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Abstract- This paper proposes a novel algorithm to obtain a set of optimal power system stabilizer (PSS) parameters in a 16-
machine, 68-bus power system  under three operating conditions.  A novel  algorithm,  called  Chemical  Reaction 
Differential Evolution (CRDE), was developed to rapidly and efficiently search for a set of optimal PSS parameters. CRDE 
uses the search concept of chemical reaction optimization (CRO) and differential evolution (DE) to enhance the probability 
of  finding  an optimal solution.  Eigenvalue  analysis and nonlinear time domain simulation results demonstrate the 
effectiveness of the proposed algorithm. 
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I. INTRODUCTION  
 
In recent years,  worldwide  economic development 
has  increased  the demand  for electrical power. 
Therefore, an important area of research is the stable 
and reliable  provision of  power  delivery. General  
power systems  use tie lines  for  power delivery. 
However,  when the system  undergoes  a 
disturbance,  the result may be  low-frequency 
oscillations. Such oscillations in a power system may 
trip  circuit breakers in a small range,  or  they may 
cause  the  power system to  break  down.  Such 
accidents  will affect  the reliability of the  power 
system and  its  operational  security.  In the analysis 
and control of system stability,  three  different  types 
of system oscillations are usually recognized.  They 
are  referred to as local plant mode,  inter-area mode, 
and control mode oscillations  [1]. These oscillations 
are associated with the  setting parameters of 
controllers in a power system.  If  these oscillation 
modes have  a positive damping  factor or  a negative 
damping ratio, the result will be a system breakdown. 
In order to reduce the impact of low-frequency 
oscillations,  power system stabilizers (PSSs)  are 
widely  used  to  enhance  the  stability of the  actual 
power system.  Generally, PSS parameters  are  tuned 
for a specific operating condition in a power system, 
but  such a  set  of  parameters  may  have  adverse 
influences  in  other operating conditions.  Therefore, 
the PSS parameters must be  manually  tuned  for 
various  operating conditions.  Such  a  tuning method 
is time-consuming, and the probability of finding the 
global  optimal parameters  is low. The simultaneous 
coordinated  parameters  method  has  a high 
probability of finding the global optimal solution, but 
it requires much time for the calculations. Currently, 
the issue of PSS parameter design in a power system 
is  focused on  coordinated control of all PSSs  to 
enhance a system’s dynamic characteristics [1]-[3]. 
Abido and Abdel-Magid et al. [2],[4]-[7] employed 
the tabu search, simulated annealing, particle swarm 
optimization, evolutionary programming, and  a  

genetic algorithm to optimize the parameters of the 
PSSs in the New England ten-machine system. In  
this  system, all PSSs are simultaneously designed to 
take into account mutual interactions.  An  objective 
function is devised to optimize the desired damping 
factor (σ) and/or the desired damping ratio (ξ) of the 
lightly damped and undamped modes. In this way, 
only the unstable or lightly damped oscillation modes 
are relocated. Hongesombut et al. [8] used 
hierarchical and parallel micro-genetic algorithms in 
a multi-machine system. Do Bomfim et al. [9] used 
genetic algorithms to simultaneously tune multiple 
power system damping controllers with the objective 
function of the sum of the spectrum damping  ratios 
for all operating conditions.  Mahdiyeh Eslami et al. 
[10] used the passive congregation algorithm in 
particle swarm optimization to design a robust power 
system stabilizer in a  two-area multi-machine power 
system under a wide range of system configurations 
and operating conditions. Kamwa et al. [11]-[12] 
used a decentralized/hierarchical control system with 
two global signals and one local signal as input  for 
the PSSs. The global signals obtained the highest 
controllability of these oscillation modes. Hasanović 
et al. [13] used a genetic algorithm to accomplish 
simultaneous tuning of multiple power system 
damping controllers. Both local and remote 
measurement signals have been considered as input 
signals to the damping controllers. However, the  test 
system considered only a 4-machine system. 
This paper  presents  a new algorithm  that  is 
applicable  to  the problem of  PSS parameter tuning 
for  increasing  the  probability of  finding an  optimal 
solution. This proposed algorithm is based on the DE 
[14], which has the advantages of a simple structure, 
fewer  setting parameters, and fast convergence. 
However, the shortcoming of  this algorithm is that it 
can easily fall back on a  local optimal solution. The 
CRO algorithm was published by Lam and Li  in the 
year 2010. They were inspired by the four basic types 
of chemical reactions of molecules,  which  can 
increase  the individual diversity  [15].  In this paper, 
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CRO will be added to DE as a migration operation to 
improve the shortcomings of  the DE algorithm. The 
migration operation based on CRO is calculated after 
the estimation and selection operation  in the DE 
algorithm.  This novel algorithm,  called Chemical 
Reaction Differential Evolution (CRDE), is expected 
to increase the probability of finding a global optimal 
solution for the problem of PSS parameter  tuning. A 
5-area, 16-machine, 68-bus power  system  is used in 
this paper  to  demonstrate  the performance of the 
proposed method [16]. 
 
II. PROBLEM FORMULATION 
 
2.1  Power system model  
A power system can be modeled by a set of nonlinear 
differential equations as:  

 
where  the vector  ݔ  is all state variables, and  the 
vector  ݑ  is input variables. In the design of a PSS, a 
linearized model of  the  power system  is usually 
employed.  Therefore,  (1) can be  represented  as 
follows: 

 
where the vector of input variables  ݑ  is the network 
bus voltages, and y  is the current vector of injection 
into the network from the device.  A  is the state 
matrix of  the power system, B  is the input matrix, C 
is the output matrix, and D is the coupling matrix. 
This study uses the  generator model GENROU, 
which was modeled as a two-axis round rotor model  
and  6 state variables in the state-space model. It is 
built in  the  PSSTME  (Power System Simulator) 
software developed by  Siemens.  The exciter model  
of  the  generator uses  IEEET1.  The PSS  model  
uses  STAB1,  as shown  in  Fig.  1.  [17]. STAB1  is 
a  speed-based conventional PSS, and  it  is achieved 
by  two lead-lag compensators  T1i~T4i,  a washout 
Tsi, and a gain of PSS Ksi, where i=1,2,…,m is the 
index of the machines, and m is the number of 
machines.  The constraints of  the  PSS parameter 
tuning problem can be formulated as (3). 

 
Fig. 1. The STAB1 model 

 
 
2.2  Objective function  
In the PSS optimization problem, the objective 
function of  combining  the damping  factor  and  the 
damping ratio  is used  to increase  the damping of 

electromechanical oscillation modes in  this paper. 
The  PSS  parameters  are  selected to minimize the 
following objective function [18]: 

 
where  np  is  considered  the number of operating 
conditions in the design process, σi,j is the real part of 
the  th  eigenvalue of the  th operating point,  σ0  is 
the expected damping factor, ξi,j is the damping ratio 
of the  th eigenvalue of the  th operating point, ξ0 is 
the  expected  damping ratio, and  α  is  the weight for 
combining both  the damping factor and  the damping 
ratio.  The  convergence range of the objective 
function (4) forms  a D-shaped region,  as shown in 
Fig.  2,  in which all  damping  factors and damping 
ratios are no  more than  σ0  and no less than  ξ0, 
respectively.  The eigenvalue analytic procedures 
begin by conducting calculations of power flows for 
various operating  conditions. Through  an  optimized 
method,  a set of  the PSS parameters  is found.  The 
calculations of the  eigenvalues, oscillation 
frequencies, and damping ratios of small signal 
analysis for various operating conditions are 
subsequently executed. 

 
Fig. 2. The D-shape sector in the s-plane 

 
III. PROPOSED  OPTIMIZATION 
ALGORITHM CRDE 
 
To achieve optimized operation  for various 
optimized problems,  the  DE  algorithm uses  four 
operations:  initialization,  mutation, crossover,  and 
estimation and selection.  The  CRO  algorithm  is 
implemented on  the  optimized operation  to  
increase the individual diversity.  The diversity  
between individuals  will  gradually  decrease after 
several iterations  in the DE algorithm, which may 
cause  the DE to search for a local optimal solution 
rather than a global  optimal  solution.  Therefore,  to 
continue the search for the optimal solution,  the  
original populations require migration to  another 
area.  This concept has been developed previously  in  
the hybrid differential evolution (HDE) algorithm 
[19], the idea for  which  came  from  the  micro-
genetic  algorithm [20]. The experimental results 
showed  that  the HDE will  sometimes still  search 
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for  a  local optimal solution. The CRO  algorithm  is  
added to the DE to improve  its search  capabilities. 
The  novel algorithm in this paper  is called CRDE.  
Four  chemical reactions  are  operated  as  a  
migration  operation  for displacing the migration 
operation of the HDE. 
The  migration operation  occurs  in  the 
neighborhood  of the optimal solution  for  the HDE, 
but the global solution  may  not  be  in the 
neighborhood  of  the optimal  solution.  This paper 
provides  a  novel  migration operation  to overcome 
this problem.  If  the optimal objective function value 
does not decrease  after several iterations,  then the 
four  chemical reactions  will be  run  to increase  the 
individual  diversity  in order to  increase  the 
probability  of  finding a  global  solution. The CRDE 
algorithm is briefly described as follows. 
Step 1: Initialization of various stages  
The initial populations are created. A number of 
initial populations are randomly  selected  in  the 
whole parameter space uniformly. Then the objective 
function  values  of  the  initial populations  are 
calculated. The elements of every  real variable 0im 
X are  assumed  to be  as (5). The GiX is  a  
population vector  of  the  Gth generation  composed  
by  the1 2 3 ,,GGGiiiXXX ,...,Gim X, which are m 
variables, as shown in (6): 
 

 
where NP is total number of populations, and αi ϵ 
[0,1] is a random number. 
Step 2: Mutation operation  
The mutation operator in DE  employs  several 
strategies  [14].  The  DE/rand/1  strategy is used  to 
produce  the  difference vector  in this paper.  The 
mutation process  in  the  Gth  generation begins by 
randomly selecting  among  three  populations1~ 
3GrrX. The Xr1~Xr3 are populations  randomly 
selected  from all  populations.  These  three  
populations  are subsequently combined to form a 
difference  ector1 GiV   as follows: 

 
where  F  ϵ  [0.2, 1]  is  the scaling factor, which will 
influence the speed of convergence. 
Step 3: Crossover operation  
To extend the diversity of individuals  in  the next  
generation, the perturbed population  of 1 GiV  and  
the present population of GiX  are selected by a 
binomial  distribution to  run  the crossover operation 
to generate the offspring 1()Giju   as follows. 

 

where1,..., jm ,  and the  crossover  factor  CR 
ϵ[0.5,1] is assigned before the optimized process. 
Step 4: Estimation and selection  
The  objective function  values  of the new offspring  
are calculated, and  the  child is one-to-one competed  
with  its parent.  The better  objective function value  
of  the  population  is retained in the next generation.  
The process will produce the populations of 
offspring1 GiX  
Step 5:  Determination of  whether  to  implement 
migration  
In order to prevent the DE from converging on the 
local optimal solution,  the  probabilities  of searching  
for  the global optimal solution  are increased.  If the 
optimal objective function value does not further 
decrease after a number of iterations set by  the user,  
then  the migration operation will be introduced to 
establish a new set of populations with the CRO 
method.  
Step 6: Migration operation if necessary  
In the chemical reaction, each  molecule,  i.e., each  
population,  has  potential energy (PE) and kinetic 
energy (KE). The PE of a molecule represents the  
objective function value,  and  the  KE is  its 
capability  to  escape from  the  local solution.  The 
initial KE value is set to 0. The optimal population is 
used in four basic chemical reactions to produce new 
populations  with the  migrating operation.  The four 
chemical  reactions  are  on-wall ineffective collision, 
decomposition,  inter-molecular ineffective collision, 
and  synthesis collision. Both  the  on-wall ineffective 
collision and the inter-molecular ineffective collision 
operations will migrate the general population to the 
neighborhood of  the  optimal population. Also, both 
the decomposition  and the synthesis  collision 
operations will  keep  the  new  population  away 
from the optimal population.  The  single molecule or 
bimolecular reactions for each population are decided 
according to (9) at first:. 
 

 
where β ϵ [0,1] is a random number, and MR ϵ [0,1]. 
These operations of four chemical reactions  are 
describe as follows: 
 
1)  On-wall ineffective collision  
This reaction  is a single molecular reaction.  In this 
reaction, a molecule hits the wall of the container and 
then bounces back, which will cause variation in the  
molecular composition.  The  original  molecular 
structure ω will be  changed  to a new molecule ω’, 
and  ω  is  a  randomly selected  population  from  all 
populations. The process can be described with (10); 
subscript b is the best population, and subscript ω  is 
the original molecule.  If (10) is met,  the new 
molecule KEω’ will  be  updated  by (11)  for  the  
next generation; rand represents the random variable, 
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q1 is among the 1.0 and the loss rate  of KE,  which is 
assigned by the user. 

 
In the optimized process, if (10) is satisfied, then  a 
new population  of  the  (G+1)th  
generation,1'GX , will be  created  by (12).  
Otherwise, the molecule will execute the 
decomposition reaction. 

 
2)  Decomposition  
This  operation will be performed  when condition 
(10)  is not met.  This reaction  is also a single 
molecular reaction. If a molecule hits the wall and 
decomposes  into two pieces,  then  both of  the new  
molecular  compositions  are structured.  In  the 
decomposition process,  the original molecule   is 
randomly selected, and  it  will break into two 
molecules, 1   and 2 .  The  KEs  of the two 
new molecules are updated by (13) and (14). 

 
In this molecular reaction, (15) and (16) will be 
executed  to create two new populations of  the 
(G+1)th generation, 11 GX   and 21 GX , 
where p2=rand(0,1). 

 
 
3)  Inter-molecular ineffective collision  
This process is  a  bimolecular reaction  process 
wherein  two molecules  collide with  each other  and 
then bounce away. The two molecular  compositions 
are slightly  varied. 1  and2  are populations 
randomly selected  from  all populations, which  will 
produce  two new molecules 1  and 2 .  If 
condition (17)  is met, the  KEs of  the  two new 
molecules  are updated as  (18) and (19), where 
q3=rand(0,1). 

 

 
 
4)  Synthesis collision  
If condition (17)  is not met, then this operation is 
performed.  This reaction is  also based on  a 
bimolecular reaction.  Two molecules  combine to 
form a new molecule, and the molecular composition 
changes  dramatically.  The  new  molecular 
composition   is  a combination of  two  existing 
molecules, 1  and 2 . The new molecule  can use 
(22)  to  update its  KE. 1  and 2  are populations 
randomly selected  from  all populations.  A  new 
population 1 GX   is created with  (23), where w  
and w1 ϵ [0,1] are random numbers. 

 
The four chemical reactions run repeatedly until the 
number of  populations  arrives  at  the  user-set 
value NP.  
Step 7: Repeating Steps 2 to 6  
Steps  2 to 6 are repeated until the maximum iteration 
quantity or the desired objective function value is 
reached. 
 
IV. STUDIED SYSTEM AND  PARAMETER  
SETTINGS 
 
4.1  Test System  
This paper uses  a  5-area,  16-machine, 68-bus test  
system to  illustrate the performance of the proposed 
method. Fig. 3 presents a one-line diagram of the test 
system. In this system, all machines were equipped 
with PSSs.  The load model of the system was set to 
10% constant power, 10% constant current, 80% 
constant impedance for active power, and 100% 
constant power for reactive power. This status of 
operation is  selected as Case0. The worst  operating 
conditions of N-1 and N-2 in Case0 were regarded as 
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Case1 and Case2, respectively.  The three operating 
conditions are listed as follows:  
(1) Case0: Base case  
(2) Case1: Tie line 1-2 is out of service. (Fig. 3, solid 
red line)  
(3) Case2: Tie lines 16-17 and 2-25 are out of service. 
(Fig. 3, dotted blue line). 

 
Fig. 3. 5-area, 16-machine, 68-bus system. 

 
4.2 Parameter setting  
All PSS parameter constraints refer to [21]. The 
constraints  of  PSS gains  Ksi  were set  within  
0~50, time constants T1i~T4i were set within 
0.001~2 s, and the time constants  Tsi  were set  
within 10~20 s. Parameters  σ0,  ξ0,  and  α  were set 
to  -0.4,  5%, and 0.05 to facilitate observation of the 
objective function value  during the  solution  
process.  The  maximum number of  iterations  was  
set to 800.  Several parameters must be  provided  
before performing the optimization  process. These 
parameters include population size NP=10, crossover 
factor CR=0.8, and scaling factor F = 0.5. The HDE 
parameters include the  desired tolerance of  the 
population diversity, ε1=0.1,  and  the desired 
tolerance of chromosome diversity,  ε2=0.001.  The  
CRDE parameters include the  rates  of  one  and  two 
molecules MR=0.2,  initial kinetic energy  KE=0,  
and  the loss rate  of kinetic energy lossrate KE=0.5. 
 
V. SIMULATION RESULTS 
 
Table  1  lists the  eigenvalues, oscillation 
frequencies, and damping ratios of  the  unstable 
modes under three operating conditions.  It can be 
observed from  Table  1  that  when the system  does 
not have PSSs installed, there are 1, 2, and 3 unstable 
oscillation modes  for  the  three operating conditions, 
respectively. For purposes of comparison, the CRDE 
and HDE algorithms are used to find a set of optimal 
PSS parameters in the test system, respectively. Then 
the  small-signal analysis program SSAT,  developed 
by  Powertech Labs  Inc.,  is  used  to calculate the 
system damping factor and damping ratio [22] in 
C++. The process is executed 10 times and picks out 
a set of  optimal  PSS  parameters.  Fig.  4  shows  the 

convergence characteristics  of the  two  algorithms; 
CRDE is evidently superior to HDE. 

Table 1:Eigenvalues, oscillation frequencies and damping 
ratios for unstable modes 

 
Table 2 and Table 3 list the three worst modes in the 
test system with CRDE and HDE,  sorted by damping  
factor, respectively. Table 2  shows that all damping 
factors of CRDE are smaller than the value of  σ0, 
and all  damping ratios of  CRDE  are  greater than 
ξ0. These results are also shown in Fig. 5. There are 
three eigenvalues outside the D-shaped frame in 
Table 3 and Fig. 6 for HDE, for which  the damping 
factor  and damping ratios are relatively weak.  The 
CRDE search for the optimal solution is  superior to 
that of HDE. 

 
Fig. 4. Convergence characteristics of two algorithms. 

 
To demonstrate the effectiveness of the optimal PSS  
parameters  found  by  CRDE, the following 
disturbance is considered for nonlinear time 
simulations.  A  three-phase  short  fault  occurs  at  
the end of bus 1. The fault is cleared after four cycles, 
in 0.0667 s. Fig. 7  to Fig. 9 show  the line power 
flows from buses 1 to 27  for three different  
operating conditions. The active power oscillations 
with HDE stabilize at 13, 14 and 17 seconds; with 
CRDE,  they stabilize  at 9,  9,  and 12  seconds, 
respectively.  The time-domain  responses of  the  test  
system  with  PSS parameters  tuned by CRDE have 
smaller amplitudes and faster decline, which provides 
superior damping performance  to that of  HDE.  
These  results of time-domain simulations correspond 
with the results of eigenvalue analysis. 



International Journal of Industrial Electronics and Electrical Engineering, ISSN: 2347-6982 Volume-3, Issue-12, Dec.-2015 

Developing Chemical Reaction Differential Evolution Method For Optimization Of PSS Parameters 
 

23 

 
Fig. 5. Eigenvalues of test system with CRDE for three cases. 

 

 
Fig. 6. Eigenvalues of test system with HDE for three cases. 

 
Table 2: Eigenvalues, oscillation frequencies, and damping 

ratios with CRDE 

 

Table 3: Eigenvalues, oscillation frequencies, and damping 
ratios with HDE 

 

 
Fig. 7. Line power flows from buses 1 to 27 for Case0. 

 

 
Fig. 8. Line power flows from buses 1 to 27 for Case1. 

 

 
Fig. 9. Line power flows from buses 1 to 27 for Case2. 
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CONCLUSIONS 
 
In this paper, a conventional lead-lag PSS is used. A  
novel algorithm, called CRDE,  is  proposed to  find  
the optimal parameters  for  power system stabilizers 
in a power system. The CRDE  algorithm uses  a 
novel migration operation to enhance the 
effectiveness of  the  search.  The  ideal  migration 
operation  originates  in  the CRO  algorithm, wherein 
four chemical reaction  operations can  increase  the 
individual diversity.  The set of optimal  PSS 
parameters must be able to satisfy three  operating 
conditions simultaneously. The objective function is 
based on  the  damping  factor  and the damping ratio. 
he stabilizers are tuned to simultaneously shift the 
lightly damped electromechanical modes of all plants 
to a prescribed zone in the s-plane. The results show 
that CRDE is superior to HDE. Eigenvalue analysis 
and nonlinear time domain simulation results 
demonstrate the effectiveness of the proposed 
algorithm. 
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