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Multiobjective Bees Algorithm for Optimal
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ABSTRACT

This paper presents a multiobjective bees algo-
rithm (MOBA) for solving the multiobjective opti-
mal power flow. The multiobjective optimal power
flow is to simultaneously minimize total fuel cost and
environmental pollution of generation with consider-
ing various constraints i.e. limits on generator real
and reactive power outputs, bus voltages, transformer
tap-setting and power flow of transmission lines. The
proposed multiobjective bees algorithm is developed
by using principle of multiobjective optimization. A
clustering algorithm is applied for multiobjective bees
algorithm in order to manage the size of the Pareto-
optimal set. The proposed approach has been tested
on the standard IEEE 30-bus system. The mul-
tiobjective bees algorithm produces true and well-
distributed Pareto-optimal fronts in a single run. The
results show that multiobjective bees algorithm has
effectiveness and potential for solving multiobjective
optimal power flow problem.

Keywords: Bees Algorithm (BA), Multiobjective
Optimal Power Flow (MOOPF), Multiobjective Bees
Algorithm (MOBA)

1. INTRODUCTION

In the past decade, optimal load flow (OPF) has
dealt to minimize only one objective such as fuel cost
[1-3]. However, due to the fact that real life problems
involve several objectives and that the traditional op-
timization techniques have disadvantages. The appli-
cation of new multiobjective optimization techniques
appear in the recent studies.

Traditionally, multiobjective optimization prob-
lem was treated as a single objective optimization
problem. The objective function was formed as a
weighted sum of all objectives using suitable scal-
ing/weighting factors. This approach has the disad-
vantage of finding only a single solution which does
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not express the trade-off between the different objec-
tives [4]. Generating multiple solutions using this ap-
proach requires several runs with different weighting
factors and hence elongates the running time [5]. As
an alternative to this approach, recent studies con-
sider the OPF as a true multi-objective optimization
problem in which the objectives are treated simul-
taneously and independently [5-9]. This, however,
makes the problem more complicated, whereas tradi-
tional optimization techniques have several weakness
and drawbacks such as linearization, continuity, dif-
ferentiability, local optima and constraints handling.
Therefore, new optimization techniques such as ge-
netic algorithms (GA), particle swarm optimization
(PSO), bees algorithm (BA) are recently introduced
and also applied in the field of power systems with
promising success [7-13].

The literature includes several OPF studies that
are dealt with multi-objectives and applied conven-
tional and new optimization techniques. The OPF
problem is generally an optimization problem with
non-convex, non-smooth and non-differentiable ob-
jective functions. These properties become more ev-
ident and dominant if the effects of the valve-point
loading of thermal generators and the nonlinear be-
haviour. A wide variety of optimization techniques
have been applied to solve the OPF problems [14-
23] such as quadratic programming, linear program-
ming, nonlinear programming, interior point meth-
ods, and Newton-based techniques [14-18]. Gener-
ally, Quadratic programming based techniques have
some disadvantages associated with the piecewise
quadratic cost approximation. Linear programming
methods have some disadvantages associated with the
piecewise linear cost approximation. Nonlinear pro-
gramming based procedures have many drawbacks
such as insecure convergence properties and algorith-
mic complexity. Interior point methods have been
reported as computationally efficient; however, if the
step size is not chosen properly, the sub-linear prob-
lem may have a solution that is infeasible in the orig-
inal nonlinear domain [18]. Newton-based techniques
have a drawback of the convergence characteristics
that are sensitive to the initial conditions and they
may fail to converge due to the inappropriate initial
conditions. For more discussions on these techniques,
it can be consulted by the survey presented in [19].

Generally, the conventional optimization methods



Multiobjective Bees Algorithm for Optimal Power Flow Problem

that make use of derivatives and gradients are not
able to locate or identify the global optimum. On the
other hand, many mathematical assumptions such as
convex, analytic and differential objective functions
have to be given to simplify the problem. Hence, it
becomes essential to develop optimization techniques
that are efficient to overcome these drawbacks and
difficulties. Heuristic algorithms such as genetic algo-
rithms (GA), evolutionary programming, and parti-
cle swarm optimization (PSO) [20-22] have been pro-
posed for solving the OPF problem.

Reference [4] presented a particle swarm optimiza-
tion based OPF incorporating several objective as
a weighted sum. Reference [5] proposed differential
evolution based multiobjective economic environmen-
tal power dispatch, solved using the weighted sum
approach. In references [7-11], a true multiobjective
with competing fuel cost and power plant emissions
were successfully formulated and produced promising
results.

This paper presents a multiobjective bees algo-
rithm (MOBA) based optimization approach to solve
the multiobjective optimal power flow (MOOPF)
problem. The MOOPF problem is formulated as
a constrained nonlinear multiobjective optimization
problem, where the fuel cost and emission are treated
as competing objectives. A clustering algorithm is
also applied to manage the size of the Pareto set. An
algorithm based on fuzzy set theory is used to extract
the best compromise solution.

2. PROBLEM FORMULATON

The MOOPF problem is to minimize two objec-
tive functions of fuel cost and emission with several
equality and inequality constraints. Generally, the
problem can be formulated as follows.

2.1 Multiobjective Formulation

Aggregating the objectives and constraints, the
problem can be mathematically formulated as a con-
strained nonlinear mulitiobjective optimization prob-
lem as follows.

Minimize [f (@, u), e(z,u)]
(1)
Subject to:
g(z,u) = 0 (2)
h(z,u) < 0 (3)

where g(z,u) is the equality constraints, h(x,u) is
the system inequality constraints.

x is the vector of dependent variables (state vari-
ables) consisting of:

1. Generator active power output at slack bus Pg.

2. Load bus voltage V7.
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3. Generator reactive power output Qg1.
4. Transmission line loading Sj.
Hence, = can be expressed as:

' = [Pe1, Vi1 ... Ving, Qa1 ---Qang, St - - SZJ\EL])
4

where NB,NG and NL are the number of load
buses, the number of generators, and the number of
transmission lines, respectively.

u is the vector of independent variables (control
variables) consisting of:

1. Generator active power output Pg at PV buses

except at the slack bus Pgy.

2. Generation bus voltages V.

3. Transformer tap settings 7'
Hence, u can be expressed as:

uT = [PGQ N PGNg, VGl N VGNg,Tl .. 'TNT] (5)

where NT is the number of the regulating trans-
formers.

2.1.1 Objective of Fuel Cost

The total US$/h fuel cost f(x,u) can be expressed
by quadratic functions as follows.

NG
fla,u) = (@i +biPai + ¢ PG;) (6)
i=1
where a;,b; and ¢; are the cost coefficients of the
generator, and Pg; is the real power output of the
it" generator.

Z'th

2.1.2 Objective of emission

The environmental pollutants such as sulphur ox-
ides (SOx) and nitrogen oxides (NOx) caused by
fossil-fuel units can be modelled separately. How-
ever, for comparison purposes, the total ton/h emis-
sion e(z,u) of these pollutants can be expressed as
follows.

NG
e(z,u) = Z (107*(cv + BiPai + 7iP&;)

i=1

+& exp(XiPai)) (7)

where a;, 8i,7:, & and )\; are coefficients of the it"
generator emission characteristics.

2.2 Problem Constraints
2.2.1 Equality Constraints

Power balance is equality constraint. The total
power generation must cover the total demand (Pp)
and real power loss in transmission lines (Pss). It
can be expressed as follows.
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NG
> = (Pai— Pp = Pioss) =0 (8)
i=1
The calculation of Pj,ss implies solving the load
flow problem with equality constraints on real and
reactive power at each bus as follows [24].

NB
PGi — PDi — ‘/z Z ij |:GZJ COS((Si - (Sj)

Jj=1

+Bij sin(éi - 6j) =0 (9)

NB
Qai —Qpi — Vi Z Vj |:Gij sin(8; — 4;)
j=1
+B;; cos(0; — 5j)} = 0(10)

Pai, Qqi are real and reactive power generated at
the i*h bus. Pp;, Qp; are demand real and reactive
power generated at the i*" bus. Gij, B;j are the trans-
fer conductance and susceptance between i*" bus and
jt" bus. V;, V; are the voltage magnitudes at i*" bus
and j** bus. §;,8; are the voltage angles at i'" bus
and j** bus.

Then, power loss in transmission lines can be cal-
culated as follows.

NL
-Ploss = ng D/]Q + ‘/;'2 - 2‘/2‘/; COS(57; - 5])} (11)
k=1

where g; is the conductance of the k* line that
connects i*" bus and j** bus.

2.2.2  Inequality Constraints

2.2.2.1 Generation Constraints
For stable operation, generator voltage, real power
output and reactive power output are restricted by
the lower and upper limit as follows.

VEn < Vg VI Li=1,...,NG (12
Pmin < P < PmeT =1, NG (13
min < Qu < qEtt Ji=1,...,NG (14

where NG is the number of generators.
2.2.2.2 Transformer Constraints
Transformer tap settings are restricted by the mini-
mum and maximum limits as follows.

NT

Tlminsngﬂmam aZ:1a7 (15)

where NT is the number of regulating transform-
ers.

2.2.2.3 Security Constraints

These incorporate the constraints of voltage magni-
tudes of load buses as well as transmission line load-
ings as follows [25].

min
VLi
Su

Vi <V i=1,... NB

<
< §mer j—1... NL

where N B is the number of buses. N L is the num-
ber of transmission lines.

3. MULTIOBJECTIVE OPTIMIZATION PRIN-

CIPLE

Many real world problems involve simultaneous
optimization of several objective functions. Gener-
ally, these functions are non-commensurable and of-
ten competing and conflicting objectives. Multiob-
jective optimization with such conflicting objectives
functions gives rise to a set of optimal solutions, in-
stead of one optimal solution. The reason for the
optimality of many solutions is that no one can be
considered to be better than any others with respect
to all objective functions. These optimal solutions
are known as Pareto-optimal solution [26-29].

For a multiobjective optimization problem, any
two solutions 7 and x2 can have one of two pos-
sibilities, which one dominates the other or does not
dominate the other. In a minimization problem, with-
out loss of generality, a solution z; will dominate s,
if the following two conditions are satisfied.

Vi€{1,2,. . -;Nobj} : fi(x1> S fa:2
3i€{1,2,. . ;Nobj} . fi(xl) S fCEz

If any of the above condition is violated, the so-
lution z; will not dominate the solution zo. If 2
dominates the solution xs, 1 will be called the non-
dominated solution. The solutions that are non-
dominated within the entire search space are denoted
as Pareto-optimal and constitute the Pareto-optimal
set. This set is also known as Pareto-optimal front.

(18)
(19)

4. THE PROPOSED APPROACH
4.1 Overview of Bees Optimization

Bees algorithm (BA) was proposed by Pham D.T
[12] optimizing numerical problems in 2006. The
algorithm mimics the food foraging behaviour of
swarms of honey bees. Honey bees use several mech-
anisms like waggle dance to optimally locate food
sources and to search new ones. This makes them a
good candidate for developing new intelligent search
algorithms. It is a very simple, robust and population
based stochastic optimization algorithm.

In BA, the colony of artificial bees contains two
groups of bees, which are scout and employed bees.
The scout bees have the responsibility, which is to
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find a new food source. The responsibility of em-
ployed bees is to determine a food source within the
neighbourhood of the food source in their memory
and share their information with other bees within
the hive.

In recent year, BA has been presented as an ef-
ficient population based heuristic technique with a
flexible and robustness. However, changing conven-
tional single objective BA to MOBA requires some
adaptation. In MOBA, there is no only one global
solution, but it is a set of non-dominated global so-
lutions. Thus, the process of Pareto-optimal set shall
be applied to proposed algorithm of MOBA.

4.2 BA Solving Single Objective OPF Prob-
lem (BA-OPF)

An application of BA is described for solving the
single objective OPF problem. Especially, a sugges-
tion about how to deal with the equality and inequal-
ity constraints of the OPF problem, when each search
point is modified in the BA, is also given.

The algorithm requires a number of parameters to
be set, namely: NC' is the number of iterations, n
is the number of scout bees, m is the number of sites
selected out of ng visited sites, e is the number of
best sites out of m selected sites, nep is the number
of bees recruited for best e sites, nsp is the number
of bees recruited for the other (m — e) selected sites,
ngh is initial size of patches which includes site and
its neighborhood and stopping criterion.

The initial objective solution is calculated from ini-
tial and state solution in formula (6) for fuel cost
function or formula (7) for emission objective indi-
vidually. Note that it is very important to create a
set of solution satisfying the equality and inequality
constraints.

To handle the inequality constraints of state vari-
ables including slack bus real and reactive power, load
bus voltage magnitudes and transmission line loading
of each single objective function, the extended objec-
tive function or fitness function can be defined as:

M =fe+K,(Pa1—PH7")*+ Kq(Qa1—QET)?

NB ) NL )
HKVY (Vi = VI + K (Sni—SEm)4(20)
=1 =1

where
fe = f(z,u), if fuel cost objective function is handled,
or
fe = e(x,u), if emission objective function is handled
Kp,Kq,Ky and Kp are the penalty factors of penalty
function
2/ is the limit value of the dependent variable x
given as:

max y max
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It should be noted that the constraints on the re-
active power at each generator excluding slack bus
are not included in the fitness function because they
are controlled in power flow program. The process of
BA-OPF can be summarized as follows:

Step 1: Generate randomly the initial populations of
ns scout bees. These initial populations must
be feasible candidate solutions that satisfy
the constraints. Set NC' = 0.

Step 2: Run power flow and evaluate the fitness value
of the initial populations.

Step 3: Select m best solutions for neighbourhood
search.

Step 4: Separated the m best solutions to two groups,
the first group have e best solutions and
another group has (m — e) best solutions.

Step 5: Determine the size of neighbourhood search
of each best solutions (ngh).

Step 6: Generate solutions around the selected within
solutions neighbourhood size.

Step 7: Run power flow and evaluate generated
solutions and select the fittest solution
from each patch.

Step 8: Check the stopping criterion. If satisfied,
terminate the search, else NC = NC + 1.

Step 9: Assign the (n — m) population to generate
new solutions. Go to Step 2.

4.3 Proposed MOBA Solving Multiobjective
Optimal Power Flow Problem

An application of proposed MOBA is described
for solving the MOOPF problem with the equality
and inequality constraints. The control variables of
MOBA used for solving MOOPF are the same as sin-
gle objective OPF as mentioned above. Then the
two initial objective solutions are simultaneously cal-
culated from initial and state solutions in formula (6)
for fuel cost objective function and formula (7) for
emission objective function.

To handle inequality constraints of state variables
of multiobjective function of fuel cost and emission,
the extended objective function can be defined as:

F=foutKp(Po1— PG )+ Kq(Qa1—Q6T)?

NB ) NL .
HKVY (Vii=VE™P+ K (SLi—SE)? (22)
=1 =1

F=taut Ky(Par—PEI")" + Ko(Qa1— Q&)
NB ' NI |
HOVY V= VBT KoY (Sui= L)’ (28)

=1 i=1

The basic elements of the proposed MOBA tech-
nique are briefly stated and defined as follows:
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Step 1: Generate randomly the initial populations of

ns scout bees. These initial populations must
be feasible candidate solutions that satisfy
the constraints. Set NC = 0.

Run power flow and evaluate the fuel cost
and emission fitness value of the initial
populations.

Search for non-dominated solutions from
initial solution by using non-dominated
function and find m best solutions for

neighbourhood search by using fuzzy c-mean
clustering (FCM) [30].

Separated the m best solutions to two groups,
the first group are e best solutions by using

compromise fuzzy and another group is other
selected (m — e) solutions.

Determine the size of neighbourhood search
of each best solutions (ngh).

Generate solutions around the selected
solutions within neighbourhood size.

Run power flow and evaluate the fuel

cost and emission fitness value of the
generated solution.

Search for non-dominated solutions from all
solution by using non-dominated function.
If non-dominated solution is over the limit,
then uses FCM.

Check the stopping criterion. If satisfied,
terminate the search, else NC = NC + 1.
Assign the (n — m) population to generate
new solutions and add it with last best
solution. Go to Step 2.

Upon having the Pareto-optimal set of non-
dominated solution, fuzzy-based mechanism to ex-
tract the best compromise solution is imposed to
present one solution to decision maker. The com-
putation flow chart of the proposed MOBA method
is depicted in Figure 1.

Step 2:

Step 3:

Step 4:

Step 5:
Step 6:

Step 7:

Step 8:

Step 9:

Step10:

5. SIMULATION RESULTS AND DISCUS-
SIONS

The BA-OPF and proposed MOBA have been
tested on the IEEE 30-bus test system shown in Fig-
ure 2. The IEEE 30-bus system consists of 41 trans-
mission lines, 6 power generation units and 4 tap-
changing transformers. The generator coeflicients of
fuel cost and emission in (6) and (7) are given in Table
1. Table 2 shows the values of the parameters adopted
for BA-OPF and MOBA. They are computed by Pen-
tium core 2 duo 2.2 GHz, processer 2 GB ram, under
Matlab? program.

5.1 Results of Single Objective Optimization
Using BA-OPF

The value of parameter adopted for BA-OPF has

been shown in Table 2. The values were decided

empirically. The algorithm was initialized with all
weight values set randomly within the range 0 to 1.

Assign the n-m population
to generate new solution

Fig.1:
MOBA

C Start )
4

| minal population (n) and paramater |
|

[ obiective function evaluation |

Search nondonunated soluton from amtial solution and find m site by
FCM

Select best side (£) by Select other sleeted (m-e)
vemg compromise fuzzy side

Generate solution around Generate solution around
best side best side

[ owiective function evaluatian |

Search nondonunated solution from all solution and if over limit using
FOM

4
No T T T
g
i ershiod
I Yes
C s D

Computation flow chart of the proposed

Fig.2: IEEFE 30-bus system

Table 1: Fuel cost and emission coefficients
., | Cost Coefficients Emission Coefficients
Unit

a| b C o Bi Vi &i A
1 0 [2.00| 0.0038 |4.09|-5.554|6.49 | 2.0E-4 | 2.86
2 0 [1.75| 0.0175 |2.54|-6.047|5.64 | 5.0E-4 | 3.33
3 0 | 1.00| 0.0625 [4.26 |-5.094 |4.59|1.0E-6 | 8.00
4 0 |3.25] 0.0083 |5.33|-3.550|3.38 | 2.0E-3|2.00
5 0 [3.00] 0.0250 |4.26 |-5.094 |4.59|1.0E-6 | 8.00
6 0 [3.00] 0.0250 |[6.13|-5.555|5.15|1.0E-5|6.67
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The BA-OPF is tested to 100 runs for solving the
single objective OPF problem. The best solution of
individual cost function and emission function, when
are optimized individually using BA-OPF is shown in
Table 3, with following setup: population = 20, patch
size = 0.01, maximum iteration = 50.

Table 2: Estimated rate, Reyva (D) in (12), and
empirical average encoding rate of SVQZg at various

step sizes
Bees Method parameters | Symbol [ BA-OPF| MOBA
Population N 20 40
Number of selected sites m 5 7
Number of elite site e 1 1
Patch size ngh 0.01 0.01
Number of bees around
elite site nep 15 10
Number of bees around 1 5
other selected site nsp
.Ma"“f““m number of itermax 50 50
iteration
Per.lalty factor of slack bus Kp 100 100
active power
Pena%ty factor of slack bus Ko 100 100
reactive power
Penal‘ty factor of voltage Ky 100,000 | 100,000
magnitude
Penalty factor of ~ Ks | 100,000 | 100,000
transmission line loadings

Table 3: Rejass(D)4 corresponding to Table 4 (bits
per sample)

Variable Limit Best Result
Lower Upper Fuel cost Emission cost

Pgi (MW) 50 200 176.467 65.016
PGz(MW) 20 80 48.736 66.980
Po3(MW) 15 50 21.730 49.979
PG4(MW) 10 35 21.272 35.00
Pos(MW) 10 30 12.128 30.00
Pgog(MW) 12 40 12.532 40.00
Vgi(p.u.) 0.95 1.05 1.050 1.037
Vga(p.u.) 0.95 1.10 1.035 1.000
VGs(p.u.) 0.95 1.10 0.949 1.019
Vgg(p.u.) 0.95 1.10 0.947 0.998
lel(p‘u') 0.95 1.10 0.961 0.953
VGia(p-u.) 0.95 1.10 0.961 0.953
T1q 0.90 1.10 0.949 1.019
T2 0.90 1.10 0.947 0.998
Ti5 0.90 1.10 0.961 0.953
T3ge 0.90 1.10 0.961 0.953

Fuel cost (8/h) 802.305 944.172
Emission (ton/h) 0.364 0.2049
Transmission losses (MW) 9.467 3.585
CPU time (sec) 16.34 16.10

Performance of BA-OPF

‘Worst 803.364 0.2052

Average 802.601 0.2051

Best 802.305 0.2049

Standard deviation 0.228 0.00008

For comparison purpose, the results using evolu-
tionary programming algorithm (EP) [22] and modi-
fied differential evolution algorithm (MDE) [25] com-
paring to single objective result of BA-OPF are shown
in Table 4. The simulation results show that the BA-
OPF has obtained the least cost of all. The perfor-
mance of BA-OPF shows that it has good solution in
each run. The convergence of BA-OPF solutions are
individually shown in Figure 3 for single objective of
fuel cost [31] and Figure 4 for single objective of emis-
sion. The fast convergence of the BA-OPF technique
is quiet evident as it take only few iteration to reach
the optimal solution.
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Table 4: Comparison between Reya(D in (12)
and average rate using REg in AMR-WB+
. EP MDE
Variable [22] [25] BA-OPF
PG (MW) 173.84 | 175.974 | 176.467
Pg2(MW) 49.998 48.884 48.736
Pg3(MW) 21.386 21.510 21.730
Pga(MW) 22.630 22.240 21.272
Pgs(MW) 12.928 12.251 12.128
Pio(MW) 12.000 | 12.000 12.532
Total generation (MW) | 292.79 | 292.859 292.865
Fuel cost (3/h) 802.62 | 802.376 | 80.305
Losses (MW) - 9.459 9.467
CPU time (sec) 51.4 23.07 20.03
Population 20 18 20
Iteration 50 160 50
B30 T 1 1 1 T T T 1
825
_ 820
&
E 815
g
[
810
BOS | S e

800

5 10 15 20 25 30 35 40 45 50
Iteration

Fig.3: Convergence fuel cost of BA-OPF
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[ i
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i

@
T

Emission {torvhr)

; H
5 10 15 20 25 30 35 40 45 50
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Fig.4: Convergence Emission of BA-OPF

5.2 Results of Multiobjective Optimization
using Proposed MOBA

In this study, the proposed MOBA technique has
been developed in order to make it suitable for solving
nonlinear constraints optimization problem. A pro-
cedure checks the feasibility of the candidate solution
in all stage of the search process. This ensures the
feasibility of the non-dominated solution.

The parameter of MOBA with following setup:
population ng = 40 , number of m site = 7, num-
ber of bees around m — e site = 5 , number of elite
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site e = 1 , number of bees around elite site = 10
, patch size = 0.1 , maximum iteration = 50. The
parameters of MOBA were shown in Table 2. The
maximum size of the Pareto-optimal set was selected
as 50 solutions.

To demonstrate the effectiveness of the proposed
MOBA technique, 30 different optimization runs have
been carried out in MOBA. The best solution is
shown in Table 5. It is quite evident that the propose
MOBA gives good results. For different optimization
runs with 50 non-dominated solutions per run, the
total 1500 non-dominated solutions can be obtained
by MOBA. The FCM are employed for reducing non-
dominated solution in each run to 25 non-dominated
solutions. The minimum fuel cost and emission from
best solution using MOBA are compared with single
objective of BA-OPF as shown in Table 5.

Table 5: Results of the comparison based on the
modified modeling
Variable Best Minimum [Minimum
Compromise| Fuel Cost | Emission
Pg1(MW) 11.749 173.1535 63.7720
Pc2(MW) 56.1260 49.2461 69.5016
Pcs(MW) 29.0751 21.0882 49.8207
Pcas(MW) 32.9166 25.3907 34.8865
Pcos(MW) 25.8106 11.8151 29.8560
Pce(MW) 33.9545 12.0775 39.8835
Vai(p.u.) 1.0365 1.0497 1.0317
Vga(p.u.) 0.9781 1.0167 0.9702
Vas(p.u.) 1.0365 1.0121 1.0099
Vas(p.u.) 1.0460 1.0352 1.0099
Vaii(p-u.) 1.0692 1.0219 1.0368
Vais(p-u.) 1.5096 1.0303 0.9611
Ty 0.9327 0.9990 0.9898
Ti2 1.0026 0.9686 1.0140
Tis 1.0426 0.9983 1.0915
T3¢ 1.0454 0.9688 0.9075
Fuel cost (3/h) | 846.3703 802.954 | 948.709
Emission .
(tom/h) 0.2690 0.3556 0.2054
Losses (MW) 6.2422 9.3829 4.3304
CPU time (sec) 35.82
Minimum solution of single objective
Fuel cost (3/h) - 802.305 | 044.172
Emission
(ton/h) - 0.364 0.2049

The comparison result shows that fuel and emis-
sion costs of MOBA are nearly the same as those
of BA solving single objective OPF problem (BA-
OPF). Figure 5 shows Pareto-optimal fronts of the
best solution, which have been searched by proposed
MOBA. It can be seen that the non-dominated solu-
tions obtained by proposed MOBA span over the en-
tire Pareto-optimal fronts. Figure 6 and 7 show con-
vergence of fuel cost and emission, which have been
searched by proposed MOBA.

T

Muti-objective optimal power flow using MOBA
950 T T T 1 T T ‘

: : : : % Pareto front
O Compomise solution
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Fig.5: Pareto-optimal fronts of the proposed MOBA
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Fig.6: Convergence fuel cost of proposed MOBA
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6. CONCLUSION

The paper has employed a multiobjective bees al-
gorithm (MOBA) to solve the MOOPF problem with
many constraints in IEEE 30-bus system. A cluster-
ing technique is implemented to provide the opera-
tor with manageable Pareto-optimal set. The results
show that the proposed approach is efficient and high
quality for solving MOOPF problem, which multi-
ple Pareto-optimal solutions can be found in a sin-
gle run. In addition, the non-dominated solutions
are well-distributed and have satisfactory diversity
characteristics. In the future, efforts will be made
to incorporate with more objective functions to the
problem structure, which will be attempted by the
proposed methodology.
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