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Abstract - Optimal reactive power dispatch of power systems is a complicated nonlinear combinatorial optimization problem. The 
Differential Evolution Algorithm (DEA) is an effective method to solve such problems. But DE still has some drawbacks like slow 
convergence speed and the parameters selection having a great effect on the algorithm performance. So a modified differential 
evolution is proposed in the paper. Analyzing the mutation operator for vector operations, a new mutation strategy with direction is 
put forward which improves the convergence rate of the algorithm. According to the individual evolution process, a self-learning 
mechanism of the parameters is introduced. The mechanism adjusts the mutation and crossover rate of the individuals adaptively 
to improve the robustness of the algorithm. In the optimal reactive power dispatch problem, it is important to deal with the 
inequality constraint violation: the conventional method uses a penalty function, but an appropriate penalty coefficient is difficult 
to choose. The paper adopts a non-parameter method to handle the constraint conditions, which can effectively guarantee the state 
variables within the limits. The effectiveness of the proposed modified differential evolution and the adopted non-parameter 
method to handle constraint conditions are demonstrated on IEEE 30-bus, 57-bus and 118-bus test power systems. 
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I. INTRODUCTION 
 
The main purpose of the optimal reactive power 

dispatch (ORPD) in the power system is to reduce the 
active power losses and maintain a good voltage profile by 
identifying the reactive power control variable settings 
included generator voltage magnitudes, transformer tap 
settings and switchable shunt capacitors. ORPD is a 
complicated nonlinear programming problem which aims to 
find out the optimal control parameters to get the best 
objective function value, subjected to certain constraints. 
The problem was first put forward in the 1960s, where a set 
of control variables are available for the power system 
operator to minimize losses and preserve bus voltages 
within the permitted limits by readjusting the power flows 
[1,2]. 

Many conventional techniques such as linear 
programming method, non-linear programming method, 
quadratic programming method and interior point method 
have been applied to deal with ORPD problems [3-6]. 
These techniques have fast calculation speeds and good 
convergence characteristics for solving the continuous, 
differentiable and unimodal functions. But ORPD is a 
non-differential, non-linear, multi-modal and non-convex 
problem with discrete variables, so they have several 
drawbacks in handing the problem like insecure 
convergence properties, excessive numerical iterations, and 
resulting in huge computations time. As the advent of 
intelligent algorithms, evolutionary programming (EP), 
genetic algorithm (GA), particle swarm optimization 
algorithm (PSO) and differential evolution algorithm (DEA) 
have been used to solve the ORPD and achieved good 
results. The basic idea of the intelligent algorithm is 
beginning with an initial solution population, according to 

the probability principle of transfer, seeking for the most 
appropriate optimal solution by using some means. With 
strong search ability, fast convergence speed and good 
robustness, these algorithms have shown effectiveness in 
overcoming the drawbacks of the conventional techniques. 

DEA was put forward by Storn R and Price KV in 1995 
[2]. It is a population-based search algorithm and can 
effectively solve the optimization problem with constraints, 
which is considered to be the enhanced version of GA . 
With less controlled parameters and simple principle, DEA 
is easy to be understood and implemented. The performance 
of DEA was compared with other heuristic algorithms, such 
as GA, PSO and evolution algorithm; the results indicated 
that DEA has better performances. DE has become one of 
the most effective stochastic optimization algorithms 
currently. Ref [15-17] used DE to solve the ORPD problem 
and showed good results. But the parameter settings have a 
significant impact on DE; choosing appropriate parameters 
in different evolution time of DE can largely improve the 
algorithm performance. So the researchers have proposed 
various adaptive differential evolution algorithms. Ref [3] 
set F=0.5, Cr=0.9 at the beginning; in the later evolution 
process, F and Cr were respectively regenerated within [0.1, 
1] and [0, 1]. Ref [4] automatically adjusted the values of F 
and Cr according to success evolution record and 
introduced an external archive to store a set of poor 
individuals. Ref [5] proposed self-adaptive differential 
evolution algorithm (SADE) which self-adaptively adjusted 
the current strategy and corresponding F and Cr to produce 
offspring individuals based on the experience of previous 
successful search. 

In this paper, a modified differential evolution algorithm 
(MDE) is proposed. In order to improve the convergence 
rate, a new mutation strategy with direction is put forward 
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after analyzing the mutation operator from the vector 
operation angel. This strategy both considers the minimum 
objective function and constraint violation. Besides, 
imitating the experience of human learning from the 
surrounding excellent individual, a parameter self-adaptive 
strategy with self-learning ability is proposed. 

When dealing with the constraint violation of ORPD, 
one common method is penalty function [6-8]. But the 
method doesn’t keep it as a priority that the won solutions 
should satisfy the constraints and may lead to the 
corresponding state variables beyond the limits largely. This 
will cause huge economic losses of power system. 
Moreover, it is difficult to choose an appropriate penalty 
coefficient in practice. The coefficient usually needs a lot of 
experiments to find out. In this paper, a non-parameter 
method is proposed to hand the inequality constraints which 
avoid the difficulty to choose penalty coefficient. This 
method gives priority to ensure the selected solutions within 
constraint limits in the process of optimization. It has 
practical significance in power system application. 
 

II. PROBLEM FORMULATION 

 
The objective of ORPD is to minimize the active power loss 
in the transmission lines, which can be defined as follows 
[7]. 
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In Eq. (1) and (2), 1 2( , )f x x
 

 denotes the active power 
loss function of the transmission lines; 1x


 denotes the 

control variable vector [ ]T
G K CU T Q ; 2x


 denotes the 

dependent variable vector [ ]T
L G GslackU Q P ; GU  is the 

generator voltage, KT  is the transformer tap, CQ  is the 
shunt capacitor/inductor; LU  is the load bus voltage, GQ  
is the generator reactive power, GslackP  is the generator 
active power at slack bus; iU  and jU  are respectively 
the voltages of buses i  and j ; ijG  and ij  are 
respectively the conductance and voltage angle difference 
between buses i  and j ; GiP  and GiQ  are respectively 
the generator active power and reactive power at bus i ; 

DiP  and DiQ  are respectively the demanded active power 
and reactive power at bus i ; CiQ  is the shunt capacitor at 
bus i ; ijB  is the transfer susceptance between buses i  
and j ;  liS  is the power flow in branch i ; N  is the set 
of numbers of total buses; I  is the set of numbers of total 
buses excluding bus i ; 0N  is the set of numbers of total 
buses excluding slack bus; PGN  is the set of numbers of 
generator buses; PQN  is the set of numbers of load buses; 

CN  is the set of numbers of possible reactive power source 
installation buses; TN  is the set of numbers of transformer 
branches; lN  is the set of numbers of total branches; the 
superscripts “max” and “min” respectively denote the 
corresponding upper and lower limits. 

Considering the constraint violation of the bus voltages 
and generator dependent variables, the value of violation is 
defined as Eq. (3). 
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Where 1 2( , )x x
 

 denotes the constraint violation 

function of the bus voltages and generator dependent 

variables. lim
iU , lim

GiQ  and lim
GslackP  are respectively 

defined as follows. 
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III. THE IEEE 30-BUS POWER SYSTEM 

 
IEEE 30-bus system has six generators (at buses 1, 2, 5, 

8, 11, 13), four transformers (in lines 6-9, 6-10, 4-12, 27-28) 
and nine possible reactive power compensation buses (10, 
12, 15, 17, 20, 21, 23, 24, 29). There are total of nineteen 
control variables. The limits of control variables are given 
in TABLE 1. For dependent variables, the lower and upper 
limits of the PQ-bus voltages are respectively set to 0.94 
and 1.06 p.u.; the limits of generator state variables and the 
data of branches and loads are given in Ref [7-9]. The 
statistics of 50 runs are shown in Table 2, which contains 
the worst active power losses (Worst), the best active power 
losses (Best), the mean active power losses (Mean) and the 

standard deviation (Std.). 
 

TABLE 1 SETTING OF CONTROL VARIABLES 
Variables Maximum Minimum

30-bus 
U (p.u.) 1.06 0.94

T 1.1 0.9
Q (Mvar) 5 0

57-bus 

U (p.u.) 1.06 0.94
T 1.1 0.9

Q18 (Mvar) 10 0
Q25 (Mvar) 5.9 0
Q53 (Mvar) 6.3 0

 
    

 
TABLE 2. STATISTICS OF TRIAL RESULTS FOR VARIOUS ALGORITHMS (IEEE 30-BUS SYSTEM) 

Variables Base Case GA DE SADE MDE 
UG1 1.05 1.0600 1.0600 1.0600 1.0600 
UG2 1.04 1.0542 1.0501 1.0547 1.0544 
UG5 1.01 1.0295 1.0302 1.0342 1.0342 
UG8 1.01 1.0335 1.0305 1.0370 1.0363 
UG11 1.05 1.0526 1.0600 1.0600 1.0600 
UG13 1.05 1.0600 1.0600 1.0600 1.0600 
T6-9 1.078 1.07 1.02 1.03 1.07

T6-10 1.069 0.90 0.94 0.94 0.90
T4-12 1.032 1.01 0.99 1.01 1.00
T28-27 1.068 0.98 0.96 0.97 0.97

Q10 0 5 5 4.9935 5
Q12 0 5 5 5 5
Q15 0 5 4.9521 5 5
Q17 0 5 4.9987 4.9971 5
Q20 0 2.5242 5 4.9537 5
Q21 0 4.1478 5 4.9972 5
Q23 0 5 4.5352 3.5804 3.5163 
Q24 0 3.7877 4.9158 5 5
Q29 0 4.9101 2.5580 2.6969 2.7894 

PLoss 5.8672 4.9843 4.9645 4.9491 4.9448 

 
It can be observed that the values of worst, best, Mean 

and Std. obtained by MDE are the smallest compared with 
the other algorithms. Hence MDE has the better global 
search capacity and local search precision; besides, it is 
more robust than the comparison algorithms. The base case 
and the optimal values of control variables obtained by the 
four algorithms from 50 runs are showed in TABLE. It 
indicates that the active power loss reduction from 5.8672 
MW to 4.9448 MW is accomplished using the MDE 
approach, which is the biggest reduction of active power 
loss among the approaches. The corresponding bus voltages 
before and after optimization are shown in Figure 1.  

TABLE  shows the upper and lower limits of generator 
dependent variables and the corresponding values before 
and after optimization. In the base case, the voltages at 

buses 21, 22, 24, 25, 26, 27, 29 and 30 are below the lower 
limits which are 0.94 p.u.; the generator reactive power at 
buses 11 and 13 are above the corresponding upper limits. 
After optimization, the bus voltages and generator 
dependent variables obtained by the four approaches are all 
within the limits. So the adopted methodology can 
effectively guarantee the optimization solutions satisfy the 
constraints. The validity of the non-parameter method to 
hand the inequality violation is verified. Comparative GA-, 
DE-, SADE- and MDE-based average convergence graphs 
for the active power losses minimization are presented in 
Figure From this figure it can be observed that MDE 
provides the best convergence characteristics compared to 
GA, DE and SADE in terms of the convergence speed and 
solution quality. 
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. 

TABLE 3. VALUES OF CONTROL VARIABLE AND PLOSS BEFORE AND AFTER OPTIMIZATION (IEEE 30-BUS SYSTEM) 

Algorithms worst best mean Std.
GA 4.9987 4.9843 4.9908 2.1325×10-3

DE 4.9851 4.9645 4.9714 3.2630×10-3

SADE 4.9543 4.9491 4.9512 8.2773×10-4

MDE 4.9487 4.9448 4.9459 4.0921×10-5

 
TABLE 4. LIMITS OF GENERATOR DEPENDENT VARIABLES AND THE CORRESPONDING VALUES BEFORE AND AFTER OPTIMIZATION 

(IEEE 30-BUS SYSTEM) 
Variables Minimum Maximum Base Case GA DE SADE MDE 

PG1slack 0 360 99.27 98.38 98.36 98.35 98.34 
QG1 -10 10 5.40 -5.47 3.6 -7.59 -6.53 
QG2 -40 50 27.80 27.32 17.15 24.52 24.22 
QG5 -40 40 21.49 24.39 28.90 27.63 27.94 
QG8 -10 40 22.87 36.03 37.27 39.06 38.03 
QG11 -6 24 38.96 15.62 10.57 11.70 16.44 
QG13 -6 24 40.15 11.40 5.85 9.56 7.54 

 

 

Figure 1 Bus voltage profiles before and after optimization (IEEE 30-bus system) 
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Figure 2 Convergence graphs of various algorithms (IEEE 30-bus system). 

 

IV. CONCLUSION 
 

In this paper, a modified differential evolution based 
method has been proposed and applied to ORPD 
optimization problem and the economic benefit of power 
system (in the form of minimization of active power loss) 
has been used as the objective function. The problem of 
ORPD was formulated as the nonlinear optimization 
problem subjected to equality and inequality constraints of 
power systems. Instead of penalty function, the 
non-parameter methodology was adopted to handle the 
inequality constraints. 
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