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ABSTRACT
The most important challenge in some optimization problems is CPU time. The performance and convergence speed
of optimization algorithms have the most important effect on CPU time. In this work, the original differential
evolution algorithm has been modified in order to increase the convergence speed of the optimization algorithm.
These modifications can increase the probability of selection of evolved individuals and consequently can increase
the performance of differential evolution algorithm. The performance characteristics of the modified differential
evolution algorithm have been compared with those of the original differential evolution algorithm. Results obtained
show that the modified differential evolution algorithm is able to converge and find the optimum point faster
compared to the original algorithm. These modifications have been applied not only to different versions of
differential evolution algorithm but also to adaptive differential evolution algorithm in order to investigate the
convergence speed of these modified methods. According to the results obtained, the proposed modifications were
able to improve the performance of the different versions of differential evolution and even adaptive differential
evolution algorithms. Finally, the proposed modifications have been tested on several optimization problems to
evaluate the effect of these modifications on the convergence speed of the algorithm in different applications. In all
cases, the modified differential evolution algorithm is faster than the original algorithm. The results of the proposed
algorithm have been verified with analytical results.
Keywords: Differential Evolution, Optimization, CPU time, Evolutionary algorithm, Stochastic optimization.
1. INTRODUCTION
The history of optimization is as old as the history of life. All creatures try to optimize their routes in the complex
conditions of life to survive. Since 1950 scientists were interested in using being patterns to design powerful
optimization methods for solving complex problems. These kinds of optimization techniques are called evolutionary
computation [1]. Evolutionary optimization algorithms have some advantages that allow optimization of fitness
function of discrete variables. These kinds of techniques use iterative try and error progress, similar to development
and evolution in living creatures to find the better fitness at the given circumstances. The origin of evolutionary
computing techniques initiated in 1950s, with the idea of using Darwinian principles for automated problem solving.
John Henry Holland from the University of Michigan at Ann Arbor, introduced genetic algorithm (GA) for solving
practical optimization problems [2]. After that, many researchers employed genetic algorithm for optimization of
scientific problems [3-5]. In 1995 R. Storn and K. V. Price invented another kind of evolutionary algorithm called
Differential Evolution (DE) [6]. They introduced their new optimization algorithm at the First International Contest
on Evolutionary Optimization in 1996 [7]. One of the advantages of DE algorithm compared to GA is that this
method does not require the transformation of the variables into binary strings. Since 1996 differential evolution has
been used in a wide spectrum of scientific problems such as physics [8], computer science [9], shape optimization
[10-13], signal processing [14], control science [15], traffic control [16], manufacturing [17], management [18] and
even economics [19-20].
Many researchers tried to improve the performance of the basic differential evolution algorithm in several specific
applications. There are three major control parameters in the DE algorithm: the mutation scale factor F, the
crossover constant Cr, and the population size Np. Gamperle et al. calculated different parameter settings for DE on
the Sphere, Rosenbrock’s, and Rastrigin’s functions. They concluded that the capability of finding global optimized
point and the convergence of DE are strongly dependent on the choice of control parameters Np, F, and Cr [21].
Therefore, some researchers started to develop several techniques to adaptively find optimal set of control
parameters of DE in different applications [21-24]. Qin et al. proposed a self-adaptive DE (SaDE) algorithm, in
which both trial vector generation strategies and their associated control parameter values are gradually self-adapted
by learning from their previous experiences in generating promising solutions [25]. Ali and Törn [26] proposed that
the mutation scaling factor, F should be diversified at early stages and intensified at latter stages. Abbass introduced
self-adaptive multi-objective DE by encoding the value of Cr into each individual and simultaneously evolving it
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with other search variables [27]. Zaharie derived a closed form relation for lower limit of mutation scaling factor
[28]. Mallipeddi and Suganthan studied the effect of population size on the quality of solutions using a set of five
benchmark problems [29].
The most important challenge in some optimization problems is CPU time. The evaluation of fitness function in
some engineering applications is very time consuming. Engineering designers employ optimization algorithms
together with numerical simulation software to design better and cheaper products. Using finite element or finite
volume based simulation software, they solve governing partial differential equations thousands of times to find
optimal design. The performance and convergence speed of optimization algorithm have the most important effect
on CPU time in this specific applications.
Although adaptive setting of differential evolution control parameters can improve the performance of DE algorithm
in some specific applications, this work tries to look at DE algorithm from different perspective and improve the
performance of different versions of differential evolution and even adaptive DE algorithms. In this study, the
original differential evolution algorithm has been modified in order to increase the convergence speed of the
optimization algorithm. The performance characteristics of the modified differential evolution algorithm have been
compared with those of the original differential evolution algorithm. These modifications have been applied to
different versions of differential evolution and adaptive DE algorithms in order to investigation the convergence
speed of these modified methods. Finally, the proposed modifications have been tested on several optimization
problems to evaluate the effect of these modifications on the convergence speed of the algorithm in different
applications.
2. DIFFERENTIAL EVOLUTION
Differential Evolution (DE) is a vector population based stochastic optimization method which has been introduced
in 1995 by Storn and Price. Like genetic algorithm (GA), this method is able to optimize objective functions which
are function of discrete variables [30-31].
An unconstrained optimization problem can be stated as follows [32]:
Find



X  x1 , x2 ,..., xn  which minimizes f ( X )



where X is an n-dimensional vector called design vector and f ( X ) is the objective function.
Differential evolution can be briefly explained as follows:

(1)

2.1. The Population
Differential evolution is a population based optimization method. Assume the population contains Np individuals.

th
th
X i ,g is the i individual of g generation of the population. The first population is selected randomly in differential
evolution. Figure 1 shows the first random population in a two dimensional problem [33].
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Figure.1 The first random population in a two dimensional problem
2.2. The Mutation
There are several techniques for mutation of individuals in differential evolution. In general, the mutant individual
can be defined as follows [33]:



1
Vi ,g  Yi ,g  F .
N



 X

N 1
n 0

133

r ( 2 n  1 ), g


 X r( 2 n  2 ), g



(2)

IJRRAS 15 (2) ● May 2013

where

Shamekhi ● Differential Evolution Optimization Algorithm


Yi ,g is the base vector and F is a constant parameter called mutation scale factor and subscript r shows that

the individual is selected randomly in the population. Based on this general equation, there are four mutation
techniques which are very popular in the literature:
DE/rand/1/bin:





Vi ,g  X r 0 ,g  F . X r1,g  X r 2 ,g









DE/best/1/bin:
Vi ,g  X best,g  F . X r 1,g  X r 2 ,g






DE/current-to-best/1/bin: Vi ,g  X i ,g  F . X best,g  X i ,g  F . X r 1,g  X r 2 ,g






DE/best/2/bin:
Vi ,g  X best,g  F . X r 1,g  X r 2 ,g  X r 3 ,g  X r 4 ,g



where












X best,g is the individual which has the best fitness in the population.




(3)
(4)
(5)
(6)

2.3. The Crossover
The most common crossover in differential evolution is uniform crossover which can be defined as follows [33]:


v j ,i ,g if rj  Cr or j  jrand 
U i ,g  u j ,i ,g  
 j  1..n
 x j ,i ,g if rj  Cr

where

(7)

ri is a uniformly distributed random variable (0 ≤ ri < 1) and jrand is a random index (1 ≤ jrand ≤ n) and Cr is a

constant parameter called crossover constant.
2.4. The Selection
The final step in DE algorithm is the selection of the better individual for the minimization of the objective
function


f ( X ) . This process can be defined as follows [33]:


U i , g if
X i , g 1  
 X i , g if



f (U i , g )  f ( X i , g ) 

 
f (U i , g )  f ( X i , g ) 

(8)

The selection process involves a simple replacement of the original individual with the obtained new individual if it
has a better fitness.
There are three control parameters in the DE algorithm: the mutation scale factor F, the crossover constant Cr, and
the population size Np. Storn and Price suggested the following values for these control variables [33]:
F [0.5,1.0]
(9)
Cr  [0.8,1.0]

Np  10.n
2.5. Differential Evolution Algorithm
Table 1 shows the differential evolution algorithm (DE/rand/1/bin).
Table 1. Differential evolution algorithm (DE/rand/1/bin)


Step 1: Select Np individuals X i ,g randomly.

Step 2: For i = 1 to Np let f i  f ( X i ,g )
Step 3: While (convergence criterion not yet met) do steps 4 to 10
Step 4: For i = 1 to Np do steps 5 to 10
Step 5: Select three different random indexes r0, r1 and r2 between 1 to Np ( i  r0  r1  r2 )




Step 6: Let Vi ,g  X r 0 ,g  F .X r1,g  X r 2 ,g 
Step 7: For j = 1 to n do steps 8 to 9
Step 8: Select randomly rj variable (0 ≤ rj < 1) and jrand index (1 ≤ jrand ≤ n)
Step 9: If r j  Cr or j=jrand then u j ,i ,g  v j ,i ,g else u j ,i ,g  x j ,i ,g






Step 10: If f (U i ,g )  f i then X i ,g 1  Ui ,g ; f i  f (U i ,g ) else X i ,g  1  X i ,g
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3. IMPROVED DE ALGORITHM
In many scientific applications such as shape optimization, the evaluation of fitness function is very time
consuming. This condition makes the process of optimization very time consuming. Looking at differential
evolution algorithm (DE/rand/1/bin), at each generation every individual evolves based on three other random
selected individuals, one as the based individual and the difference of the other two as the mutating vector. At the


end of the process, the evolved individual, U i ,g competes with the original individual, X i ,g . In this competition if
the fitness function of the evolved individual is better than the fitness function of the original individual, the original
individual is replaced by the evolved individual. In fact, differential evolution algorithm finds the optimal point
through an organized parallel interacting try and error process. Some of these tries are successful and increase the
average fitness of the population and some of them are unsuccessful and are not able to do any change in the
population. In every try, the fitness of the evolved individual should be evaluated which can be very time consuming
in some scientific applications. If there was a way to decrease the number of unsuccessful tries in DE algorithm, the
computational time of the optimization process could be decreased and consequently the performance of differential

evolution would be increased. In the selection process of differential evolution, the evolved individual U i ,g competes

with the original individual X i ,g . In this process for the original individuals which have worse fitness compared to
the average fitness of the population, the probability of replacement of them by evolved individuals is more than the
original individuals which have better fitness compared to the average fitness of the population. Based on this
interpretation, in this work a modified differential evolution algorithm is proposed. In the modified version of
differential evolution algorithm, in each generation, all individuals of the population are sorted based on their
fitness. As evolved individual is evaluated based on three random selected individuals, this modification does not
change the differential evolution algorithm. After that, to increase the number of successful tries in selection process
of differential evolution algorithm, only half the of population which has worse fitness is evolved in each generation.
This modification can increase the probability of the selection of evolved individuals and consequently can increase
the performance of differential evolution algorithm. Table 2 shows the modified differential evolution algorithm
(Modified DE/rand/1/bin).
Table 2. Modified differential evolution algorithm (Modified DE/rand/1/bin)


Step 1: Select Np individuals X i ,g randomly.

Step 2: For i = 1 to Np let f i  f ( X i , g )
Step 3: If Np is even then let m = Np/2 else m = (Np+1)/2
Step 4: While (convergence criterion not yet met) do steps 5 to 15
Step 5: For i = 1 to Np do steps 6, 7
Step 6: For j = i+1 to Np do steps 7


Step 7: If f j  f i then swap X i , g , X j , g and swap f j , f i
Step 8: For i = 1 to m do steps 9 to 14
Step 9: Select three different random indexes r0, r1 and r2 between 1 to Np ( i  r0  r1  r2 )




Step 10: Let Vi ,g  X r 0 ,g  F . X r 1,g  X r 2 ,g





Step 11: For j = 1 to n do steps 12 to 13
Step 12: Select randomly rj variable (0 ≤ rj < 1) and jrand index (1 ≤ jrand ≤ n)
Step 13: If r j  Cr or j=jrand then u j ,i ,g  v j ,i ,g else u j ,i ,g  x j ,i ,g






Step 14: If f (U i ,g )  f i then X i ,g  1  U i ,g ; f i  f (U i , g ) else X i ,g  1  X i ,g





Step 15: For i = m+1 to Np let X i ,g  1  X i ,g
It is clear that in the modified algorithm, only half of the population having worse fitness is evolved in each
generation. From other point of view, in the modified version of differential evolution algorithm, the individual
which has better fitness remains unchanged and survives and the individual with worse fitness has less chance to
survive.
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4. RESULTS AND DISCUSSION
To compare the performance of the modified differential evolution algorithm with the original one, the same
optimization problem used by Storn and Price is considered [31, 33].
Find
where,

x, y 

which minimizes

f  x, y 

 

f  x, y   31  x  . exp  x 2   y  1
2

2

(10)



x

 10  x 3  y 5 . exp  x 2  y 2 
5


1
2
 exp   x  1  y 2
3

 

(11)



Figure 2 shows f  x, y  in three-dimensional coordinate system.

f  x, y 

y
x

Figure. 2 f x, y  in three-dimensional coordinate system
Although the evaluation of this objective function is not time consuming, it can show the performance of the
optimization algorithm. This function is minimized using both the original differential evolution and the modified
differential evolution algorithms with the following conditions:

 3  x  3 and  3  y  3

(12)

The control parameters of differential evolution are assumed to be:

F  0.5 ; Cr  0.8 and Np  10.

(13)

As mentioned before, the process of evaluation of fitness function is very time consuming in many optimization
problems. Therefore the number of fitness functions which have been evaluated in the optimization process can be a
very good estimation of CPU time. Figures 3-5 compare the different positions of individuals of the original
differential evolution algorithm with those of the modified differential evolution algorithm. Figures 6-8 illustrate the
difference vector distribution of both the original and the modified differential evolution algorithms. It can be seen
that modified differential evolution algorithm is able to converge and find the optimum point faster compared to the
original algorithm.
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x

Modified DE/rand/1/bin

Figure. 3 Position of different individuals after 16 objective function values evaluated
Original DE/rand/1/bin

Modified DE/rand/1/bin

Figure. 4 Position of different individuals after 95 objective function values evaluated
Original DE/rand/1/bin

Modified DE/rand/1/bin

Figure. 5 Position of different individuals after 198 objective function values evaluated
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Original DE/rand/1/bin

Modified DE/rand/1/bin

Figure. 6 Difference vector distribution after 16 objective function values evaluated
Original DE/rand/1/bin

Modified DE/rand/1/bin

Figure. 7 Difference vector distribution after 95 objective function values evaluated

Original DE/rand/1/bin

Modified DE/rand/1/bin

Figure. 8 Difference vector distribution after 198 objective function values evaluated
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Figure 9 shows the average fitness in each generation of the original and modified differential evolution algorithms.
Similarly, Figure 10 compares the best fitness of individuals of the original differential evolution algorithm with that
of the modified algorithm. According to these graphs, in the original differential evolution algorithm the average
fitness of the population converges after 286 objective function evaluations and best fitness of the population
converges after 231 objective function evaluations (convergence criteria: error less than 1%). While in the modified
differential evolution algorithm, the average fitness of the population converges after 162 objective function
evaluations and best fitness of the population converges after 132 objective function evaluations. These results show
that the modified differential evolution algorithm is about 43% faster than the original differential evolution
algorithm in this particular problem (we assumed the major CPU time is related to fitness evaluation). Figure 11
compares the number of successful tries in the selection process of the original differential evolution algorithm with
that of the modified algorithm. It is clear that the modified differential evolution algorithm was able to increase the
number of successful tries and consequently increase the performance of the optimization algorithm.

Figure. 9 Average fitness in each generation of the original and modified differential
evolution algorithms (DE/rand/1/bin version)

Figure. 10 Best fitness of individuals of the original and the modified differential evolution
algorithms (DE/rand/1/bin version)
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Figure. 11 Number of successful tries in the selection process of the original and modified
differential evolution algorithms (DE/rand/1/bin version)
Figures 12-14 show the average fitness in each generation of the different versions of the original and modified
differential evolution algorithms. According to the results obtained, these modifications were able to improve the
performance of the different versions of differential evolution algorithm.

Figure. 12 Average fitness in each generation of the original and modified differential
evolution algorithms (DE/best/1/bin version)

Figure. 13 Average fitness in each generation of the original and modified differential evolution
algorithms (DE/current-to-best/1/bin version)
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Figure. 14 Average fitness in each generation of the original and modified differential
evolution algorithms (DE/best/2/bin version)
There are three control parameters in the DE algorithm: the mutation scale factor F, the crossover constant Cr, and
the population size NP. In the standard differential evolution, which was proposed by Price and Storn, these
parameters were assumed to be constant. Some researchers have tried to improve the performance of differential
evolution algorithm by adaptively tuning these control parameters. Ali and Törn [26] proposed that the mutation
scaling factor, F should be diversified at early stages and intensified at latter stages. They modified the mutation
scale factor by the following equation [26]:




f max 
f max
 1
max lmin , 1 
 if
f min 
f min



F



f
 max l , 1  min otherwise 


min


f max 




(14)

where lmin  0.4 and fmin and fmax are the minimum and maximum objective function values over the individuals of
the population, which are obtained in a generation. Figure 15 compares the average fitness in each generation of the
adaptive DE/rand/1/bin with the modified adaptive DE/rand/1/bin algorithms. It is clear that the proposed
modifications are even able to improve the performance of the adaptive differential evolution algorithm by 45%
(convergence criteria: error less than 1%).

Figure. 15 Average fitness in each generation of the adaptive DE and modified adaptive DE algorithms
(Adaptive DE/rand/1/bin by Ali & Törn [26])
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To find the performance of the modified differential evolution algorithm in more complex and realistic scientific
problems, a shape optimization problem has been solved using original and modified differential evolution
algorithms. In this problem, differential evolution algorithm is used for finding a curve joining the points





x1, y1 

and x2 , y2 that yields a surface of revolution of minimum area when revolved about the x axis. In other words,
we must minimize

I

x2

 2y

1  y 2 dx

(15)

x1

For this purpose, using 10 design points (xi are fixed and yi are variable) the curve joining x1 , y1  and

x2 , y2  is

defined through cubic spline curve. Simpson rule of order  1  is used for integration. The control parameters of
4
N 
differential evolution are assumed to be:
(16)
F  0.5 ; Cr  0.8 and Np  50
For x1 , y1   1, 7.5243 and x2 , y2   4 , 2.2552 the analytical solution is as follows [34]:

 x  5
(17)
y  2 Cosh

 2 
Figure 16 shows the average fitness in each generation of the original and modified differential evolution algorithm.
According to this graph, in the original differential evolution algorithm the average fitness of the population
converges after 382 seconds (convergence criteria: error less than 1%), while in the modified differential evolution
algorithm, the average fitness of the population converges after 237 seconds. This result shows that the modified
differential evolution algorithm is about 38% faster than the original one in this particular problem. Figure 17 shows
the optimized curve of the revolution which is completely close to the analytical solution. Table 3 shows the average
CPU time of different optimization problems which have been solved using the original and modified differential
evolution algorithms. The average CPU time is based on 50 different runs for every optimization problem. In all
cases, the modified differential evolution algorithm is faster than the original one.

Figure. 16 Average fitness in each generation of the original and modified differential evolution algorithms
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Figure. 17 Optimized curve of revolution
Table 3. Average CPU time of different optimization problems which has been solved using the original and
modified differential evolution algorithms (average CPU time of 50 different runs)
Average Convergence Time (Convergence criteria: error less than 1%)
Optimization Problem

Original DE/rand/1/bin

Modified DE/rand/1/bin

494 Sec

403 Sec

323 Sec

258 Sec

1  y 2 dx

382 Sec

237 Sec

I   2x 1  y 2 dx

779 Sec

592 Sec

407 Sec

323 Sec

502 Sec

388 Sec

1  y 2
dx
y

420 Sec

306 Sec

1  y 2
dx
x

413 Sec

324 Sec

1  y 2
dx
2 gy

356 Sec

238 Sec

404 Sec

307 Sec

I

x2

y

2

dx

x1

I

x2



1  y 2 dx

x1

I

x2

 2y

x1

x2

x1
x2

I   y 2 1  y 2 dx
x1

I

x2

 x

2

1  y 2 dx

x1

I

x2



x1

I 

x2



x1

I

x2



x1

I 

x2



x1

1  y 2
2 gx

dx
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5. CONCLUSION
Since the invention of differential evolution in 1995 many researchers have tried to improve the performance of the
basic differential evolution algorithm in several specific applications. The most important challenge in many
optimization problems is CPU time. Some researchers started to develop several techniques to adaptively find
optimal set of control parameters of DE in order to increase the convergence speed of the optimization algorithm.
While differential evolution algorithm finds the optimal point through an organized parallel interacting try and error
process, if there was a way to decrease the number of unsuccessful tries in DE algorithm, the performance of
differential evolution would be increased. In this study, the original differential evolution algorithm has been
modified in order to increase the convergence speed of the optimization algorithm. In the modified version of the
differential evolution algorithm, in each generation, all individuals of population are sorted based on their fitness.
After that, to increase the number of successful tries in the selection process of the differential evolution algorithm,
only half of the population which has worse fitness is evolved in each generation. This modification can increase the
probability of selection of evolved individuals and consequently can increase the performance of the differential
evolution algorithm. On the other hand, in the modified version of the differential evolution algorithm, the
individual which has better fitness remains unchanged and survives while the individual with worse fitness has less
chance to survive. The performance characteristics of the modified differential evolution algorithm have been
compared with those of the original differential evolution algorithm. Results obtained show that the modified
differential evolution algorithm is able to converge and find the optimum point up to 43% faster compared to the
original algorithm. These modifications have been applied not only to the different versions of differential evolution
algorithm but also to the adaptive differential evolution algorithm. According to the results obtained, these
modifications were able to improve the performance of the different versions of differential evolution and even
adaptive DE algorithms by 45%. Finally, the proposed modifications have been tested on several optimization
problems to evaluate the effect of these modifications on the convergence speed of the algorithm in different
applications. In all cases, the modified differential evolution algorithm is 20 to 40 percent faster than the original
one. The results obtained completely agree with analytical results.
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