The algorithm we are proposing uses GA to extract
the information about the search space. The goal is to divide
the non-convex search space into it’s convex parts surrounding
global and local optimums. The GA is run for a number
of generations to allow sufficient grouping of chromosomes
around optimums in the search space. These groups are then
identified using clustering technique k-means.

K-means as a clustering technique was first proposed by
Lloyd in [24]. It groups the data points in the space in k clus-
ters such that the sum of squared Euclidean distances between
each point and it’s closest cluster center is minimized. The
algorithm starts by randomly initiating the clusters’ centers.
The enhanced cluster center initialization is proposed in [25].
Resulting algorithm is known as k-means++. For the purpose
of our OPF, k-means++ algorithm realization proposed by
Hamerly in [26] is used. To determine the number of clusters
k, elbow method is applied.

The last generation that satisfied the stopping criteria of GA
is used as the dataset D to be clustered. Each chromosome i
is represented in D with a data point di:

di = [Ûi; F̂2i] (9)

where Ûi is a set of controllable variables normalized to the
range ûij ∈ αj [0, 1], j = 1..Nu. F̂2i = βF2i/max(F2) is
normalized fitness function of chromosome i. Coefficients αj

and β account for strength of clustering in certain dimension.
With lower value of coefficient αj , effect of clustering on



dimension j is decreased since the projection of data points on
that dimension will be smaller. With certain expert knowledge
about the OPF problem, the coefficients can be chosen to
enhance the clustering.

VI. GLOBAL AND CLOSEST LOCAL OPTIMA

When the clustering is done, the centers of clusters should
be located in convex subspaces surrounding the optima. Clus-
ter centers will be in the same position as these optima if the
chromosomes have distributed uniformly around optima. For
most of the scenarios, this is not the case. The optimum can
then be found using some of the convex optimization strategies
where for the initial point of search, cluster center is used.
This is possible since the cluster center and it’s associated
optimum are in the same convex part of the search space.
In most of the cases, the center will be relatively close to the
optimum resulting in fast convergence of convex optimization.
The global optimum is found by comparing the values of
fitness functions of all identified optima.

To show the performance of the proposed algorithm, OPF is
applied on IEEE14 bus system. The goal is to find maximum
consumption of the reactive power from the slack bus 1 by
the IEEE14 grid while minimizing the active power losses in
the grid. This example illustrates the arising question in scien-
tific community about using distribution grids and distributed
generation to help with voltage control on transmission grid
[27]–[29]. Here, IEEE14 is used as a distribution grid that
provides support to a transmission grid (slack bus 1).

The optimization problem is mathematically expressed as
(10). The multi-objective function illustrates the trade-off
between supplied (consumed) reactive power Q1 and active
power losses in the system

∑
∆P . The goal is to maximize the

profit having in mind that A1 reflects the price of remuneration
per MVArh and A2 reflects the price of MWh. The physical
properties of the system are accounted through constraints.
Equality constraints consist of active Pinji and reactive Qinji

power balance equations. Inequality constraints reflect on
voltage limits [Umini

Umaxi
] where Bus is set of all buses in

the system. Reactive power limits of generators [Qminj
Qmaxj

]
in set Gen are accounted by last inequality in 10.

obj. max(A1Q1 −A2

∑
∆P )

s.t.
∑

Pinji = 0∑
Qinji = 0

Umini
< Ui < Umaxi

,

Qminj
< Qj < Qmaxj

,

∀i ∈ Bus, ∀j ∈ Gen (10)

Parameters of the proposed OPF algorithm are listed in
Table I. SQP is chosen as convex optimization algorithm.
The fitness function coefficients have values: A1 = 1.2 and
A2 = 60. Controllable variables are chosen to be voltages of
generators at buses:

• case 1: bus 3 and 6,
• case 2: bus 3 and 8.

TABLE I
PARAMETERS OF THE OPF ALGORITHM

Parameter Symbol Value

Po
w

er
flo

w

Initial time step ∆t0 1.1
Maximum time step ∆tmax 1.111

Runge-Kutta tolerance τ 0.0001

G
en

et
ic

al
go

ri
th

m

Number of chromosomes N 400
Number of genes Nu 2
Number of alleles L 12

Generation gap Ggap 0.7
Probability of crossover pc 0.8
Probability of mutation pm 0.0008

Maximum number of generations Ngenmax 15
Fitness penalizing coefficients Cj , j = 1..M 108

Fitness linear scaling coefficient b 1
Fitness power scaling coefficient k 5

C
lu

st
er

-
in

g

Clustering coefficient αj , j = 1..Nu 1
Clustering coefficient β 0.5

Contour plot of search space with results for case 1 is shown
on Fig. 4(a) and for case 2 on Fig. 4(b). Identified cluster
centers are shown with black asterisks, red pluses are local
optima while the global optimum is represented by black plus.
For better data visualization, scaled fitness function F3 is used
on z-axis.

For the case one, it can be seen that the chromosomes have
grouped around two optima in the search space. Clustering
algorithm has decided, using elbow method, to divide the
space into three groups. Therefore, the group around the global
optimum is split into two clusters. This will not create any
problems since both cluster centers will converge to the same
optimum. On the other hand if the threshold in Elbow method
has been set towards choosing smaller number of clusters,
the problems could have occurred resulting in possible wrong
final solution. Therefore, the threshold is set towards choosing
larger number of clusters to improve robustness of the method.

In the case two, the space is again divided into three clusters.
But now, each cluster belongs to one optimum in the search
space: global optimum, one local optimum and one saddling
point. The saddling point is not retrieved by the algorithm
since the SQP has successfully passed it going from the cluster
center towards the local optimum.

Both of the cases show examples of our algorithm’s ability
to retrieve two close optima in the non-convex search space
and find which one is the global optimum.

VII. PERFORMANCE ANALYSIS

Previous section has illustrated ability of our algorithm
to cope with non-convex search space and identification of
the global optimum. This section will provide comparative
analysis of our algorithm with the popular algorithm for
calculating power flows and OPFs - MATPOWER [14]. Both
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Figure 4. Contour plot of search space with identified cluster centers and optima

algorithms are executed in MATLAB R2017a environment
on Windows 7 using Intel Core i7-6600U processor. The
comparison is done on modified IEEE 9 bus system [4] for
the optimal dispatch problem. This system is reported to have
three local and the global solution of the problem.

MATPOWER is initialized with default settings where
MATPOWER internal-point solver (MIPS) version 1.2.2 is
used to find the solution. After running the MATPOWER OPF
algorithm, the results provided in Table II are obtained. MAT-
POWER found the result in 1.03 seconds. Comparing them
with reported results in [4] it can be seen that MATPOWER
converged to the one of the local optima.

TABLE II
RESULTS OF THE MATPOWER OPF FOR MODIFIED IEEE 9 BUS SYSTEM

Objective function value: F1 = 4267.07 $/hr

No. Generator Pgen[MW ] Qgen[MVAr] Ugen[p.u.]

1 143.7 -5 0.902
2 16.1 -5 0.917
3 31.21 -5 0.927

Our OPF algorithm is initialized with slightly modified
parameters than for the case in the previous section. Dif-
ferences in parameters are listed in Table III. As control
variables, generator voltages Ugen and active powers Pgen

are chosen. Active power of slack generator 1 is excluded
from control variables since it is dependent on values of
active powers of two other generators. Therefore, first three
genes represent voltages of the generators while the last two
represent active powers of generator 2 and 3. For this case,
fitness power scaling coefficient k is set to 0.5 to additionally
lower the chance of premature convergence of GA. Clustering
coefficients are chosen to enforce clustering in the active power
dimensions of the search space. Using our algorithm, the
results provided in Table IV are obtained in 6.94 seconds.

TABLE III
DIFFERENCES IN PARAMETERS OF THE PROPOSED OPF ALGORITHM

Parameter Symbol Value
G

A

Number of genes Nu 5
Fitness linear scaling coefficient b -1
Fitness power scaling coefficient k 0.5

C
lu

st
er

-
in

g

Clustering coefficient αj , j = 1..3 0.1
Clustering coefficient αj , j = 4..Nu 1
Clustering coefficient β 0.8

TABLE IV
RESULTS OF THE PROPOSED OPF FOR MODIFIED IEEE 9 BUS SYSTEM

Optimum 1 Obj. function value: F1 = 4265.3 $/hr

No. Generator Pgen[MW ] Qgen[MVAr] Ugen[p.u.]

1 142.25 -5 0.9027
2 10 -5 0.9169
3 38.75 -5 0.9272

Optimum 2 Obj. function value: F2 = 3087.8 $/hr

No. Generator Pgen[MW ] Qgen[MVAr] Ugen[p.u.]

1 9.57 -5 0.9094
2 124.89 -5 0.9220
3 57.94 -5 0.9389

Optimum 3 Obj. function value: F3 = 4246.7 $/hr

No. Generator Pgen[MW ] Qgen[MVAr] Ugen[p.u.]

1 143.22 -5 0.9020
2 37.81 -5 0.9175
3 10 -5 0.9247

Comparing the results from Tables II and IV with the ones
provided by [4], it can be seen that our algorithm has found the
global optimum (Optimum 2, Table IV) and two other local
optima. One of these local optima is the same one found by
MATPOWER (Optimum 1, Table IV) with the difference that
our algorithm provides better precision. MATPOWER could



possibly give better results with better choice of the initial
point. Our algorithm comes with an advantage that it does not
need an initial point at all. But, our algorithm takes 7 times
more time than MATPOWER to find the solution.

VIII. DISCUSSION

Combination of GAs and clustering techniques proposed in
this paper is used to identify convex regions of the search space
containing only one optimum. In the cases of very complex
search space, it can happen that identified regions are not
convex and contain multiple optima. If this is the case, our
algorithm will find global optimum in that region, while the
local ones will not be identified. This is the cause why our
algorithm was not able to find all four optima in modified
IEEE 9 bus case.

For the future work, the identified regions can be used to
initialize demes of distributed genetic algorithm (DGA). After
letting the DGA to progress for certain amount of generations,
the demes can be clustered allowing more detailed exploration
of the search space. Depending on the scale of the problem,
the process can be repeated a couple of times.

Although, our algorithm is slower than MATPOWER MIPS,
it shows better robustness and precision when finding global
optimum. Compared with other EA and hybrid methods, it has
less objective function evaluations indicating probable smaller
execution times.

IX. CONCLUSIONS

This paper proposes the new algorithm to solve a general
OPF problem. It uses combination of GA, k-means++ cluster-
ing algorithm and SQP to identify optima in the search space.
Information about the search space is extracted by identifying
grouping of chromosomes of GA using k-means++. These
groups can be considered as convex regions surrounding
optima. After the regions have been identified, SQP algorithm
is used to find the local optimum belonging to each of the
convex regions. Global optimum is found by simply comparing
all identified optima.

The proposed algorithm has been tested on three different
OPF problems. While MATPOWER was not able to identify
the global optimum on the modified IEEE 9 bus case, our
algorithm has found it. Furthermore it identified also two
other local optima, one being exactly the one found by
MATPOWER.

The approach for solving an OPF problem presented in this
paper brings new insights on how combination of GAs, clus-
tering techniques and MP methods can be used to accurately
identify global and local optima in the search space.
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