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Abstract 

Optimal reactive power flow (OPRF) reduces power system losses and provides better 

system voltage control by adjusting the reactive power control variables. It has significant 

influence on economic and secure operation of power systems. In this article, an improved 

biogeography-based optimization algorithm based on local search strategy (ILSBBO) is 

presented for solving optimal reactive power flow. The proposed method integrates local 

search strategy and selection operation of differential evolution (DE) with migration operator 

in original BBO to improve the efficiency of migration and overcome the premature 

convergence in BBO algorithm.  It has been applied to standard IEEE 30-bus and IEEE 118-

bus test systems, and the comparison results show that the proposed approach is feasible and 

efficient. 

 

Keywords: Power system, biogeography-based optimization algorithm, local search 

strategy, reactive power flow problem 

 

1. Introduction 

Optimal reactive power flow (ORPF) aims to minimize the real power loss, improve the 

quality of voltage, while satisfying a set of operational and physical constraints. It determines 

controllable variables such as the terminal voltages at the voltage controlled buses, the tap 

ratio of the tap changing transformers and the output of shunt VAR compensators, etc. to 

obtain an optimal state of power system [1]. ORPF is a complex combinatorial 

optimization problem, which involve nonlinear functions, and has multiple local 

minima and nonlinear and discontinuous constraints [2]. Since optimal power flow 

(OPF) was first proposed by J.CarPentier in 1962, there are many optimization 

techniques have been applied in this field. Traditional methods like Nonlinear 

programming (NLP), Linear programming (LP),Newton-based method, interior point 

methods (IPM) and Quadratic programming (QP). Evolutionary algorithms (EAs) like 

Genetic algorithm (GA) [3]and Evolutionary programming (EP). Others like Simulated 

annealing approach (SA) [4]. Bio-inspired computing algorithms like Particle swarm 

optimization (PSO) [5, 6], Ant Colony Search algorithm(ACS) [7], Artificial Neural 

Network(ANN)[8] and Differential evolution(DE)[9, 10]. 

Biogeography-Based Optimization (BBO) algorithm is a new kind of population-based 

global optimization method, which was first proposed by D.Simon in 2008 [11]. As in other 

population-based algorithms, in BBO, individuals are represented by islands (or habitats), and 

genes are represented by geography features in these islands, through simulating species 

distribution characteristics, information can be shared by probability-based migration among 
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individuals. Therefore, poor individuals can be improved after getting new feature 

information from good ones. It has been improved that compared with other EAs, BBO has a 

better performance. And it also have been applied successfully for solving ELD problems 

[12-16], OPF problem [17-19], and ORPF problem [2]. 

In order to exploit the exploration and the exploitation capabilities of BBO, and quickly 

obtain an optimal solution when applied to OPRF, enlightened by DEBBO (a hybrid 

technique combining DE with BBO) [20-22], this article presents an improved BBO method 

which is referred to as improved biogeography-based optimization algorithm based on local 

search strategy (ILSBBO). By integrating a local search strategy from DE with migration 

operator of BBO, and adding a selection operator to BBO, the ILSBBO can quickly find high 

quality solutions. The performance of the proposed method has been tested on IEEE 30-bus 

and IEEE 118-bus systems. Simulation results show that the proposed approach converges to 

better solution faster than other compared methods in both cases. 

The organization of this article is as follows. Section 2 is the introduction of ORPF. 

Section 3 is a description of both BBO and ILSBBO. Section 4 is the application of ILSBBO 

on ORPF. Section 5 is the simulation results and analysis. Section 6 is the concluding remarks. 

2. ORPF Problem Formulation 

The optimal reactive power flow problem is a large nonlinear programming problem with 

multivariable and numerous equality and inequality constraints. Mathematically OPRF 

problem can be represented as: 

 

 

 

 ,

  ,  0

,  0

Min J x u

Subject to g x u

h x u




                                                (1) 

J is the objective function to be minimized. To minimize the system active power loss, the 

objective function can be described as [23]: 
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                    (2) 

Where, Gij and Bij are the mutual conductance and susceptance between bus i and bus , Gii 

and Bii are the self-conductance and susceptance of bus i respectively, Vi is the voltages of bus 

i and Vj is the voltage connected with bus I, ij  is the voltage angle difference between bus i 

and j,NB is the total number of buses. 

u is the set of control variables. In this work, u is represented as Eq.(3). It includes: the 

terminal voltages at the voltage controlled bus VG, the tap ratio of the tap changing 

transformers Tk, and the output of shunt VAR compensators Qc, which can be adjusted and 

controlled by operators. 

G1 G2 GNG k1 k2 kNT C1 C2 CNQCV , V , V , T ,T , T , Q ,Q , Qu                        (3) 

Where, NG is the number of generators, NT is the number of tap changing transformers 

and NQC is the number of shunt VAR compensators. 

x is the set of dependent variables. It includes the active power of slack bus PG1, the 

voltages of PQ bus V, the reactive power output of generators QG.  
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G1 1 2 NPQ G1 G2 GNGP ,V ,V , V , Q ,Q , Qx                                          (4) 

Where, NPQ is the number of PQ bus. 

g(x, u) =0 is equality constrains. The power flow equations are the most fundamental 

equality constraints that the power system must satisfied. 

For each PQ bus and PV bus: 

0)sincos(   ijijijijji

spe

i BGVVP  , （ 1, NBji ）                (5) 

For each PQ bus: 

0)cossin(   ijijijijji

spe

i BGVVQ   ,  （ NPQji , ）                (6) 

NB-1 means slack bus is not considered in flow calculation [24]. 
spe

iP and 
spe

iQ are the specified 

active power and reactive power of bus i respectively, they can be described as: 

LiGi

spe

i PPP                                                                               (7) 

     LiGi

spe

i QQQ                                                                               (8) 

The installation of shunt capacitors in electricity contributes to releasing system capacity 

and improving voltage level[4].Considering the input of shunt VAR compensators, the 

specified reactive power in certain buses should include the output of shunt VAR 

compensators, thus in those buses, the specified reactive power can be described as: 

CiLiGi

spe

i QQQQ  ,          （ NQci ）                                 (9) 

Where, PGi and QGi the active and reactive power output of the generator in bus i, PLi 

and QLi are the active and reactive power demand at bus I, Gij and Bij are the transfer 

conductance and transfer susceptance between bus i and j (p.u.), Qci is reactive power 

generated by ith capacitor bank. 

h(x,u) ≤0 is a set of inequality constrains, which include: 

1) Generator constraints  

        
maxmin

GiGiGi PPP                                         GSi                        (10) 

maxmin

GiGiGi QQQ                                         GSi                        (11) 

Where 
max

GiP and 
min

GiP are upper and lower limits of GiP , 
max

GiQ  and 
min

GiQ are upper and lower 

limits of GiQ , SG is the set of generator buses. 

2) Voltage constraints 

For all network buses, the voltages must be restricted within their permissible lower and upper 

limits. 

maxmin

iii VVV                                          BSi                       (12) 

max

iV and 
min

iV are the upper and lower limits of voltage in bus i; SB is the set of buses. 
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3) Transformer constraints 

maxmin

TiTiTi KKK                                         TSi                       (13) 

Where TiK is the ith adjustable transformer, 
max

TiK and 
min

TiK are the upper and lower limits. ST 

is the set of voltage regulating transformer. 

4) Shunt VAR compensator constraints 

Capacitor can only provide reactive power to the system, while the shunt reactor can only 

absorb reactive power, the reactive power the provided or absorbed is proportional to their 

terminal voltage as follows: 

            
2

iCiCi VBQ                                                                         (14) 

 

maxmin

CiCiCi QQQ                                         CSi                         (15) 

Where, CiB is the susceptance ,and 
max

CiB 、
min

CiB are the upper and lower limit of CiB . SC is the 

set of buses which have the installation of shunt VAR compensators. Usually, the quadratic term 

are considered as 1, thus the compensations can be described as:   

CiCi BQ                                                                (16) 

In most of non-linear optimization problems, the constraints are considered as terms in the 

objective function to make the final optimal result more precise. In ORPF, the inequality 

constraints of the dependent variable are incorporated with the objective function as quadratic 

penalty terms. Therefore, the objective function is modified to: 
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Where p ， V ， Q are the penalty factors, 
lim

1GP ,
lim

LiV and 
lim

GiQ are defined as:  
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3. Overview of BBO and ILSBBO 

Biogeography is a new kind of evolutional algorithm based on biogeography theory. 

In the context of biogeography, habitats are isolated from others, and the distribution of 

species among different habitats depend on their suitability index variables (SIVs), 

which include factors such as water resource, diversity of vegetation, diversity of 

topographic features, and etc. SIVs are considered as the independent variables of the 

habitat and be used to calculate habitat suitability index (HSI). Habitat with a high HSI 

tends to have a large number of species. Also, there are more species to emigrate to 

other habitats when the habitat is too crowed. On the country, in a habitat with lower 

HSI, a smaller number of species can live and few species can move out of it.  

 

3.1 BBO Algorithm 

Supposing all individuals in a population have the same total capabili ty of species, 

and the largest number of species is Smax. Based on different SIVs, each habitat has its 

own emigration rate and immigration rate. Through migration operation, individuals 

can share information with others. For instance, habitats with low HSI may get better 

feature (SIV) information, and thus be improved. In this process, the features selected 

from high HSI habitats do not disappear. Figure 1 illustrates a model of species 

abundance in a single habitat [25]. I is the maximum immigration rate, which occurs 

then there are no species in the habitat. E is the maximum emigration rate, which occurs 

when the habitat is completely saturated with species. 
 

 

Figure 1. Species model of a single habitat 
 

Similar as other population-base algorithm, suppose an optimal problem has a 

population of candidate solutions and the set of solutions can be quantified by fitness 

function like HSI. Thus, good solutions are analogous to habitats with high HSI, and 

poor solutions are equivalent to habitats with low HSI [26]. Through sharing features 

information between good and poor solutions, a poor solution can obtain lots of good 

features and may become to a better ones, and a good solution can also be improved by 

features which from other better solutions than itself. Ps(t) denotes the probability that 

a habitat contains exactly s species at time t, then at t+△t , Ps changes to: 

tPtPtttPttP ssssssss   1111)1)(()(                 (21) 

Smax S1 S2 

E=I 

emigration 
immigration 

rate 
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Where, λand μare immigration rate and emigration rate respectively when there are s 

species in the habitat. If t is small enough so that the probability of more than one immigration 

or emigration can be ignored, then taking the limit of Eq.(21) as 0t  ， there are three 

different situations listed in Eq.(22). 
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When the number of species is given as s=k, then 

max

*
k

E k

S
  ， )1(
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k
Ik                                         (23) 

When IE  , Ekk   . 

BBO concept is mainly based on migration and mutation. The migration operator can be 

described as: 

 

For i=1to NP  

     Select a habitat Xi with habitat modification probability Pmod ; 

     If Xi is selected 

        For j=1to D  

          Select SIVs  ,iX i j  use immigration rate λi ; 

          Select a habitat Xk with μi , from which to obtain a feature  ,kX i j ; 

           Replace  ,iX i j with  ,kX i j ; 

         EndFor 

     EndIf 

EndFor  

 

Where Pmod is a habitat modification probability, with which each solution can be modified 

based on other solutions.  

In BBO, species count probabilities Ps indicates the likelihood that it exists as a solution for a 

given problem. It is used to determine mutation rates, and can be calculated by Eq. (22). By the 

mutation of SIV, the diversity of the population can be increased. The mutation rate m(xi) is 

inversely proportional to the solution probability, and can be calculated by Eq. (24). 

)
)(1

()(
max

max
P

sP
mxm i

i


  (24) 

Where, mmax is a user-defined parameter, and Pmax = max Pi, i=1,2,…NP, NP is the total 

number of population. The mutation operator can be described as: 

 

For i=1 to NP  

   Use  si  and  si  to compute the probability  P si ;  

    Select  ,X i j  with  P si ; 

    If  ,X i j is selected 



International Journal of Control and Automation 

Vol.7, No.3 (2014) 

 

 

Copyright ⓒ 2014 SERSC            167 
 

       Replace  ,X i j with a randomly generated SIV ; 

    EndIf 

EndFor  

 

Where NP is the total number of individuals, j=1,2,…D, D is the dimension of the individuals, 

rand (0, 1) is a uniformly distributed real random number in (0, 1).  

 

3.2 DELSS 

Differential evolution (DE) algorithm is a global search approach with randomness, 

parallelism and directness. It has a good exploiting ability and can effectively search in 

decision variables space [25]. DE has three main operators: mutation, crossover and selection. 

Mutation procedure generates new offspring called mutated individual based on the 

differences between parent individuals and a ''scaling factor''. Crossover represents a typical 

case of a ''genes'' exchange. The parent individual is mixed with the mutated individual to 

create a trial individual. Selection procedure is used among the set of trial individuals and the 

parent individuals to choose the best ones to form the new population. It has been proved that 

DE can yield better and faster solution, satisfying all the constraints. But when complexity 

and scale of the system increase, with the increasing of iteration, the difference between 

individuals reduce, and the diversity of the population decrease, the speed of the method may 

slow down and can not converge to an idea solution. To overcome this drawback, [27] 

proposed Differential Evolutionary Algorithm with a New Local Search Strategy (DELSS). 

The main improvement is as following: 

Supposing the current evolution population is Pop, the best solution is X
G

best 。  Select an 

individual Xi randomly, Xi∈Pop,Xi=(X1,X2,…,XD)， calculate the new individual X
G
′best with Eq. 

(25).         

' ( ) ( 1,1)*( ( ) ( ))G G G

best best best iX X j R X j X j    ，       j=1,2,…, D        (25) 

Where, R(-1,1) is an uniformly distributed real random number. Replacement of the worse 

individual with the new generated individual helps to jump out of the local optimum. 

Motivated by DELSS, an improved biogeography-based optimization algorithm based on 

local search strategy (ILSBBO) is proposed in this article. 

 

3.3 ILSBBO 

In the original BBO, the emigration rate and immigration rate are used to determine where 

to emigrate and from where to get immigration. The habitat which has high HSI has a high 

probability of emigrating rate to emigrate to other habitats. On the other hand, habitats with 

low HSI have high probability to get immigration. However, for those low HSI habitats, the 

features obtained are not always better than their own. If the poorer features were immigrated 

to a habitat, the HSI of the habitat would decrease. That means before the optimal solution 

could be found ultimately, there are plant of time was wasted on migration operator. Also, 

this migration operator may lead to premature convergence. In ILSBBO, the features selected 

with migration rate are modified to enhance the efficiency of the migration operation and 

avoid those problems. 

There are two different modification strategies. 

Strategy 1: Supposing a feature selected with emigration rate is X(select, j) , modified with 

Eq.(26), then replace X(k, j). Where X(k, j) is the jth feature in kth individual which is selected to 
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be modified; r1 is a uniformly distributed real random number between (0,1); Xr1 is an randomly 

selected individual. The new generated feature can be considered as an offspring of X(selected, j) 

and a random Xr1, it has nothing to do with original Xk, differs from Xselected, but has the 

information of Xselected. 

)),1(),((*)1,1(),(),( jrXjselectedXRjselectedXjkX  ，j=1,2,…,D    (26) 

Strategy 2: Each habitat has its own geography characteristics, which determines the states 

of SIVs. Thus, the features information obtained from other habitat will present to be some 

new states which are different from their original states. Based on this, in the new migration 

process, using Eq.(27) to modify the selected feature, instead of changing X(k, j) directly with 

X(selected, j). The new feature generated by the migration operator has both feature 

information from both X(k, j) and X(selected, j). 

)),(),((*)1,1(),(),( jkXjselectedXRjselectedXjkX  ，j=1,2,…,D            (27) 

The modified migration operator with strategy 1 is described in the following: 
 

 For i=1 to NP 

Select a habitat Xi with habitat modification probability Pmod ; 

   For j=1 to D 

Select a feature in Xi with the probability of i ; 

       If rand < i  

Select a habitat Xr1 randomly; 

Select another habitat Xk with the probability of i  ,from which to obtain features;  

If rand < i  

Modify the selected feature from Xselected by using Eq. (26) to obtain a trial individual; 

Else U(i, j)=X(i, j); 

EndIf 

     EndIf 

  EndFor 

 EndFor 

 

With the modification, the migration operator can not only maintain the ability to utilize 

information but also increase the diversity of the population and help the algorithm escape 

from the local optimum. 

In this article, a selection operation is also added to make the migration more efficient. In 

the selection operation, original population is considered as father population, and changes 

during the iteration. The modified individuals form a new population, which is called trial 

population. After migration and mutation operators, individuals in the trial population are 

compared with their parent individuals one by one to check if they have been improved. If an 

individual was better than its father individual, it would replace the father one to the next 

generation, else it would be abandoned. 

It has been improved in [28] over 13 benchmark functions that ILSBBO have better 

performance than both original BBO and DE/BBO. 
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4. ILSBBO Implementation in ORPF Problem 

To verify the effectiveness and efficiency of the proposed ILSBBO based reactive power 

optimization approach, two power systems are used as the test systems. Main steps of the 

application can be described as follows, and the detail in the next section. 

Step 1:  Some parameters of BBO should be defined firstly such as the size of population, 

the migration rates and the maximum mutation rate, step size for numerical integration dt, 

maximum number of iteration and the number of elite habitats. 

Step 2:  Read the original data of the test system such as the number of control variables 

and their limits, and etc. The number of control variables is used to define the dimension of 

the individual. The limits of control variables are used to make sure the SIVs is within the 

search space. A set of candidate solutions randomly created in the D-dimensional space, and 

each habitat in biogeography represents a candidate solution. SIVs in each habitat are 

represented as Eq. (28). 

G1 G2 GNG k1 k2 kNT C1 C2 CNQCV , V , V , T ,T , T , Q ,Q , Qu                                 (28) 

Where, NG is the number of generators, NT is the number of tap changing transformers and 

NQC is the number of shunt VAR compensators. VG are continues variables, Tk and Qc are 

discrete variables.  

Step 3: Run the Newton-Raphson (NR) load flow program using these SIVs and determine 

the dependent variables of Eq.(4) to check whether they satisfy the inequality constraints of 

Eq.(11),and Eq.(12). If the values of dependent variables for any habitat set do not satisfy 

these constraints, then calculate the amount of violation of each dependent variable from their 

respective operating limits. 

Step 4:  Compute the HSI (fitness) for each habitat set. Fitness function is directly called 

from the objective function. Dependent variables of Eq.(4) are restricted by adding their 

violations as the quadratic penalty terms to the objective function. 

Step 5:  Based on HSI to calculate species count of each habitat to given emigration rate 

and immigration. 

Step 6:  Based on the HSI value, elite habitats are identified. Here elite habitats are those 

whose HSI values are best in the population. 

Step 7:  Migration operation is performed probabilistically among those non-elite habitats 

to create new habitats. Here the modified migration operation (strategy 1 or strategy 2)is used. 

Step 8:  Mutation operation is performed probabilistically on the worst half of the habitats. 

After the migration and mutation operation, the modified population is called trial population, 

and do not enter the next iteration directly. 

Step 9: Check the feasibility of each habitat in trial population. If any of the newly 

generated SIVs does not satisfy the operational constraints of ORPF problem, using the 

following method to map them to the set of feasible solutions. 

Suppose Xi is the ith SIV, which is changed after migration and mutation. Ximax and Ximin are the 

upper and lower operating limit of Xi respectively. The operating limit constraints are satisfied in 

the following manner: 

If  Xi > Ximax 

Xi = Ximax ; 
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Else if Xi <Ximin 

Xi =Ximin  

Else  

Xi =Xi  

EndIf 

Step 10: If the newly generated SIVs are feasible, then use the selection operation to 

determine whether the new individual can replace its parent to enter the next iteration. 

Step 11: Go to step 3 for the next iteration. The loop is terminated after a predefined 

number of iterations Igermax. 
 

5. Simulation Results 

In this section, ILSBBO is applied for minimization of active power loss in two different 

test systems, IEEE 30-bus test system and IEEE 118-bus system. The program has been 

implemented in Matlab R2010a and the numerical tests are carried on a Core Ⅱ 2.93GHz 

computer with 2.93 GB RAM. These parameters have been settled for all cases: habitat 

modification probability is 1,immigration probability bounds per gene= [0,1],step size for 

numerical integration is 1, maximum immigration I and emigration rate E for each island is 

1,the number of elite habitat p is set to 2 and mutation probability is 0.005. 

 

5.1 Description of IEEE 30-bus Test System and Simulation Results 

The original data of 30-bus power system is the same as [29].The system consists of 41 

branches, 22 load-buses. The generator-buses are 1, 2, 5, 8, 11, and13 respectively, in which 

bus 1 is selected as slack bus and the others are PV-bus. 4 branches (6-9, 6-10, 4-12, 27-28) 

are under load tap setting transformer branches. The transformer rate limit is 0.9-1.1, with the 

changes step of 0.025. The reactive power source installation sources are selected at buses 10, 

12, 15, 17, 20, 21, 23, 24, and 29. The limit of shunt VAR compensating devices is 0.0-5.0 

per-unit with the changes step of 0.01. The voltages on all load bus and generator buses have 

been constrained with the limits of 0.95 -1.1 per-unit. The total power demand of the system 

is 2.834 per-unit on 100 MVA base.The active and reactive power of generators buses have 

been listed in Table 1. 

 

Table 1. Limitation of generators power output 

 P1 P2 P5 P8 P11 P13 Q1  Q2 Q5 Q8 Q11 Q13 

Lower 50 20 15 10 10 12 -20 -20 -15 -15 -10 -15 

Upper 200 80 50 35 30 40 200 100 80 60 50 60 

 

In this case, the habitat size is set to 50, the total number of generation times is 300. For the 

fairness in comparison, the random number R in both strategy 1 and 2 are get in the same pre-

prepared matrix. Each method was executed 100 times when applied to the test system. Table 

2 lists the best and the worst active power loss results together with average execution time. 

It can be seen that ILSBBO with both modified strategies are faster than BBO, especially 

the improved method with strategy 1. However, compared with ILSBBO s1(ILSBBO with 

modified strategy 1), ILSBBO s2(ILSBBO with modified strategy 2) can converge to an 

optimal solution with fewer iteration times. Also, BBO and ILSBBO s2 show better 

consistency by keeping the difference between the best and worst solutions. The convergence 
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characteristics and the profiles of voltage are shown in Figure 2. It clearly shows that the 

proposed method can not only discover higher quality solution with fewer iteration times but 

also improve the voltage profile. 

The optimum setting of the control variables and power loss obtained from the above 

settings are presented in Table 3. It also shows the initial settings of control variables from 

[30]. Initially, the real power loss was 0.05812.  The loss value obtained by BBO algorithm is 

0.045511 and by ILSBBO algorithm are 0.045683 and 0.045217 respectively. Thus loss 

reductions of 21.3988% and 22.2006% from initial values are achieved by ILSBBO. 

 

Table 2. Comparison of simulation results in 30-bus system 

Methods Active Power Loss (p.u) Time(sec.) 

Max. Min. Average  

BBO 0.0494 0.0458 0.0483 87.9097 

ILSBBO(strategy1) 0.0506 0. 0457 0.0476 48.4140 

ILSBBO(strategy2) 0.0486 0.0451 0.0456 78.6605 

 

 

 

Figure 2. Simulation results on IEEE 30-buses(1) 
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5.2. IEEE 118-bus Test System and Simulation Results 

To test the potential of BBO and ILSBBO algorithms in solving larger systems, a standard 

IEEE 118-bus test system is considered. The system has 54 generator buses, 64 load buses, 

186 branches and 9 of them are with the tap setting transformers. The line and bus data and 

their limits are given in [30]. The limits of voltage on generator buses are 0.95-1.1 per-unit., 

and on load buses are 0.95-1.05 per-unit. The limit of transformer rate is 0.9-1.1, with the 

changes step of 0.025. The limitations of reactive power source are listed in Table 4, with the 

change step of 0.01. 
 

 

Figure 3. Simulation results on IEEE 118-buses 

 
Table 3. The simulation results of control parameters on IEEE 30-buses(p.u.) 
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Table 4. Limitation of reactive power sources  

 

 

Table 5. Comparison of simulation results in 118-bus system 

 
 

In this case, the number of population is increased to 120 to explore the larger solution 

space. The total number of generation times is set to 200. The statistical comparison results of 

50 trial runs have been list in Table 5. Here the results of PSO and CLPSO from [5] are also 

listed. Under the initial operating condition, system loss is 141.84MW (Megawatt), after 

operating with the set of approaches, it can be reduced to a better level. The loss reductions 

are 8.19% obtained by BBO, 8.08% by ILSBBO s1, and 8.90% by ILSBBO s2.  Both BBO 

and ILSBBO can generate better solution with the bigger possibility than PSO and CLPSO. 

ILSBBO s1 costs least iteration time among these methods. However, its consistency between 

the best solution and the worst solution is not as good as initial BBO and ILSBBO s2. Figure 

3 shows the variation of the power loss, it is clear that ILSBBO s2 has good convergence 

property. 

 

6. Conclusion 

In this paper, the ILSBBO is proposed to solve ORPF problem for minimization of active 

power loss. The performance of the proposed method has been evaluated on the IEEE 30-bus 

and IEEE 118-bus power systems, and the comparison results show that ILSBBO is able to 

find the optimal solution with better performance than original BBO. The modified migration 

strategy takes island proximity and the variation between islands into account, and makes the 

migration operator more efficient. The future research is about the effect of random factor R 

on this method, and the proximity among islands can extent to larger scale to take a good use 

of information using ability of BBO. 

 

Acknowledgements 

This research is partly supported by National Natural Science Foundation of China (61203021) and 

Liaoning Provincial Natural Science Foundation (2013020024). 

 



International Journal of Control and Automation 

Vol.7, No.3 (2014) 

 

 

174                    Copyright ⓒ 2014 SERSC 

 

References 
 
[1]  B. Zhao, C. Guo and Y. Cao, “A multiagent-based particle swarm optimization approach for optimal reactive 

power dispatch”, IEEE Transactions on Power  Systems, vol. 20. No. 2, (2005), pp. 1070-1078. 

[2] A. Bhattacharya and P. Chattopadhyay, “Solution of optimal reactive power flow using biogeography-based 

optimization”, International Journal of Energy and Power Engineering, vol. 3, no. 4, (2010), pp. 269-277. 

[3]  A. Bakirtzis, P. Biskas, C. Zoumas and V. Petridis, “Optimal power flow by enhanced genetic algorithm”, 

IEEE Transactions on Power Systems, vol. 17, no. 2, (2002), pp. 229-236. 

[4] C. Antunes, P. Lima, E. Oliveira and D. Pires, “A multi-objective simulated annealing approach to reactive 

power compensation”, Engineering Optimization, vol. 43, no. 10, (2011), pp. 1063-1077. 

[5] K. Mahadevan and P. Kannan, “Comprehensive learning particle swarm optimization for reactive power 

dispatch”, Applied soft computing, vol. 10, no. 2, (2010), pp. 641-652. 

[6]  B. Mozafari, A. M. Ranjbar and T. Amraee, “A hybrid of particle swarm and ant colony optimization 

algorithms for reactive power market simulation”, Journal of Intelligent and Fuzzy Systems, vol. 17, no. 6, 

(2006), pp. 557-574. 

[7]  J. Soares, T. Sousa, Z. Vale, H. Morais and P. Faria, “Ant colony search algorithm for the optimal power 

flow problem”, Power and Energy Society General Meeting, IEEE, (2011), pp. 1-8. 

[8]  E. Vignesh K and D. A. Selvi B, “Optimal power flow using hybrid technique and ANN with FACTS 

controller”, Journal of Intelligent and Fuzzy Systems, (2013), July 31. 

[9]  S. Ramesh, S. Kannan and S. Baskar, “An improved generalized differential evolution algorithm for multi-

objective reactive power dispatch”, Engineering Optimization, vol. 44, no. 4, (2012), pp. 391-405. 

[10]  C. Huang, S. Chen, Y. Huang and S. Yang, “Optimal active-reactive power dispatch using an enhanced 

differential evolution algorithm”, The 6th IEEE Conference on Industrial Electronics and Applications 

(ICIEA), (2011), pp. 1869-1874. 

[11] D. Simon, “Biogeography-based optimization”, IEEE Transactions on Evolutionary Computation, vol. 12, no. 

6, (2008), pp. 702-713. 

[12] A. Bhattacharya and P. Chattopadhyay, “Non convex economic load dispatch problem solution using 

biogeography-based optimization”, The 8th International Conference on Advances in Power System Control, 

Operation and Management (APSCOM), IET, (2009),  pp. 1-6. 

[13] P. Roy, S. Ghoshal and S. Thakur, “Biogeography based optimization to solve economic load dispatch 

considering valve point effects”, World Congress on Nature \& Biologically Inspired Computing (NaBIC), 

IEEE, (2009), pp. 1213-1218. 

[14]  M. Gupta, N. Gupta, A. Swarnkar and K. Niazi, “Network constrained economic load dispatch using 

biogeography based optimization”, Students Conference on Engineering and Systems (SCES), IEEE, (2012), 

pp. 1-4. 

[15]  A. Bhattacharya and P. Chattopadhyay, “Biogeography-based optimization for different economic load 

dispatch problems”, IEEE Transactions on Power Systems, vol. 25, no. 2, (2010), pp. 1064-1077. 

[16]  P. Roy, S. Ghoshal and S. Thakur, “Biogeography based optimization technique applied to multi-constraints 

economic load dispatch problems”, Transmission \& Distribution Conference \& Exposition: Asia and Pacific, 

IEEE, (2009), pp. 1-4. 

[17] J. Chen and D. Yang, “Optimal power flow optimization based on bio-inspired computing”, International 

Conference on Communications and Mobile Computing (CMC), IEEE, vol. 1, (2010), pp. 195-199. 

[18] A. Bhattacharya and P. Chattopadhyay, “Application of biogeography-based optimisation to solve different 

optimal power flow problems”, Generation, Transmission \& Distribution, IET, vol. 5, no. 1, (2011), pp. 70-

80. 

[19]  R. Rarick, D. Simon, F. Villaseca and B. Vyakaranam, “Biogeography-based optimization and the solution of 

the power flow problem”, IEEE International Conference on Systems, Man and Cybernetics (SMC), IEEE, 

(2009), pp. 1003-1008. 

[20] W. Gong, Z. Cai and C. Ling, “De/bbo: a hybrid differential evolution with biogeography-based optimization 

for global numerical optimization”, Soft Computing - A Fusion of Foundations, Methodologies and 

Applications, vol. 15, no. 4, (2010), pp. 645-66. 

[21]  G. Yang, J. Z. Liu and Q. Feng, “Control and synchronization of chaotic systems by an improved 

biogeography-based optimization algorithm”, Applied Intelligence, (2012), pp. 112-121. 

[22]  H. Rajabalipour~Cheshmehgaz, M. Desa and A. Wibowo, “Effective local evolutionary searches distributed 

on an island model solving bi-objective optimization problems”, Applied Intelligence, (2012), pp. 1-26. 

[23]  S. X. Zhou, “A new reactive power optimization method based on genetic algorithm”, China Power, vol. 9, 

(1995), pp. 8-11. 

[24]  Y. Z. He, “Power system analysis”, Huazhong University of Science and Technology Press, (1999), pp. 63-

83. 



International Journal of Control and Automation 

Vol.7, No.3 (2014) 

 

 

Copyright ⓒ 2014 SERSC            175 
 

[25] Z. Cai, W. Gong and C. Ling, “Research on a novel biogeography-based optimization algorithm based on 

evolutionary programming”, Systems Engineering-Theory \& Practice, vol. 30, no. 6, (2010), pp. 1106-1112. 

[26]  D. Simon, “A probabilistic analysis of a simplified biogeography-based optimization algorithm”, 

Evolutionary Computation, vol. 19, no. 2, (2011), pp. 167-188. 

[27]  Y. Qiao, Y. Gao and Q. Jiang, “Differential evolutionary algorithm with a new local search strategy”, Journal 

of Taiyuan University of Technology, vol. 23, (2011), pp. 12-16. 

[28]  F. Wang, P. Li and J. Cao, “Improved biogeography-based optimization algorithm based on local search 

strategy”, Journal of Jiangnan University\&nature, vol. 26, (2012), pp. 467-473. 

[29]  K. Lee, Y. Park and J. Ortiz, “A united approach to optimal real and reactive power dispatch”, IEEE 

Transactions on Power Apparatus and Systems, vol. 5, (1985),  pp. 1147-1153. 

[30] IEEE, “The ieee 30-bus test system and the ieee 118-test system”, (1993), 

http://www.ee.washington.edu/trsearch/pstca/. 

 

Authors 

 

Jiangtao Cao 

He is currently a full professor of Liaoning Shihua University. He has 

published over 30 papers, successfully completed over 10 research 

projects supported by national and ministry funds. His research interests 

include artificial intelligence, qualitative reasoning, fuzzy control theory 

and applications. 

 

 

 

Fuli Wang 

She is currently an software engineer and received her Master degree 

from Liaoning Shihua University. Her research interests include 

intelligent optimization and its applications on power systems. 

 

 

 

 

 

Ping Li 

He is currently a full professor of Liaoning Shihua University. He 

received his PhD in automatic control from Zhejiang University, 

Hangzhou, China in 1995. He has published over 100 papers, 

successfully completed over 20 research projects supported by national 

and ministry funds and won more than 10 awards of nation and ministry. 

His research interests include process control and automation, especially 

the advanced control and optimization of chemical industry process 

control systems. 

 



International Journal of Control and Automation 

Vol.7, No.3 (2014) 

 

 

176                    Copyright ⓒ 2014 SERSC 

 

 


