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Application of Key Cutting Algorithms for
Optimal Power Flow Problems
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ABSTRACT

This paper illustrates an application of Key Cut-
ting Algorithm (KCA) to optimal power flow (OPF)
problems in comparative with some effective mathe-
matical and evolutionary optimization methods. The
KCA is one of intelligence algorithms (AI), which was
just developed since 2009. This algorithm emulates
the work of locksmiths to open the lock. The best
key that matches a given lock is pretended to be an
optimal solution of a relevant optimization problem.
The basic structure of the key cutting algorithm is
as simple as that of genetic algorithms in which a
string of binary numbers is employed as a key to open
the lock. The proposed algorithm was tested with
four mathematical test functions and three standard
IEEE test power systems (6-bus, 14-bus and 30-bus
test systems). The test power systems were divided
into two cases. The first test case was given by apply-
ing a quadratic function to generators’ fuel-cost curve
whereas a non-smooth fuel-cost function was assigned
to the second. The comparisons among solutions ob-
tained by sequential quadratic programming (SQP),
genetic algorithms (GA), particle swarm optimization
(PSO) and key cutting algorithm (KCA) were carried
out. As revealed from the simulated results, the ef-
fectiveness of the KCA algorithm for solving OPF
problems was confirmed.

Keywords: Optimal Power Flow, Genetic Al-
gorithm, Particle Swarm Optimization, Sequential
Quadratic Programming, Key Cutting Algorithm

1. INTRODUCTION

To date, an electrical power system is very large
and obviously complicated due to technological en-
hancement of power system engineering. Increas-
ing of electrical energy consumption often leads ex-
tending and upgrading an existing power transmis-
sion and distribution network to serve all customers
sufficiently, effectively and economically. To achieve
good performance for power delivery, a real power
dispatching problem must be taken into account in
order to minimize total generation cost [1]. Also,
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appropriately reactive power flows relate to power
losses and system voltage profiles, directly. In this
viewpoint, tap setting of under-load tap-changing
transformers (ULTCs), voltage magnitude of voltage-
controlled buses or installing reactive power sources
can improve voltage characteristics and reduce power
losses, considerably [2]. In 1968, Dommel and Tin-
ney [3] proposed the method of OPF, which em-
ploys allocation of real power generated by generators
to co-operate with controlling ULTCs, magnitude of
voltage-controlled buses or reactive power sources for
minimizing the system objective.

As a general approach, a typical OPF problem em-
ploys an optimization method for balancing the power
flow equations, and finding the optimum solution.
The solution satisfies the constraint of the minimum
value of an objective function, ie total generation cost
for most cases, within the entire search space. The
OPF problem is in general non-convex and non-linear.
It may exist many local minima. Many mathematical
techniques have been developed and applied to this
problem such as linear programming, interior point
method, quadratic programming, etc [4]. The algo-
rithms essentially need some problem simplification
such that the problem is linear or convex. Thus, a
true global minimum cannot be guaranteed. Then,
stochastic optimization methods such as Genetic Al-
gorithms (GAs), Simulated Annealing (SA), Artificial
Neural Network (ANN), Evolutionary Programming
(EP), Particle Swarm Optimization (PSO) [5-9], were
applied for solving such a problem directly without
any simplification. These methods can successfully
manipulate a problem in non-convex or non-linear.
Therefore, an obtained optimal solution is more ac-
curate and realistic. Unfortunately, these algorithms
normally take lengthy calculation time when com-
pared with the mathematical optimization methods.
In 2005, artificial bees colony has been introduced and
performed drastically improved search performance.
Regarded as one of stochastic search processes, ABC
provides a near global minimum by successfully avoid-
ing local-minimum traps. Successful applications of
the ABC have emerged, such as in [10-12]. Although
the ABC algorithm was developed as a stochastic op-
timization technique, it can find an optimal solution
within a short calculation time. In November 2009,
Jing Qin introduced a key cutting algorithm that em-
ulates the lock picking work of locksmiths to open a
lock [13]. This algorithm is simple to understand and
be implemented. In Qin’s paper, a 9-number puzzle
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and a quadratic function of a single variable were used
for test. The results were satisfactory but limited. In
our further work, this key cutting algorithm always
fails when the number of control variables is equal or
greater than two. With respect to the original key
cutting algorithm, some modifications are made in
order to improve the performance of the algorithm
suitable for unconstrained optimization problems.

This paper organizes a total of five sections. Next
section, Section two, illustrates optimal power flow
problems with corresponding mathematical expres-
sions of its objective and various practical constraints.
Section three gives the brief of three intelligences al-
gorithm (GA, PSO, and KCA) for comparative pur-
poses. It also provides the algorithm procedure, de-
scribed step-by-step. Section four is the simulation
results and discussion. Conclusion remark is in Sec-
tion five.

2. OPTIMAL POWER FLOW PROBLEMS

2.1 Problem Formulation

The optimal power flow problem is a nonlinear op-
timization problem. It consists of a nonlinear ob-
jective function defined with nonlinear constraints.
The optimal power flow problem requires the solution
of nonlinear equations, describing optimal and/or se-
cure operation of power systems. The general optimal
power flow problem can be expressed as a constrained
optimization problem as follows.

Minimize f(x)

Subject to g(x) = 0, equality constraints

h(x) ≤ 0,inequality constraints

By converting both equality and inequality con-
straints into penalty terms and therefore added to
form the penalty function as described in (1) and (2).

P (x) = f(x) + Ω(x) (1)

Ω(x) = ρ{g2(x) + [max(0, h(x))]2} (2)

Where P (x) is the penalty function
Ω(x) is the penalty term
ρ is the penalty factor

By using a concept of the penalty method [14], the
constrained optimization problem is transformed into
an unconstrained optimization problem in which the
penalty function as described above is minimized.

2.2 Objective Function

Although most of optimal power flow problems in-
volve the total production cost of the entire power

system, in some cases some different objective may
be chosen. The objective function to be optimized is
the total production cost. This function is a combi-
nation of all generators’ fuel costs in the entire sys-
tem. The fuel-cost characteristic of each generator
is represented by using either a quadratic function.
Minimization of total fuel cost. The generator cost
curves are represented by quadratic functions as

FT =

NG∑
i=1

fi(PGi) (฿/h) (3)

=

NG∑
i=1

ai+biPGi+ciP
2
Gi+|di sin ei(Pmin

Gi −PGi)|

Where:
fi is the fuel cost of the ith generator
ai, bi, ci, di and ei are the cost coefficients of

the ith generator
PGi is the real power output of the ith

generator
NG is the total number of generators

2.3 System Constraints

The controllable system quantities are generator
MW, controlled voltage magnitude, reactive power
injection from reactive power sources and transformer
tapping. The objective use herein is to minimize the
power transmission loss function by optimizing the
control variables within their limits. Therefore, no
violation on other quantities (e.g. MVA flow of trans-
mission lines, load bus voltage magnitude, genera-
tor MVAR) occurs in normal system operating con-
ditions. These are system constraints to be formed as
equality and inequality constraints as shown below.

Equality constraint: These constraints represent
load flow equations as:

PG,i−PD,i=

NB∑
j=1

|Vi||Vj ||Yi,j | cos(θi,j−δi+δj) = 0 (4)

QG,i−QD,i=

NB∑
j=1

|Vi||Vj ||Yi,j | sin(θi,j−δi+δj)=0 (5)

Where: PGi is the real power generation at bus i
QGi is the reactive power generation at bus i
PDi is the real power demand at bus i
QDi is the reactive power demand at bus i
NB is the total number of buses
θi,j is the angle of bus admittance element i, j
Yi,j is the magnitude of bus admittance

element i, j
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1) Inequality constraint: Variable limitations

V min
i ≤ Vi ≤ V max

i (6)

Tmin
i ≤ Ti ≤ Tmax

i (7)

Qmin
comp,i ≤ Qcomp,i ≤ Qmax

comp,i (8)

Pmin
G,i ≤ PG,i ≤ Pmax

G,i (9)

Where: V min
i , V max

i are upper and lower limits of
voltage magnitude at bus i
Tmin
i , Tmax

i are upper and lower limits of tap
position of transformer i
Qmin

comp,i, Q
max
comp,iare upper and lower limits

of reactive power source i
Pmin
G,i , Pmax

G,i are upper and lower limits of
power generated by generator i

2.4 Control Parameters

Initially, the KCA was designed to work on a
binary-valued encoding representation of the problem
parameters. During the searching process, a lock-
smith as a collection of the key set represents a so-
lution vector (keys). Let x̄i be a created key set as
possible solutions. The power output of all generat-
ing units (P⃗ , Q⃗), the voltage magnitude and angle of

all buses (|V⃗ |, δ⃗) and the tapping value of all trans-

formers (T⃗ ) and reactive power injection from reac-

tive power compensators (Q⃗c) are typical members of
the solution vector and it can be written as described
in (10).

x⃗i =
[
P⃗ Q⃗ |V⃗ | δ⃗ T⃗ Q⃗C

]T
(10)

2.5 Control Parameters

The total production cost is computed as the sum
of the individual unit costs and therefore used as the
system objective function. To account for all the sys-
tem constraints (12) - (17), the total production cost
is augmented by non-negative penalty terms to pe-
nalize the constraint violations. Thus, the augmented
cost function, called the penalty function [15-16], is
formed as (11).

P (x) = FT +ΩP +ΩQ +ΩC +ΩT +ΩV +ΩG (11)

Where:

ΩP=ρ

NB∑
i=1

PG,i−PD,i−
NB∑
j=1

|Vi∥Vj∥Yij |cos(θi,j−δi+δj)

2

(12)

ΩQ=ρ

NB∑
i=1

QG,i−QD,i+

NB∑
j=1

|Vi∥Vj∥Yij |sin(θi,j−δi+δj)

2

(13)

ΩC = ρ

NC∑
i=1

{
max(0, Qcomp,i −Qmax

comp,i)
}2

+ ρ

NC∑
i=1

{
max(0, Qmin

comp,i −Qcomp,i)
}2

(14)

ΩT=ρ

NC∑
i=1

{max(0, Ti−Tmax
i )}2+ρ

NC∑
i=1

{
max(0, Tmin

i −Ti)
}
2

(15)

ΩV=ρ

NB∑
i=1

{max(0, Vi−V max
i )}2+ρ

NB∑
i=1

{
max(0, V min

i −Vi)
}
2

(16)

ΩG=ρ

NG∑
i=1

{
max(0, PG,i−Pmax

G,i )
}
2+ρ

NG∑
i=1

{
max(0, Pmin

G,i −PG,i)
}
2

(17)

NG is the total number of generators
NC is the total number of reactive power sources
NT is the total number of transformers

3. INTELLIGENT SEARCH METHODS

3.1 Genetic Algorithm (GA)

There exist many different approaches to adjust
the control parameters. The GA is well-known [17]
there exist a hundred of works employing the GA
technique to optimize the system objective in various
forms. The GA is a stochastic search technique that
leads a set of population in solution space evolved
using the principles of genetic evolution and natu-
ral selection, called genetic operators e.g. crossover,
mutation, etc. With successive updating new gener-
ation, a set of updated solutions gradually converges
to the real solution. Because the GA is very popu-
lar and widely used in most research areas where an
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intelligent search technique is applied, it can be sum-
marized briefly as shown in the flowchart in figure 1
[18].

In this paper, the GA is selected to build up an
algorithm to solve optimal power flow problems (all
generation from available generating units). To re-
duce programming complication, the Genetic Algo-
rithm (GADS TOOLBOX in MATLAB [19]) is em-
ployed to generate a set of initial random parame-
ters. With the searching process, the parameters are
adjusted to give the best result.

Fig.1: Flowchart of the GA procedure

3.2 Particle Swarm Optimization (PSO)

Kennedy and Eberhart developed a particle swarm
optimization algorithm based on the behavior of in-
dividuals (i.e., particles or agents) of a swarm [20].
Its roots are in zoologist’s modeling of the movement
of individuals (i.e., fish, birds, and insects) within a
group. It has been noticed that members of the group
seem to share information among them to lead to in-
creased efficiency of the group. The particle swarm
optimization algorithm searches in parallel using a
group of individuals similar to other AI-based heuris-
tic optimization techniques. Each individual corre-
sponds to a candidate solution to the problem. Indi-
viduals in a swarm approach to the optimum through
its present velocity, previous experience, and the ex-
perience of its neighbors. In a physical n-dimensional
search space, the position and velocity of individual
i are represented as the velocity vectors. Using these
information individual i and its updated velocity can
be modified under the following equations in the par-
ticle swarm optimization algorithm. The procedure of
the particle swarm optimization can be summarized
in the flow diagram of figure 2.

xk+1
i = x

(k)
i + vk+1

i (18)

vk+1
i = v

(k)
i + αi

(
xlbest
i − x(k)i

)
+

βi

(
xgbest − x

(k)
i

)
(19)

Where
x
(k)
i is the individual i at iteration k

v
(k)
i is the updated velocity of individual i at iter-

ation k
αi, βi are uniformly random numbers between [0,1]
xlbest
i is the individual best of individual i

xgbest is the global best of the swarm

Fig.2: Flowchart of the PSO procedure

3.3 Key Cutting Algorithm (KCA)

Key cutting algorithm (KCA) is a new algorithm
introduced by Jing Qin in 2009 [13]. It is based on
the work of a locksmith to find a perfect match of
the lost key that can open the lock. People often en-
counter a situation that they lost keys in their daily
life and when this happens they can turn to a lock-
smith to help. One possible solution is that the lock-
smith chooses multiple similar types of keys and tries
to open the lock, and see which keys are much easier
to get into the lock hole. He then finds similarities
among those keys and based on those similarities he
makes another set of possible keys and repeats the
same procedure until he has a winner - a key opens
the lock. To make such problem more general, an ob-
jective function of any problem can be considered as
a lock without key and a solution to the problem is a
key to open the lock. Similar procedures as the lock-
smith does can be employed to solve the optimization
problems. This algorithm can be described as follows.
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A.Definitions
Definition 1 Lock: Problem requires solution. For
this example the lock is Find the X when Y has the
minimum value.
Definition 2 Key: One possible solution for the prob-
lem. For the quadratic equation problem, A real num-
ber for X, like X = 4 is a key.
Definition 3 Tooth: One component of the vector of
the solution. One tooth on the key is one component
of the vector of the solution. Here, X is a real value;
we can encode a real value with its binary format.
X=5 (binary is 00000101)

Fig.3: One component of the vector of the solution

Definition 4 Key Set: A set of possible solutions.
Definition 5 Fitness: The degree of how the key and
lock matches. The differences between the candidate
key and the key open the lock.
Definition 6 Similarity: The degree of similarities
among all keys in a key set.
Definition 7 Key cutting: Adjust one tooth on the
key or change one component in the solution vector.
For instance, X=5 (0000101B), change the 2nd tooth
from 0 to 1, 0101⇒0111.
Definition 8 Probability factor of Key Cutting: The
probability uses to control the variation of one tooth.
For instance, X=5 (00000101B). This probability is
used to control each 1 and 0 in 00000101 the proba-
bility of changing from 1 to 0 or vice versa. In the
key cutting algorithm, the probability factor of key
cutting is calculated based on the similarity in the
key set.
Definition 9 Selection: Choose a subset from a key
set to go into next iteration.

B. Basic Algorithm procedure
Assume a key is k= [sn, sn-1,. . .,s1]
Step 1: Encoding the Key.
Step 2: Random generate the initial Key Set K0, to-
tal number of keys is 2m.
Step 3: Calculate the Fitness of each Key in the Key
set.
Step 4: Selection half of all Keys in the Key Set with
a higher Fitness, which makes a new Key Set K1’
Step 5: Calculate the Probability factor of Key Cut-
ting
pij(i = 1, 2,m; j = 1, 2, n) for each Tooth Sij .
Use a matrix, the key vector in Key Set K1’:

K ′=


S1n S1(n−1) · · · S12 S11

S2n S2(n−1) · · · S22 S21

· · · · · · · · · · · · · · ·
S(m−1)n S(m−1)(n−1) · · · S(m−1)2 S(m−1)1

Smn Sm(n−1) · · · Sm2 Sm1


pij =1-(the number of Sij in column J/m)
Step 6: Based on pij, perform the Key Cutting for
each Tooth Sij in Key Set K1’. And create a new Key
Set K1”. K1’ and K1” together makes up of Key Set
K1

Step 7: Repeat 2 to 5 until one of the following con-
dition is met, output the best Key in the final Key
Set as the final solution.

Termination condition:
1) reaches the maximum iteration.
2) within predefined solution variance.
3) All Keys are the same in the Key Set.

The key cutting algorithm can be summarized in
the following steps or as shown in figure 4.

Fig.4: : Flowchart of the KCA procedure

C. Modifications of the Key Cutting Algorithm
In the original key cutting algorithm, it converges

to a solution very fast. However, in multivariate prob-
lems, it usually fails to find the optimal solution. A
key set with key cutting probability is used and key
picking is repeatedly performed iteration-byiteration,
until all keys are the same. The major disadvantage
of this algorithm occurs when a majority of keys in a
key set is not good enough to open the lock. The sim-
ilarity acquired among those keys can cause a trap of
solutions to force all keys in a key set being the same.
To avoid such a trap, additional feature must be in-
serted to create various candidates to open the lock.
In this paper, four strategies are tried as follows.
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Modification 1 (KCA1): Tooth adjustment is per-
formed at only one tooth with the highest key cut-
ting probability and the highest probability must
be greater than 0.5, otherwise skip the adjustment.
However, there might be more than one tooth having
the same value of the highest probability, only one
tooth will be selected randomly for simplification.

Modification 2 (KCA2): Similar to the modification
1. To increase opportunity of finding a good key can-
didate, all teeth having the same value of the highest
probability will be performed the tooth adjustment.
Only one adjustment that gives the best fitness is se-
lected to create a new key instead of using the random
selection as applied in Modification 1.

Modification 3 (KCA3): Tooth adjustment is applied
to all teeth having the probability higher than 0.5.
Only one adjustment that gives the best fitness is
selected to create a new key.

Modification 4 (KCA4): Similar to the modification
3. However, if the key cutting probability of a new
key set is equal to the key cutting probability of the
key set from the previous iteration, then generate a
new key set and restart the process.

4. RESULTS AND DISCUSSION

The test systems were separated into two groups.
The first group consisted of four standard mathemat-
ical functions test of small-scale. The second group
employed three standard IEEE test power systems
which were the 6-bus, 14-bus and 30-bus test power
systems [21]. The detail of each group was given as
follows.

4.1 Mathematical Test Functions

This paper uses the proposed algorithm to mini-
mize the following two typical multi-peak functions
which has many local extreme values. During the
process of optimization, it is easy to become stuck in
these local minima and lead to a premature conver-
gence. To compare results obtained by using genetic
algorithm and key cutting algorithm, all test cases
were simulated by using the same computer which
was an Intelr, Core 2 Duo, 2.4 GHz, 3.0 GB RAM.

4.1...1 Test Function 1

The test of this function is carried out by apply-
ing the same parameter setting to all the key cutting
algorithms and genetic algorithms as follows.

• Population size is 80
• Maximum iteration is 50
• No stalled generation is applied
• 16-bit resolution is used for each variable

f(x1, x2) = − sin(x1)

x1
× sin(x2)

x2
(20)

For the test functions 1 shown as equation (20)
[22] has infinitely local minima. The point (0,0) is
said to be the global minimum. The objective at its
global minimum is 0 as the 3D characteristic of the
test function 1 shown in figure 5. In table 1 and
2 are fitness value solution, average CPU computa-
tional time and an optimal solution adjustment for
each method. Comparisons of the convergence among
GA and KCA for the test function one were presented
in figure 6.

Fig.5: 3D characteristic of the test function 1

After 30 trials of solutions, the selected conver-
gence from each method is shown in figure 6. KCA2
and KCA4 are the two best methods for finding

Fig.6: Convergences of the test function 1

Table 1: Statistic of fitness value and average CPU
computational time for the test function 1
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Table 2: Statistic of optimal solution adjustment
for the test function 1

4.1...2 Test Function 2

The test of this function is carried out by apply-
ing the same parameter setting to all the key cutting
algorithms and genetic algorithms as follows.

• Population size is 80
• Maximum iteration is 50
• No stalled generation is applied
• 16-bit resolution is used for each variable

f(x1, x2) = 100(x2 − x2
1)

2 + (1− x1)
2 (21)

For the test functions 2 shown as equation (21)
has an infinitely local minimum. The point (1,1) is
said to be the global minimum. The objective at its
global minimum is 0 as the 3D characteristic of the
test function 2 shown in figure 7. In Table 3 and
4 are fitness value solution, average CPU computa-
tional time and an optimal solution adjustment for
each method. Comparisons of the convergence among
GA and KCA for the test function one were presented
in figure 8.

Fig.7: 3D characteristic of the test function 2

After 30 trials of solutions, the selected conver-
gence from each method is shown in figure 8. KCA4
is the best method for finding the best objective func-
tion, while GA is the fastest.

4.1...3 Test Function 3

The test of this function is carried out by apply-
ing the same parameter setting to all the key cutting

Fig.8: Convergences of the test function 2

Table 3: Statistic of fitness value and average CPU
computational time for the test function 2

Table 4: Statistic of optimal solution adjustment
for the test function 2

algorithms and genetic algorithms as follows.
• Population size is 80
• Maximum iteration is 100
• No stalled generation is applied
• 20-bit resolution is used for each variable

f(x1, x2, x3)=30+
3∑

i=1

(
1

10
(xi−20)2−9 cos(

2πxi

5
)

)
(22)

For the test functions 3 shown as equation (22) has
an infinitely local minimum. The point (20,20,20) is
said to be the global minimum. The objective at its
global minimum is 3 as the 3D characteristic of the
test function 3 shown in figure 9. In table 5 and
6 are fitness value solution, average CPU computa-
tional time and an optimal solution adjustment for
each method. Comparisons of the convergence among
GA and KCA for the test function one were presented
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in figure 10.

Fig.9: 3D characteristic of the test function 3

After 30 trials of solutions, the selected conver-
gence from each method is shown in figure 10. KCA4
and GA are the two best methods for finding the best
objective function, while only GA is the fastest.

Table 5: Statistic of fitness value and average CPU
computational time of the test function 3

Table 6: Statistic of optimal solution adjustment of
the test function 3

4.1...4 Test Function 4

The test of this function is carried out by apply-
ing the same parameter setting to all the key cutting
algorithms and genetic algorithms as follows.

• Population size is 30
• Maximum iteration is 50

Fig.10: Convergences of the test function 3

• No stalled generation is applied
• 16-bit resolution is used for each variable

For the test functions 4 shown as equation (23)
has an infinitely local minimum. The point (0,0) is
said to be the global minimum. The objective at its
global minimum is 0 as the 3D characteristic of the
test function 4 shown in figure 11. In table 7 and
8 are fitness value solution, average CPU computa-
tional time and an optimal solution adjustment for
each method. Comparisons of the convergence among
GA and KCA for the test function one were presented
in figure 12.

f(x1, x2) = 0.5 +
sin2

√
x2
1 + x2

2 − 0.5

(1 + 0.001 ∗ (x2
1 + x2

2))
2

(23)

For the test functions 4 shown as equation (23)
has an infinitely local minimum. The point (0,0) is
said to be the global minimum. The objective at its
global minimum is 0 as the 3D characteristic of the
test function 4 shown in figure 11. In table 7 and
8 are fitness value solution, average CPU computa-
tional time and an optimal solution adjustment for
each method. Comparisons of the convergence among
GA and KCA for the test function one were presented
in figure 12.

Fig.11: 3D characteristic of the test function 4

After 30 trials of solutions, the selected conver-
gence from each method is shown in figure 12. KCA4
is the best method for finding the best objective func-
tion, while GA is the fastest.
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Fig.12: Convergences of the test function 4

Table 7: Statistic of fitness value and average CPU
computational time of the test function 4

Table 8: Statistic of optimal solution adjustment of
the test function 4

4.2 IEEE Standard Test Systems

Although a modern electric power system consists
of many types of power plants, in this research the
tests focused on fossil power generation units only.
A simple model of such a generator is made from its
input fuel cost in /h and corresponding power out-
put generated in MW as input and output variables,
respectively [18]. The test case scenarios were di-
vided into two main conditions. There were smooth
and non-smooth fuel-cost curve conditions. In the
smooth curve case, all generators’ fuel-cost curves
were quadratic whilst the second test employed a
valve-point loading function [23,24]. Fuel cost func-
tion of each generator connected to the system is gen-
erally given in the form of valve-point loading func-
tion with having a quadratic term in it.

4.2...1 Smooth fuel cost case - quadratic cost func-
tion

In this case, a quadratic fuel-cost function was as-
signed to all generators. The test was performed
on an Intelr, Core 2 Duo, 2.4 GHz, 3.0 GB RAM
with MATLAB. The SQP and GA are used in these
tests is of MATLAB Optimization Toolbox [25-26].
Other two methods were coded by using MATLAB
programming. Three standard IEEE test power sys-
tems (6-bus, 14-bus and 30-bus) as shown in figure 13
- 15 were used for test. Variable limits given in table 9
to table 11 were used as system constraints for 6-bus,
14-bus and 30-bus test system respectively. For com-
parison purposes, sequential quadratic programming,
genetic algorithm, particle swarm optimization, and
Key cutting algorithm were applied to solve the test
system with various cases. Each method was chal-
lenged by solving given optimal power flow problems
of 30 trials randomly. Minimum, average, maximum
and standard deviation of the 30 trial solutions for all
test system obtained by each method were evaluated
and shown in table 12. Table 13 showed the com-
parison of CPU time spent by each approach. The
optimal control variables obtained by each method
and all test system were shown in tables 14 - 16. In
addition, the solution convergences for three selected
test cases were shown in figure 16 - 18.

Fig.13: Standard IEEE 6-bus test power system

Fig.14: Standard IEEE 14-bus test power system

The results for the 6-bus test system showed that
the KCA-based optimal power flow method gave the
best results when compared with those obtained by
the GA, PSO and the SQP. test system the average
production cost solutions are 440.7 ฿/h, 470.8 ฿/h,
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Fig.15: Standard IEEE 30-bus test power system

Table 9: Variable limits and cost coefficients used
for the 6-bus test system with smooth fuel cost func-
tion

Table 10: Variable limits and cost coefficients used
for the 14-bus test system with smooth fuel cost func-
tion

Table 11: Variable limits and cost coefficients used
for the 30-bus test system with smooth fuel cost func-
tion

474.2 ฿/h and 455.5 ฿/h for the KCA, GA, PSO and
SQP methods, respectively.

Table 12: OPF results obtained by using SQP, PSO,
GA and KCA for all test system with smooth fuel cost
function

The result of the 14-bus system, SQP is the best solu-
tion at 1388.4 ฿/h. However, when the total number
of buses is large, the KCA is limited. The SQP can
find the best among the four competitors while the
KCA came the third but deviation of KCA is the best
solution at 89.0 ฿/h.

Table 13: Computational time to using SQP, PSO,
GA and KCA for all test system with smooth fuel cost
function

The result of the 30-bus system is similar to that of
the 14-bus system However, when the total number of
buses is large, the KCA is limited. The PSO can find
the best among the four competitors while the KCA
came the third. These simulation results reveal that
the KCA method is very effective in finding the opti-
mum of the optimal power flow problems, especially
with a small-scale test power system. The CPU times
spent by each method to find the optimal solution
showed that the KCA consumed the least computa-
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Table 14: Optimal solution by each method for the
6-bus system with smooth fuel cost function

Table 15: Optimal solution by each method for the
14-bus system with smooth fuel cost function

tional time effort for 6 bus test system, However SQP
consumed the least computational time effort for 14
and 30 bus test system.

Table 16: Optimal solution by each method for the
30-bus system with smooth fuel cost function

Fig.16: Convergence characteristics of each method
for the 6-bus test system with smooth fuel cost func-
tion

Fig.17: Convergence characteristics of each method
for the 14-bus test system with smooth fuel cost func-
tion

Fig.18: Convergence characteristics of each method
for the 30-bus test system with smooth fuel cost func-
tion

4.2...2 Non-smooth fuel cost case - valve point load-
ing

In this case, a valve-effect fuel-cost function was
assigned to all generators. Three standard IEEE test
power systems (6-bus, 14-bus and 30-bus) were used
for test. Variable limits given in table 16 to table
18 were used as system constraints for 6-bus, 14-bus
and 30-bus test system respectively. For comparison
purposes, sequential quadratic programming, genetic
algorithm and key cutting algorithm were applied to
solve the test system with various cases. Each method
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was challenged by solving given optimal power flow
problems of 30 trials randomly. Minimum, average,
maximum and standard deviation of the 30 trial so-
lutions for all test system obtained by each method
were evaluated and shown in table 19. Table 20
showed the comparison of CPU time spent by each
approach. The optimal control variables obtained by
each method and all test system were shown in tables
21 - 23.

Table 17: Variable limits and cost coefficients used
for the 6-bus test system with non- smooth fuel cost
function

The results show that, for the 6-bus system, the
KCA can again obtain the lowest averaged minimum
cost function (609.6 ฿/h, 635.5 ฿/h and 614.4 ฿/h
for KCA, GA and SQP respectively). Due to a small
number of control variables to be optimized, the SQP
can be an appropriate choice of solving the optimal
power flow problem even the fuel-cost function is non-
smooth. The result of the 14-bus system, when com-
paring the averaged minimum costs obtained among
those methods, the SQP is the best method (1749.5
฿/h for the SQP, 1991.0 ฿/h for the GA and 1998.6
฿/h for the KCA). However, with calculation time
comparison, the KCA method can obtain the solu-
tion with the second calculation average time con-
sumed (16.69 s) better than GA-based, while the fast
method is SQP consumed average time at 15.46 s.
The last test system is the 30-bus test system. The
KCA is the best method (518.7 ฿/h for the KCA,
526.3 ฿/h for the GA and 766.1 ฿/h for the SQP).
However, the KCA is the slowest method to find the
solution. The solution convergences for each test case
were shown in figure 19 - 21. Although the SQP is the
fastest method, the KCA can find the most accurate
solution with satisfactory CPU time consumed.

Table 18: Variable limits and cost coefficients used
for the 14-bus test system with non- smooth fuel cost
function

Table 19: Variable limits and cost coefficients used
for the 30-bus test system with non- smooth fuel cost
function

Table 20: OPF Results Obtained by using SQP,
GA and KCA for all Test System with non-smooth
fuel cost function

Table 21: Computational Time to using SQP, GA
and KCA for all Test System with non-smooth fuel
cost function

Table 22: Optimal solution by each method for the
6-bus system with non-smooth fuel cost function
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Table 23: Optimal solution by each method for the
14-bus system with non-smooth fuel cost function

Table 24: Optimal solution by each method for the
30-bus system with non-smooth fuel cost function

Fig.19: Convergence characteristics of each method
for the 6-bus test system with non-smooth fuel cost
function

Fig.20: Convergence characteristics of each method
for the 14-bus test system with non- smooth fuel cost
function

Fig.21: Convergence characteristics of each method
for the 30-bus test system with non- smooth fuel cost
function

5. CONCLUSIONS

This paper described the use of key cutting al-
gorithm to find optimal power flow solutions. This
work was conducted by 30 trials for both smooth and
non-smooth fuel-cost functions in which four stan-
dard IEEE test power systems (6-bus, 14-bus and
30-bus) were employed. The test also applied the
SQP, the genetic algorithm (GA) and particle swarm
optimization of 30 trials each for comparison. The
results showed that the key cutting algorithm can be
the accurate method with satisfactory time consumed
among all as it gives the smallest standard deviation
of the 30 trial solutions for every test case. It also
revealed that the SQP is suitable for optimal power
flow problems with smooth quadratic fuel-cost func-
tions where the total number of buses is small.
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