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Abstract— This paper proposes a new approach of 
optimization in order to resolve multi-objective reactive power 
dispatch problem. This approach is called matrix 
multiobjective particle swarm which incorporates vector 
function as objective function and uses matrix computation to 
develop the Pareto front unlike the existing multi-objective 
algorithms which use an external archive. We apply this 
approach to resolve multi-objective reactive power dispatch 
problem of IEEE 10-bus system. Numerical tests are 
encouraging. 

I. INTRODUCTION 

Energy production and distribution companies have to 
ensure energy supply at various levels of consumption with a 
good quality and, at the same time, in minimum cost. The 
objective of the optimal multi-objective reactive power 
dispatch (OMORPD) is to minimize three objective 
functions:  compensation devices cost, real power loss and 
deviation voltage profile while satisfying operational 
constraints. 

Particle swarm optimization (PSO), originated by 
Kennedy and Eberhart in 1995, was inspired by the 
choreography of a bird flock. Then, PSO becomes well-
known as an efficient optimization algorithm used, in first 
time, for solving single objective problems and improved for 
solving multi-criteria problems. In fact, there are many 
modifications of PSO and a lot of work for adapting PSO to 
problems with multiple objectives [1, 2]. For example, the 
study presented in [3] proposes multi-objective PSO with 
time variant inertia and acceleration coefficients where inertia 
weight and PSO algorithm parameters expressions depend to 
iteration number. Other study developed in [4] proposes 
multi-objective PSO with dynamic population size. Others 
studies presented in [5, 6, 7] which use hybridation 
technique. 

Unlike all these studies which use inertia weight to 
develop Pareto front and an external archive to save non-
dominated solution, we will modify this algorithm for 
causing it to use matrix computation, then this algorithm 
incorporates function vector as objective function and uses 
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Pareto dominance for selecting best solutions and updating 
Pareto set. 

The proposed method has already been implemented to 
calculate the OMORPD of IEEE 10-bus. The results and the 
CPU times of algorithm executing will be presented in the 
paper. 

II. PROBLEM FORMULATION 

A. Objective functions 
Compensation devices cost: The compensation cost is 

formed by the fixed installation cost and the purchase cost [8, 
9].  
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where Cfi is the fixed installation cost of the reactive 
power sources at the ith bus ($). Cci is the cost by MVAR of 
the compensation devices at the ith bus ($/MVAR). Qci is the 
reactive compensation at the ith bus (MVAR). Nc is the 
number of possible bus for the installation of the 
compensation devices. 

Voltage deviation: The voltage deviation at the ith bus is 
represented by the following function [15]: 
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Real power loss: This objective is to minimize the real 
power loss in transmission lines [10, 9].  It can be expressed 
as: 
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where Vi and 
i

  are the size and the argument of the voltage 

at ith bus. Yij and 
ij

  are the size and the argument the nodal 

admittance matrix. 

B. Problem constraints 

Equality constraints: These constraints are represented 
by load flow equations. They are expressed as follows: 
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for i= 1,…,N, Pgi and Qgi are the generator real and 
reactive power respectively,   Pdi and Qdi are the load real and 
reactive power respectively. 

Inequality constraints: Voltage and the reactive 
production at the load buses are restricted by upper and lower 
limits:  

min max
i i iV V V  .                                        (6) 

min maxQ Q Qgi gi gi  .                                 (7) 

The reactive power at ith bus is limited.  

III. MULTIOBJECTIVE OPTIMIZATION 
 

We are interested in solving problems of the type: 

Minimize:     1 2( ) ( ), ( ),..., ( )NobjF x f x f x f x            (8) 

Subject to: ( ) 0; 1, ...,jg x j M   

Where  1 2, , ..., nx x x x  is an n dimensional vector, each 

 1, ..., , 1ix i n n     can be real-valued, integer-valued or 

boolean-valued.  ( ) 1, ..., , 1if x i Nobj Nobj   , 

 ( ), 1,..., , 0jg x j M M  are linear or nonlinear arbitrary 

functions.   

The family of optimal solutions of this MO problem is 
composed of all those potential solutions such that the 
components of the corresponding objective vectors cannot be 
simultaneously improved. This is known as the concept of 
Pareto optimality. In a minimization problem, Pareto 
dominance and Pareto optimality are defined as follows [11]: 

Definition 1 (Pareto dominance): A given vector 
 1 2, ,..., nx x x x  is said to dominate  1 2, ,..., ny y y y  if 

and only if   '
11,2,..., , ii n x x   and  1,2,..., , i ii n x y   .

 
Definition 2 (Pareto optimality): For a general MO 

problem, a given solution *x F  (where F is the feasible 
solution space) is Pareto optimal if and only if there is no 

x F that dominate *x . 

IV. MATRIX MULTI-OBJECTIVE PARTICULE SWARM 

OPTIMIZATION 

In this paper, we develop a novel approach in order to 
better explore the search space then improve final result and 
speed up the convergence of the algorithm. 

Unlike the existing studies presented in [3, 5, 6, 7] which 
apply the PSO algorithm for solving multiobjective problems, 
the AMOPSO approach doesn’t use an external archive to 
save the non-dominated solutions but it updates all the best 
solutions at each iteration. AMOPSO approach is based on 

the improvement of the population of the best positions, 
denoted Xmobest, which converges toward the Pareto 
optimal set. The population in developing Xpart benefit from 
the experiences of the entire developed population.  

We use the matrix representation of these two populations 
Xmobest and Xpart. 

Let N be the population size. Then: 

 1 2, ,..., NXmobest Xmobest Xmobest Xmobest              (9) 

( )1 2, ,..., NXpart Xpart Xpart Xpart=                          (10) 

Also, the calculation of the evaluation of these two 
populations will use a matrix based. We will apply the vector 
function F = [f1 ,f2 ,…,f Nobj]

T on the matrix of population. 
Then: 

        1 2, ,..., NF Xpart F Xpart F Xpart F Xpart           (11) 
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In our approach, the population in developing doesn’t 
follow a single best position but it moves toward each non 
dominated position. Fig. 1 shows the two objective space of 
the case of two-objective problem. 

Then, the expression of the population velocity, at 
iteration t, is as follows: 
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where ( ) ( ,..., )
Nelement

A X X XN  .  and k are the acceleration 

coefficients. 

AMOPSO algorithm does not use an external archive for 
saving best solutions but improves best positions set 
(developed population Xmobest) at each iteration. Then each 
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Figure 1. Two objective space of the case of two-objective problem 
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particle in motion improves the position of the entire 
developed population if it has a better position. Fig. 2 shows 
the steps of developed population updating at iteration t. 
The study of the convergence conditions of our approach 
and initialization technique are developed in [12]. 

A.  Flow chart of AMOPSO for ORPD 

Fig. 3 shows the flow chart of Matrix Multi-objective 
Particle Swarm Optimization applying to reactive power 
dispatch. 

V. SIMULATION AND RESULTS 

The used network is an IEEE test network, including 10 
buses, 5 thermal generators and 13 lines (see Fig. 4) [9].  

 

The data of the lines and buses and the coefficients of the 
compensation devices cost function and the voltage values 
wanted of the load buses are given also in article [9]. 

We will apply classical PSO algorithm and our matrix 
PSO approach to resolve ORPD for one objective then we 
will compare results and CPU times. 

For bi-objective and three objective ORPD problems, we 
will only apply matrix MOPSO. 

Initialize populations Xpart and Xmobest 
by using initialization process 

Resolve Load Flow problem 

Evaluate objective functions 

Compare F(Xpart) and F(Xmobest)  

Is stop 
criteria 
satisfied ? 

Update population Xpart  

No

Stop 
Yes

Figure 3. Flow chart of AMOPSO for ORPD 

Update Xmobest and F(Xmobest)

Start 

Figure 4. Single line diagram of IEEE 10-bus test system
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Figure 2. Steps of developed population updating at iteration t
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A. Mono-objective optimization 

Compensation devices cost: 
Table 1 gives minimal compensation devices cost with 

corresponding voltage deviation and real power losses. 

Table 1. Minimal compensation devices cost 

Minimal 
compensation devices 
cost ($) 
8857.9 

Reactive power at load buses (pu) 

Qg1 Qg2 Qg3 Qg4 Qg5 

Corresponding 
voltage deviation (pu) 
0.0944 

0 0 0 0 0 
Corresponding real 
power loss (pu) 
2.0696 

 
Voltage deviation: 

Table 2 gives minimal voltage deviation with 
corresponding compensation devices cost and real power 
losses. 

Table 2. Minimal voltage deviation  

Minimal voltage 
deviation (pu) 
0.0032 

Reactive power at load buses (pu) 

Qg1 Qg2 Qg3 Qg4 Qg5 

Corresponding 
compensation 
devices cost  ($) 
12235 0.0378 0.3599 0.1653 0.0406 0.0318 
Corresponding real 
power losses (pu) 
2.0407 

Real power loss: 
Table 3 gives minimal real power losses with 

corresponding compensation devices cost and real power 
losses. 

Table 3. Minimal real power loss  

We note that if we try to optimize one objective function, 
we obtain its minimum value but the values of the two other 
objective functions are deteriorating 

B. Bi-objective optimization 

Figs. 5, 6 and 7 show Pareto front for bi-objective 
functions of compensation devices cost/real power loss, 
compensation devices cost/ voltage deviation and voltage 
deviation/real power loss using matrix MOPSO.  

 

Minimal real 
power loss (pu) 
1.8394 

Reactive power at load buses (pu) 

Qg1  Qg2 Qg3 Qg4 Qg5 

Corresponding 
compensation 
devices cost  ($)  
34846 0.9930 0.9911 0.9663 0.9834 0.9559 
Voltage 
deviation (pu) 
1.1262 

Figure 5. Pareto front of compensation device cost/ voltage 
deviation 

Figure 6. Pareto front of compensation device cost/ Real power loss

Figure 7. Pareto front of voltage deviation/ real power loss 
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Tables 4, 5 and 6 give principal points from these Pareto 
front. 

Table 4. Compensation devices cost/ Voltage deviation 

 
Table 5. Compensation devices cost/ Real power loss 

 

 
Table 6. Voltage deviation/ Real power loss 

 

 
We note that the points obtained are not comparable and 

that the dispatcher who decides which is the best solution for 
a specified electrical network. 

C. Three-objective optimization 

Fig. 8 shows Pareto surface for three-objective functions 
of compensation devices cost, real power loss and voltage 
deviation using matrix MOPSO.  

 

 

 

 

 

 

 

 

 

 

 

Table. 7 gives principal points from this pareto surface. 
 

Table 7. Compensation devices cost/ Voltage deviation/ Real power loss 

Comp-
ensation 
devices 
cost($) 

Real 
power 
loss 
(pu) 

Voltag
e 
deviati
on (pu) 

Reactive power at load buses (pu) 

Qg1 Qg2 Qg3 Qg4 Qg5 

10508 2.056 0.0230 0.054   0.189 0.028 0.034 0.004 

18923 1.967 0.2053 0.222   0.689 0.935 0.020 0.025 

17796 1.976 0.1537 0.192   0.521 0.936 0.026 0.005 

The values in the table 7 illustrate some points of the 
Pareto surface but the dispatcher can choose other 
compromise depending on the structure of a specified 
electrical network. 

VI. CONCLUSIONS AND FUTUR WORK 

In this paper, we have presented a novel multi-objective 
approach using PSO algorithm and based on matrix 
computation, called AMOPSO.  

Then, this approach has been applied to resolve multi-
objective reactive power dispatch problem. The results 
obtained by simulation show that the proposed approach is 
efficient for solving this problem, and generally, for solving 
multi-objective problems. 

In future, we will develop this approach for causing it to 
resolve stochastic multi-objective problems and we will 
apply it to resolve multi-objective reactive power dispatch 
and multi-objective load flow problems of electric network 
integrating renewable energies. 
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