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Application of Key Cutting Algorithms for
Optimal Power Flow Problems

Uthen Leeton' and Thanatchai Kulworawanichpong?, Non-members

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(z)
Subject to g(z) = 0, equality constraints
h(z) < 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(z) = f(x) + Q(z) (1)

Q(z) = p{g* () + [max(0, h(x))]*} (2)

Where P(z) is the penalty function
Q(x) is the penalty term
p 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

Fr=>Y_ fi(Pa:) B/h)  (3)

=1
Na
= Z ai"‘biPGi"‘CiP(Q;i"‘ |dl sin ei(Pgém—PGi”
i=1
Where:

fi is the fuel cost of the i*" generator
a;, bi, ¢i, d; and e; are the cost coefficients of
the " generator
Pg; is the real power output of the i*?
generator
N¢ 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:

Np
Pgi—Ppi=y_ |Vil|Vjl|Yi;| cos(8;;—0i+0;) =0 (4)

j=1

Np
Qci—Qpi=y_ [VillV;I[Y; ;| sin(0; ; —6;+6,) =0 (5)

j=1

Where: Pg; is the real power generation at bus ¢
Qg is the reactive power generation at bus ¢
Pp; is the real power demand at bus 4
Q@ p; is the reactive power demand at bus ¢
Np is the total number of buses
0;.; is the angle of bus admittance element 3, j
Y; ; is the magnitude of bus admittance

element i, j
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1) Inequality constraint: Variable limitations

‘/imin S V; S ‘/ima:z (6)
T_min < T, < Tmaz (7)
QZZZLLp,i < Qcomp,i < g%:p,i (8)
P < Poi < PES" ©)

Where: V;™" V™% are upper and lower limits of
voltage magnitude at bus ¢
T T™* are upper and lower limits of tap
position of transformer 4
min max E
comp,is @eomp, iare upper and lower limits
of reactive power source i
min max H.
Peli, Pi'y® 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 Z; be a created key set as
possible solutions. The power output of all generat-
ing units (P, Q), the voltage magnitude and angle of
all buses (|V|,8) and the tapping value of all trans-
formers (f) and reactive power injection from reac-
tive power compensators (QC) are typical members of
the solution vector and it can be written as described
in (10).

Sy

_ R _ N - 1T
=[P @ W § T 4 (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(z) = Fr+Qp +Qq + Qo + Qr + Qv + Q¢ (11)

Where:

NB NB
Qp=pY {Pa.i—Ppi~y_|VillVi[|Yijlcos®; ; —6i+3;p°
i=1 j=1

(12)

NB NB
Q=p) {Qa.i—Qp.i+)_[VillV;l|Yiglsin: ;—d:+65p°

i=1 Jj=1
(13)
NC 9
Qe = pz {maX(O7 Qcomp,i - I:I:)Z::p,i)}
i=1
Nc . 2
=+ P Z {maX(O, Qgﬂm - Qcomp,i)} (14)
i=1

Nc NC
Qr=pY fmax(0,T;— 1"} +py {max(0, /"™ ~T)}>

=1 =1

(15)

NB NB
QVZPZ{IH&X(O, V;— V;_max)}Q +p2{max(0’ Vvimin _‘/;)}2

i=1 i=1
(16)
NG NG
QG:pZ{maX(O, Pg i —PEY)} 2+pZ{max(0, P& — PGJ)}2
i=1 i=1
(17)

Ng is the total number of generators
N¢ is the total number of reactive power sources
Nr 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.

[ Specify the parameters for GA ]

{ Generate initial population }

Power flow simulation ]

I

[ Find the fitness of each individual J

In the current population

Gen. = Gen.+1

Fig.1: Flowchart of the GA procedure

Gen.=Max.Gen?
Stall Gen.>Max?

I No

Apply GA operators:
Selection, crossover and mutation

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 Al-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.

k+1 _ (k) k+1
T; =x; +v

K2 7

51_ (xgbest _ (Egk))

o= o8 (xibest _ x(k)i) n

Where
(k)

x, = is the individual ¢ at iteration &

vz(k) is the updated velocity of individual ¢ at iter-
ation k
«;, B; are uniformly random numbers between [0,1]
xbest is the individual best of individual i

295t is the global best of the swarm

START

Create an initial swarm

!

Evaluate the fitness for each particle

l k=k+1
Check and update

personal best and global best

l Update individuals

Update each individual velocity

Unsatisfied
Check stopping criteria

Satisfied

Success

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.



112 ECTI TRANSACTIONS ON ELECTRICAL ENG., ELECTRONICS, AND COMMUNICATIONS VOL.10, NO.1 February 2012

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)

1011000101
By =

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= [y, Sp.1,- - -,81]

Step 1: Encoding the Key.

Step 2: Random generate the initial Key Set K, 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 Ky’
Step 5: Calculate the Probability factor of Key Cut-
ting

pij(i =1,2,m;j = 1,2,n) for each Tooth S;;.

Use a matrix, the key vector in Key Set K;’:

Sln

Sitn—1y -+ Si2 St
Sy

So(n-1) Sao So1

K'— . . .
Stm—1)2 Sm-1)1

Sm? Sml

Stm-1)n Sm—-1)(n-1)
Smn Sm(n—l)

pij =1-(the number of Sj; in column J/m)

Step 6: Based on psj, perform the Key Cutting for
each Tooth S;j in Key Set K;’. And create a new Key
Set K;”. K;’” and K;” together makes up of Key Set
Ky

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.

START

Random generate the initial key

!

Calculate the Filness

!

Selection half of all Keys in the Key

set with betler fitness

.

Calculate the probability factor of

key Cutting

!

Create new key set

I

Check stopping criteria?

: Flowchart of the KCA procedure

Fig.4:

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 Intel®, 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

sin(zq)  sin(xs)

f(zlaxQ) = -

T T2

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

0 T T T

—KCA1
01k s KCA2
-=-KCA3
—=—-KCA4

—+-GA

02

0.3k

-0.4F

-06f

FitNess value

o6} N
o7k
0.8 i

b 1
o9} ¢ i
N b : Shiea o,

s L
0 5 10 15 20 25 30 35 40 45 50
IterativeNumber

Fig.6: Convergences of the test function 1

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

Statistic of fitness value Average
Method Minimum | Maximum | Average | Deviation CPLES")Flme
KCA 1 -0.9992 -0.5400 -0.8582 0.1357 0.8730
KCA2 -1.0000 -1.0000 -1.0000 0.0000 8.1380
KCA3 -1.0000 -0.9222 -0.9959 0.0143 0.9211
KCA 4 -1.0000 -1.0000 -1.0000 0.0000 3.1484
GA -1.0000 -0.9999 -1.0000 0.0000 0.4692
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Table 2: Statistic of optimal solution adjustment
for the test function 1

Sistiod | ki _ S'rans‘rl.c value of adjustment _
Minimum | Maximum | Average | Deviation
X1 -1.5334 1.4020 -0.0514 0.7756
KCA 1
X2 -1.5462 1.4424 0.1240 0.5975
KCA 2 X1 0.0000 0.0000 0.0000 0.0000
X2 0.0000 0.0000 0.0000 0.0000
- 2
KCA 3 X1 0.1791 0.2948 0.0045 0.0879
X2 -0.0501 0.6275 0.0428 0.1269
X1 -0.0062 0.0091 -0.0001 0.0022
Rt X2 -0.0030 0.0012 -0.0002 0.0009
R X1 -0.0179 0.0083 -0.0019 0.0071
X2 -0.0148 0.0221 -0.0003 0.0070

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(z1,20) = 100(xg — 22)% + (1 — 21)? (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.

S x5)

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

FitNess value
e e o & =4 e
[X) %) = o Y =

e

o

5 10 15 20 25 30 35 40 45 50
IterativeNumber

Fig.8: Convergences of the test function 2

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

Statistic of fitness value Average

Method Minimum | Maximum | Average | Deviation CPU(S';'lme
KCA1l 0.0004 2.3670 0.3416 0.5410 1.9529
KCA2 0.0015 2.8507 0.2101 0.5155 14.4581
KCA3 0.0000 0.0694 0.0081 0.0149 1.7735
KCA 4 0.0000 0.0002 0.0000 0.0001 73794
GA 0.0000 0.0003 0.0001 0.0001 1.1487

Table 4: Statistic of optimal solution adjustment

for the test function 2

2 Statistic value of adjustment
Method | Variabl g 3 s
o arianie Minimum | Maximum | Average Deviation
X1 0.5287 1.3932 0.8152 04145
KCAal
X2 0.0895- 2.0104 0.8276 0.5479
0.6839- 2 y
KCA 2 X1 1.3381 0.783 0.4087
X2 0.0640 1.7904 0.7739 0.5143
KCA 3 X1 0.7809 1.1141 0.9768 0.0793
X2 0.6244 1.2417 0.9609 0.1480
X1 0.9853 1.0081 0.9996 0.0048
KCA 4
X2 0.9704 1.0162 0.9993 0.0095
GA X1 0.9818 1.0166 0.9989 0.0085
X2 0.9642 1.0339 0.9978 0.0172

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

T,

3
f(ﬁcl,l’27l’3):30+z <110(£L'z20)29(303(2 )) (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

ieltiod Statistic of fitness value Average CPU Time (s)
Minimum|Maximum | Average | Deviation
KCA 1| 7.7601 | 26.5507 |15.5556| 4.7143 5.1233
KCA 2| 3.0000 8.3936 | 3.9888 | 1.4996 65.4959
KCA 3| 3.0000 6.7411 | 3.9021 | 1.1850 4.6791
KCA 4] 3.0000 3.0047 | 3.0007 | 0.0010 27.2741
GA | 3.0000 | 3.0024 | 3.0003 | 0.0004 2.4452

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

; Statistic value of adjustment
Method | variable o : T
Minimum | Maximum | Average | Deviation
Xi 10.4113 29.4252 19.4668 4.0895
KCA1l Xz 9.9498 29.9537 20.3695 5.0867
X; 13.8850 29.8439 20.9554 4.7510
Xi 15.2500 24.7500 19.8417 1.5192
KCA?2 Xz 15.2500 24.7500 19.6833 2.1364
X 20.0000 24.7500 203167 1.2051
X 19.8437 20.3276 20.0234 0.1226
KCA3 Xz 15.0688 20.2973 19.8392 0.9074
X 19.4061 24.9652 20.8266 1.8008
X 19.9903 20.0124 20.0003 0.0041
KCA 4 Xz 19.9784 20.0103 19.9979 0.0076
X 19.9912 20.0175 20.0006 0.0051
Xi 19.9933 20.0066 20.0003 0.0028
GA Xz 19.9946 20.0097 20.0006 0.0033
X5 19.9819 20.0074 19.9993 0.0051

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.

e Population size is 30
e Maximum iteration is 50
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Fig.10: Convergences of the test function 3

e No stalled generation is applied
e 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.

sin® \/:17% + x% —0.5

(1+0.001 * (22 + 23))2

f(21,22) = 0.5+ (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

Statistic of fitness value Average
Method Minimum | Maximum | Average | Deviation CPLES?me
KCA 1 0.0097 0.0642 0.0175 0.0128 7.8100
KCA 2 0.0000 0.0372 0.0103 0.0054 69.8172
KCA3 0.0003 0.0099 0.0088 0.0028 6.7668
KCA 4 0.0000 0.0001 0.0000 0.0000 32.6587
GA 0.0000 0.0097 0.0006 0.0025 4.3281

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

: Statistic value of adjustment
7
Metiod, | Wendble Minimum | Maximum | Average | Deviation
e X1 -3.1190 5.8280 0.4626 2.3785
X2 -5.6602 5.9409 -0.4754 2.7057
i v
KCA 2 X1 3.0535 5.1441 0.9265 1.9840
X2 -3.5986 3.1385 0.0055 2.4600
X1 -3.1318 3.0820 -0.5423 2.0219
KCA3 X2 -3.1510 3.1182 -1.0203 1.9247
vl = v
KCA 4 X1 0.0069 0.0051 0.0005 0.0027
X2 -0.0099 0.0081 -0.0005 0.0024
s X1 -0.0011 2.6667 0.1752 0.6669
X2 -1.7724 0.0015 -0.1144 0.4350

4.2 TEEE 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 Intel®, 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.

PG1

Slack Bus

PG2

o O

T
2 T 9 141

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 B/h, 470.8 B /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

Variable _ Limit cost coefficients
Min. Max. a b c
MagV1 to V2 (p.1.) 1011 | 11115 | - - -
Ang V2 10 V6 (=) -30 30 = = =
T1toT2 (pu.) 0.90 1.10 = z z
QCl 10QC2 (MVAR) 0.0 1530 = 2 :
PG1(MW), QG1(MVAR) 50,20 | 200,100 | 0 | 100 | 100
PG2(MW), QG2(MVAR) 20,20 80,100 | 0| 500 100

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

— ‘ Limit cost coefficients

Min. Max. a b c

Mag. V1 to V14 (p.u.) 0.93 1.10 B . .

Ang. V2 to V14 (degree) -30 30 - - -

T1toT5 (p.u.) 0.90 1.10 - - -
PG1(MW), QG1(MVAR) 50,-20 | 200,150 | 0.0150 | 2.45 150
PG2(MW), QG2(MVAR) 20,-20 80,60 0.0225 | 351 | 444

PG3(MW), QG3(MVAR) 15,-15 | 50,447 | 0.0175 | 2.75 55
PG4(MW), QG4(MVAR) 10,-15 | 30,62.5 0.013 | 389 | 406

PG5(MW), QG5(MVAR) 10,-10 35,40 0.0275 | 2.85 75

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

S — Limit cost coefficients
Min. Max. a b C
Mag, V1 to V30 (p.u.) 0.95 1.10 - - .
Ang.V2 to V30 (degree) -30 30 - - -
T1toT4 (p.u) 0.90 1.10 - - -
QG1 to QGO (MVAR) 0 3 = 5 =
PG1(MW),QG1(MVAR) 50,-20 | 200,150 | 0.00375 2.00 0
PG2(MW),QG2(MVAR) 20,20 80,60 | 0.01750 1.75 0
PG5(MW),QG5(MVAR) 15-15 | 50.44.7 | 0.06250 | 0.06250 | 0
PGE(MW).QGE(MVAR) 10-15 | 35.62.5 | 0.00834 325 0
PGI1(MW),QGI1(MVAR) | 10,-10 30,40 | 0.02750 3.00 0
PGI3(MW).QGI3(MVAR) | 12.-15 | 40487 | 0.02500 3.00 0

474.2 B/h and 455.5 B/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

TEST OPTIMAL TOTAL GENERAATION cosTs (Ib/h)
METHOD
SYSTEM MINIMUM | MAXIMUM | AVERAGE | DEVIATION
SQP 354.6 621.7 4555 71.1
PSO 387.0 5914 474.2 56.8
6 BUS
GA 387.0 594.0 470.8 66.9
KCA 396.5 5264 440.7 34.2
SQP 1184.7 1682.5 1388.4 159.2
PSO 1285.5 17774 1507.3 122.7
14 BUS
GA 1386.6 1781.5 1613.4 1223
KCA 1358.1 1786.3 1546.5 89.00
SQP 629.2 12160.0 1396.9 21723
PSO 639.7 847.6 720.8 53.0
30 BUS
GA 708.9 896.4 802.5 47.6
KCA 735.0 937.6 826.7 50.3

The result of the 14-bus system, SQP is the best solu-
tion at 1388.4 B/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 B/h.

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

TEST COMPUTATIONAL TIME CONSUMED ()
METHOD
SYSTEM MmNIMUM | MAXIMUM | AVERAGE | DEVIATION
sQP 0.24 15.84 4.14 4.3759
PSO 8.40 8.75 849 0.0639
6 BUS
GA 8.95 9.46 9.05 0.1290
KCA 2.96 4.16 359 0.3191
SQP 5.62 2261 10.08 4.09
PSO 55.78 107.32 86.59 22.44
14 BUS
GA 67.94 72.74 69.94 1.63
KCA 38.67 85.47 61.56 12.63
SQP 73.5 200.1 126.4 32,61
PSO 21306 30472 29482 237.16
30 BUS
GA 22423 2251.1 22457 2.25
KCA 1062.6 1843.8 15244 186.86

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

Variable PSO GA KCA
Genl (MW),(MVAR) | 114.12,39.71 | 125.37,32.90 | 125.29,54.82
Gen2 (MW), (MVAR) | 3033,34.05 | 20.07,7343 | 2188,-7.76
Mag_V1 (pu.) 1.0855 1.0388 1.0827
Mag_V2 (pa.) 1.1263 1.1003 1.1131
QC1(MVAR) 768 106 1129
QC2(MVAR) 16.61 27.70 2141
TI(T3-4) (pu) 1.0433 0.9000 0.9620
T2(T5-6) (pw.) 09593 0.9996 0.9573
PG total (MW) 144 45 14544 147.17

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

variable PSO GA KCA
Genl (MW),(MVAR) 137.4,130.7 132.4,131.7 138.2,130.0
Gen2 (MW), (MVAR) 64.0,-11.1 713,82 524,138
Gen3 (MW),(MVAR) 374,186 415,233 50,3.2
Gené (MW).(MVAR) 22:9:39:7 247,30 18.7.10.8
Gen8 (MW).(MVAR) 24.0.21.8 16.6,32.5 28.3.14.5
MagV1 (p.u.),AngV1 (°) 1.0638.0 1.001,0 0.9606,0
MagV2 (p.u),AngV2 (<) | 0.9849.-548 | 1.0432,148 | 0.9829.-435
MagV3 (p.u.), AngV3 1.0533.- J e
©) ST 1.0319.-9.14 | 1.0329.-5.76
MagV6 (p.u.), AngVe 1.0489.- 0.9893.11.1 ]
©) 1255 5 1.0618.-0.11
7 7 28.12.2 7}
MagV8 (p(.cu).): AngV8 0.9657.-0.73 0.97_5:1_.5 1.100;):1_.5
T1 (T4-7) (pu.) 0.9862 0.9594 09235
T2 (T4-9) (p-u.) 1.0257 1.0137 0.9463
T3 (T5-6) (p.u.) 0.9847 1.0155 0.9431
T4 (T7-8) (p.u.) 0.9737 1.0997 0.9149
T5 (T7-9) (p.u.) 09718 09616 1.0773
PG total (MW) 273 287 287

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

Variable PSO GA KCA
Genl (MW),(MVAR) 85.7,110.5 154.3,83.4 158.2,132. 0
Gen2 (MW) (MVAR) 57.0,26.7 29.2,50.0 30.5, 47.4
Gen3 (MW),(MVAR) 19.2, 12.4 24.2,36.4 26.8, 35.5
Geng (MW),(MVAR) 28.3,26.0 19.6.49.7 23.6, 55.5
Genll (MW),(MVAR) 21.6,15.8 10.6, 36.1 14.0, 34.9
Genl13 (MW),(MVAR) 18.8. 18.8 22.8.43.8 15.9, 34.7
MagV1 (p.u.).,Angv1 (%) 1.0171,0 0.9640,0 1.0024,0
MagV2 (p.u.).Angv2 (<) | 1.0088,-0.18 0.9738,-3.93 1.0053, 1.52
MagV5 (p.u.).Angvs (<) | 1.0497,-425 | 1.0546.-10.61 1.0312, 1.05
MagVs§ (p.u.).,Angve () | 0.9856, 8.17 1.0152,-3.56 0.9506, 0.58
MagV11 (p.u),AngV1l(s) | 1.0516,1.78 1.0520, 4.42 0.9847, -26.70
MagV13 (p.u),AngV13 () | 1.0458,-1.51 1.0876, 9.86 0.9812, 6.00
T1 (T6-9) (p.u.) 1.0998 0.9938 1.0333
T2 (T6-10) (p.u.) 1.0489 1.0966 1.0090
T3 (T4-12) (p.u.) 1.0696 1.0580 0.9612
T4(T25-27) (p-u.) 1.0504 1.0104 0.9612
QC10(MVAR) 1.5179 3.5526 343137
QC12(MVAR) 3.8267 2.4982 4.5008
QC15(MVAR) 1.6685 3.4170 3.5294
QC17(MVAR) 2.1742 3.6650 4.4706
QC20(MVAR) 3.7568 1.5134 4.9804
QC21(MVAR) 1.2999 4.5610 4.7451
QC23(MVAR) 0.8187 3.4497 4.6275
QC24(MVAR) 1:3257: 4.5451 0.4118
QC29(MVAR) 3.2454 3.3400 4.8824
PG total (MW) 212 238.1 2533
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Fig.16: Convergence characteristics of each method
for the 6-bus test system with smooth fuel cost func-
tion
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Fig.17: Convergence characteristics of each method
for the 14-bus test system with smooth fuel cost func-
tion
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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

: Limit cost coefficients
Variable -
Min. Max. a b c d e
Mag V1 to V2(p.u) 1011 [ 11115 ] : ] : -
Ang V2 to V6(<) -30 30
T1 to T2 (p.u) 0.90 1.10
QCI to QC2(MVAR) 0.0 555 . : . : -
PGL{MW).QGI(MVAR) | 10,20 | 100,100 | 0.0016 | 2 150 | 50 [ 0.063
PG:(MW).QG2(MVAR) 10,20 | 100,100 0.01 25 | 25 | 40 | 0098

The results show that, for the 6-bus system, the
KCA can again obtain the lowest averaged minimum
cost function (609.6 B/h, 635.5 B/h and 614.4 B/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
B/h for the SQP, 1991.0 B/h for the GA and 1998.6
B/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 B/h for the KCA,
526.3 B/h for the GA and 766.1 B/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

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

Variable Limit cost coefficients
Min. Max. a b c d e
Mag V1 to V14(p.u) 0.95 1.10
Ang V2 to V6(=) -30 30
T1 to T2 (p.u.) 0.90 1.10
QG1 to QG9 (MVAR) 0 5
PG1(MW),
QG1(MVAR) 50.-20 200,150 0.00160 2.00 150 50 0.063
PG2(MW)
QG2(MVAR) 20.-20 80.60 0.01000 2.50 25 40 0.098
PGS(MW), 7
QG3(MVAR) 15.-15 50.44.7 0.06250 1.00 0 0 0
PGB(MW)
QGS(MVAR) 10.-15 35625 0.00834 325 0 0 0
PG11(MW),
QG11(MVAR) 10.-10 30,40 0.02750 3.00 0 0 0
PGL3(MW), . -
QG13(MVAR) 12.-15 4048.7 0.02500 3.00 0 0 0
Table 20: OPF Results Obtained by using SQP,

GA and KCA for all Test System with non-smooth
fuel cost function

TEST OPTIMAL TOTAL GENERATION cosTs (Ib/h)
SYSTEM SR
MNIMUM | MAXTMUM | AVERAGE | DEVIATION
SQP 542.6 675.9 6144 37.29
6 BUS GA 58517 79529, 635.5 353
KCA 543.0 666.4 609.6 27.6
SQP 1345.0 21772 1749.5 218.95
14 BUS GA 1632.6 2374.6 1991.0 191.2
KCA 1674.8 25764 1998.6 195.9
SQP 505.2 4248.8 766.1 734.1
30BUS GA 490.9 572.8 526.3 17.9
KCA 492 4 5471 518.7 13.2
Table 21: Computational Time to using SQP, GA

and KCA for all Test System with non-smooth fuel
cost function

TEST METHOD CoMPUTATIONAL TiME CONSUMED (S)
SYSTEM MINIMUM | MAXIMUM | AVERAGE | DEVIATION
SQP 0.89 6.15 2.40 1.26
6 BUS GA 4.86 7.28 6.01 0.59
KCA 3.13 7.39 4.81 0.97
SQP 6.91 37.78 15.46 8.31
14 BUS GA 16.89 2533 19.88 1.78
KCA 9.91 28.02 16.69 4.13
SQP AE54 154.48 104.8 2458
30BUS GA 749.2 752.1 46.2 0.79
KCA 896.14 1646.9 1255.4 171.14

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

1- ' - :
for th‘e 4-bus test system with non- smooth fuel cost ey S = &0
Junction Genl (MW).(MVAR) 999010 9808123 1000237
— — e Gen2 (MW).(MVAR) 420273 480266 4131512
Varble Min. Max. a b c d e MagV1 (p.u.), Anng - ~
Mag. V1 to V1d(pw) 095 1.10 , - , B 0 1.0158,0 1.0792:0 10272320
Ang V2 to V6(=) -30 30 ] 2 o 272 o
Ti to T2 (pu) 050 10 | | - : . . MagV2 (p.u.), AngV2 () 1113;1 1%;857 1';1-;43:
PG1(MW).QG1(MVAR) 50.-20 200,150 0 2.00 0.0200 300 0.20 = . - =
PGZ(MW).QG2(MVAR) 20,20 80,60 4] 1.75 0.0175 200 0.22 QCI(M\ AR) 4.3650 4.7939 1.1437
PG3(MW).QG3(MVAR) 15-15 | 50625 | 0 | 100 | 00625 | 150 | 042 QC2(MVAR) 22527 4.0315 1.3333
PG6(MW).QG6(MVAR) | 10.15 | 35487 | 0 | 325 | 0.0834 | 100 | 030 T1(T3-4) (p.u.) 1.1000 0.9958 1.0161
PGS(MW).QGS(MVAR) | 1010 | 3040 | 0 | 300 | 00250 | 200 | 035 T2(T5-6) (p.u.) 1.0979 0.9814 0.9753
PG total (MW) 142.0 146.1 1413
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Table 23: Optimal solution by each method for the
14-bus system with non-smooth fuel cost function

Variable SQP GA KCA
Genl (MW).(MVAR) 81.4,90.5 145.1,121.5 144.1,147.3
Gen2 (MW) (MVAR) 79.9,4.9 76.3, 51.0 717, 39.2
Gen3 (MW),(MVAR) 444, 6.0 49.8,-4.5 45.8,48.2
Gen6 (MW),(MVAR) 276,168 172,471 18.43,13.4
Gens (MW),(MVAR) 29.9,11.8 18.4,37.6 20.5,-9.0
MagV1 (p.u.),AngV1 () 0.9936,0 0.9805,0 1.0747,0
MagV2 (p.u.).AngV2 (=) | 0.9624,0.40 1.0279,037 | 1.0465,1.2941
MagV3 (p.u.).AngV3 (=) | 0.9518-1.18 | 1.0893,12.87 | 1.0647,2.4706
MagV6 (p.u.).,AngV6 (=) | 0.9984,-4.05 | 1.0280,-5.95 | 1.0129,14.4706
MagV8 (p.u),AngV8 (=) | 0.9707-15.88 | 1.0996,-10.05 | 1.0547-3.6471
T1 (T4-7) (p.u) 0.9003 0.9916 0.9220
T2 (T4-9) (p.u.) 0.9007 1.0598 0.9133
T3 (T5-6) (p.u) 0.9016 1.0754 1.0514
T4 (T7-8) (p.u.) 0.9162 1.0065 0.9690
T5 (T7-9) (p.u.) 1.0981 1.0373 0.9282
PG total (MW) 263.4 307.0 300.7

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

variable SQP GA KCA
Gen1(MW) (MVAR) 187.0.179.6 19221411 187.0,1982
Gen2 (MW) (MVAR) 34.140.1 29.6,50.1 79.5.99.0
Gen’5 (MW),(MVAR) 185,442 18.0,76.6 15.0,71.0
Gen8 (MW),(MVAR) 238,596 28.5.44.0 195464
Genll (MW),(MVAR) 26.3,40.6 19.6,43.4 28.0,443
Genl3 (MW),(MVAR) 286477 20.1,548 19.345.5
MagV1 (p.u.).Angvi() 1.0429,0 1.0343,0 1.0929.0
MagV2 (pu.).AngV2(<) 1.0258,-4.53 1.0470,0.5785 0.9529,1.0265
Mag_5 (pu.).AngVs (<) 1.0029.-221 1.0621,1.3469 1.0182,5.0588
MagV8 (pu),AngVE(<) 0.9705,-8.13 0.9779,-3.6087 1.0200,0.8235
MagV11 (p.u).AngV1l (=) 1.0080.18.82 1.0689.-11.9386 1.0200,7.4118
MagV13 (pu.).AngV13(s) 1.0107.-16.56 1.0219,-2.2383 1.0265,-7.1765
T1 (T6-9) (p-u.) 0.9345 1.0676 1.0420
T2 (T6-10) (p.u.) 0.8979 0.9987 0.9204
T3 (T4-12) (pu) 1.1004 0.9053 1.0082
T4(T25-27) (p.u.) 1.0229 1.0597 0.982
QC10(MVAR) 4.5406 42966 3.4%02
QC12(MVAR) 4.7037 0.6063 0.4706
QC15(MVAR) 49648 3.9369 45686
QC17(MVAR) 3.6238 49800 3.6078
QC20(MVAR) 4.8405 0.0160 37451
QC21(MVAR) 0.7207 1.6031 1.54%0
QC23(MVAR) 49635 48677 23137
QC24(MVAR) 3.9957 0.8845 44706
QC29(MVAR) 4.4840 0.0847 24314
PG total (MW) 3185 308.2 3484
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Fig.19: Convergence characteristics of each method
for the 6-bus test system with non-smooth fuel cost
function
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Fig.20: Convergence characteristics of each method
for the 14-bus test system with non- smooth fuel cost
function
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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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