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Abstract A new differential mutation base strategy for differential evolution (DE), namely
best of random, is proposed. The best individual among several randomly chosen individuals
is chosen as the differential mutation base while the other worse individuals are donors for
vector differences. Hence both good diversity and fast evolution speed can be obtained in DE
using the new differential mutation base. A comprehensive comparative study is carried out
over a set of benchmark functions. Numerical results show that a better balance of reliability
and efficiency can be obtained in differential evolution implementing the new generator of
differential mutation base, especially in functions with high dimension.

Keywords Differential evolution · Differential mutation · Best of random · Diversity

1 Introduction

Differential evolution (DE) [1–6] is a simple, efficient and robust evolutionary algorithm
(EA). It has found increasing applications in a number of scientific and engineering fields.
Many researches have reported that DE outperformed some other EAs when optimizing
benchmark functions or real-world problems [4–12].

In the community of differential evolution [2,13], differential evolution algorithms are
marked as DE/x/y/z where x indicates how the differential mutation base is chosen, y ≥ 1 is
the number of vector differences added to the differential mutation base vector, and z indi-
cates which kind of crossover operation is used. It is well known that differential mutation
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is the crucial idea behind the success of differential evolution. Best and random are the two
most often implemented differential mutation bases.

Through a comprehensive parametric study on differential evolution [5,14,15], it has been
observed that differential evolution algorithms with best differential mutation base are in gen-
eral more efficient while those with random differential mutation base are in general more
reliable. Neither of them achieves harmony between reliability and efficiency, a challenge
facing all evolutionary algorithms.

Generally speaking, differential mutation can be regarded as local search around differen-
tial mutation base. Guidance provided by the best differential mutation base leads to higher
efficiency at the cost of diversity while blind search by using random differential mutation
bases gains diversity and sacrifices efficiency. Hence, effectively balancing exploration and
exploitation by using differential mutation base providing both guidance and diversity simul-
taneously might be a more promising solution. The new generator for differential mutation
base, namely the best of random differential mutation base, is accordingly proposed.

The new generator for differential mutation base is very simple and introduces no addi-
tional intrinsic control parameter. Like random differential mutation, best of random differen-
tial mutation also randomly chooses several mutually different individuals. However, unlike
random differential mutation, best of random differential mutation uses the best individual
among these individuals as differential mutation base while the other worse individuals are
donors for vector differences.

The new differential mutation base has been examined by comprehensive simulations
over a set of benchmark functions. Numerical results show that a better balance of reliability
and efficiency can be obtained in differential evolution implementing the new generator of
differential mutation base, especially in functions with high dimension.

The rest of this paper is arranged as follows. Section 2 briefly describes differential evolu-
tion. Details of the new generator of differential mutation base are given in Sect. 3. A platform
for evaluating differential evolution is constructed in Sect. 4. Section 5 presents numerical
results of the conducted numerical evaluation. Conclusion is given in Sect. 6.

2 Differential evolution

2.1 Convention

Minimizing a single objective function f(x) with N-dimensional real optimization parameters
x without any constraint is considered in this paper. Natural real code is adopted.

Differential evolution operates on a population containing Np individuals. It involves two
stages, namely, initialization and evolution. Initialization generates initial population P0.
Then P0 evolves to P1, P1 evolves to P2, …, and so on, until the termination conditions
are fulfilled. While evolving from Pn to Pn+1, the three evolutionary operations, namely,
differential mutation, crossover and selection are executed in sequence.

2.2 Classic differential evolution

The Fortran-style pseudo-code of classic differential evolution (CDE) is shown in Fig. 1
where the vector of optimization parameters xi,n is the ith individual in population Pn , vi,n+1

is the mutant corresponding to xi,n , bi,n is the differential mutation base, p1y and p2y are
integer numbers, usually random, Fy , a constant usually in [0,1], is the mutation intensity for
the yth vector difference xp1y ,n −xp2y ,n , xp1y ,n and xp2y ,n are the donors for vector difference,
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Initialization 

n = 0 

do i = 1, Np

do j = 1, N
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end do 

end do 
crossover mutant vi, n+1with target individual xi, n to deliver child ci, n+1

evaluate child f(ci, n+1)

selection to get individual xi, n+1

if f(ci, n+1) < f(xi, n)

xi, n+1 = ci, n+1

else

xi, n+1 = xi, n

end if 

end do 

n = n + 1

end do 

Fig. 1 Fortran-style pseudo-code of classic differential evolution

123



72 J Glob Optim (2011) 49:69–90

ci,n+1.is the child or trial individual generated by crossover. αi, j is a real random number in
[0,1], [bL

i , bU
i ] is the search space of the j th optimization parameter, xi, j .

2.2.1 Differential mutation base

There are various differential mutation base generators among which best and random dif-
ferential mutation bases are the most often implemented.
A. Best differential mutation base

In this scheme, the best or the most dominant (in terms of objective function value) indi-
vidual xbest,n in Pn is chosen as the differential mutation base.
B. Random differential mutation base

In this scheme, the differential mutation base is randomly chosen from Pn .

2.2.2 Crossover

Likewise, different crossover schemes are applicable, among which binomial crossover and
exponential crossover are the most often implemented.
A. Binomial crossover

In this scheme, ci,n+1 is generated as follows

ci, j,n+1 =
{

vi, j,n+1 βi, j,n+1 ≤ Cr

xi, j,n otherwise
(1)

where βi, j,n+1 is a real random number uniform in the range [0,1] and Cr , a constant in [0,1],
is the crossover probability.

There is an extreme case. The child duplicates vi,n+1. In this case, a randomly chosen
parameter of xi,n , xi, j,n , will replace the corresponding parameter of the child ci,n+1, ci, j,n+1.

There is another extreme case. ci,n+1inherits no parameter from vi,n+1 and hence no evo-
lution happens. In this case, a randomly chosen parameter of the child ci,n+1, ci, j,n+1, will
be replaced by the corresponding parameter of the mutant vi,n+1, vi, j,n+1.
B. Exponential crossover

The Fortran-style pseudo-code is given in Fig. 2.

Fig. 2 Fortran-style pseudo-code for exponential crossover for differential evolution
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2.2.3 Termination conditions

In this paper, the following two termination conditions are applied simultaneously.
A. Objective met

This termination condition is only applicable to optimization problems whose optima are
known. Such optimization problems include multi-dimensional benchmark functions and
benchmark application problems for unconstrained single-objective optimization. Usually,
they are involved in algorithm evaluation.

In this study, it can be mathematically expressed as

f
(
xp,n

) − f
(
x∗) ≤ ε f ∃1 ≤ p ≤ Np (2)

where f (x∗) is the known optima, ε f is the predefined error tolerance.
B. Limit of number of objective function evaluations

Unlimited time to search optimal solution is unaffordable in practice. The search process
has to be terminated when the consumed time exceeds certain limit. Although limit on search
time is straightforward, it does not capture the essence of optimization and is dependent
on hardware. Instead, limit of number of objective function evaluations is a hardware-free
marker for consumed time.

2.3 Dynamic differential evolution

Classic differential evolution is static in nature from the point of view of population updating
and is therefore inherently inefficient. Inspired by the advantage of Gauss-Seidel method
against Jacobi method for linear equations, the dynamic differential evolution (DDE) [16]
was developed. The Fortran-style pseudo-code for dynamic differential evolution is shown
in Fig. 3, where the generation indexes n and n + 1 do not show up any more. This indi-
cates that all evolutionary operations are executed over individuals in the current population.
There is only one population whose individuals are continuously updated by their competitive
children. For more details of dynamic differential evolution, please refer to [16].

Extensive performance evaluation has been carried out [5]. As expected, in general,
dynamic differential evolution outperforms classic differential evolution. But comparing
with CDE, DDE has a disadvantage. Unlike CDE, it cannot be parallelized. For the problems
where the function evaluation requires much computation time, parallelization is important
hence CDE is more suitable than DDE to solve them.

3 Best of random differential mutation base

For most evolutionary algorithms including DE, how to balance two contradictory aspects:
exploration and exploitation, is a crucial problem. In fact, this problem can also be under-
stood from another point of view: the balance of diversity and evolution of the population.
Diversity here means the dispersing of the individuals in the population, while evolution
means constant improvement of the (average) performance of the population as they evolve
from one generation to the next. For a good balance of them, in principle we should assign
more search resource to the promising regions for fast evolution speed while at the same time
keep the diversity of the population from decreasing rapidly for reliable convergence.

Generally speaking, differential mutation operation in DE could be regarded as a local
search. Differential mutation base vector acts as the local search center and the scaled vector
difference determines the search range or search step around the center. The diversity of the
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Fig. 3 Fortran-style pseudo-code of dynamic differential evolution

population at the next generation depends on the diversity of the local search centers (base
vectors). In DE/rand/*/*, the base vectors are randomly chosen from the population, hence
a good diversity of base vectors (local search centers) is gained. But as the base vectors have
no preference for promising regions or solutions, the evolution speed of DE/rand/*/* is rel-
atively slow. On the other hand, all the individuals in DE/best/*/* use the same base vector:
the best vector so far. This kind of concentrated search around the best individual often leads
to fast evolution speed but is more inclined to stagnation due to the lack of enough diversity
of base vectors.

From the above analysis, it is noticed that using base vectors with high quality in DE often
brings fast evolution speed, and increasing the diversity of base vectors also promotes the
diversity of the population. Differential mutation base providing both guidance and diversity
should be a more promising choice. Based on this idea, a new generator for differential muta-
tion base, namely best of random, is proposed. Best of random differential mutation base
uses the best individual among several randomly chosen individuals as differential mutation

123



J Glob Optim (2011) 49:69–90 75

Fig. 4 Fortran-style pseudo-code for best of random differential mutation base

base and the other worse individuals as donors for vector differences. Thus both good quality
and diversity of the base vectors can be obtained. The formula for best of random differential
mutation strategy can be expressed as:

vi,n+1 = xpb,n +
∑
y≥1

Fy(xp1y ,n − xp2y ,n), 1 ≤ i �= p1y �= p2y ≤ Np (3)

where, the individuals xp1y ,n , xp2y ,n and xpb,n are randomly chosen from the population, and
xpb,n is the best one of them, i.e. f (xpb,n) ≤ min( f (xp1y ,n), f (xp2y ,n)). The Fortran-style
pseudo-code of best of random differential mutation base generator is shown in Fig. 4. DE
implementing best of random differential mutation base is denoted as DE/BoR/*/*. In this
paper, DE/BoR/1/* is used. It should be pointed out that there is no need to modify any
other evolutionary operations in differential evolution. What we need is to write a separate
subroutine for the new differential mutation base and replace existing subroutines for dif-
ferential mutation base, as highlighted by shadow in Figs. 1 and 3. It can be found easily
that DE/BoR/1/* is almost as simple as DE/rand/1/* and introduce no extra intrinsic control
parameters.

4 Evaluation platform

4.1 Test bed

For a fair comparison of different DE algorithms, a test bed consisting of 13 benchmark
functions with different representative mathematical features, such as modality, separability,
differentiability, symmetry, is used. The definition and mathematical features of the bench-
mark functions are given in Appendix.

All the benchmark functions are scalable for the sake of investigating the effect of dimen-
sionality. Two different dimensions, N = 8 and 50 representing low and high dimensional
problems respectively, are used in the simulations. For dimension 50, as the simulation of
some functions are computationally very expensive, only nine functions are simulated. Func-
tion Griewank of dimension 50 is only simulated with CDE schemes as it is also computa-
tionally very expensive and it is observed that the simulation results of multimodal functions
of dimension 50 in CDE and DDE are similar.

4.2 Differential evolution algorithms

Twelve differential evolution algorithms are involved in this study

1. CDE/best/1/bin (CBB)
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2. CDE/rand/1/bin (CRB)
3. CDE/BoR/1/bin (CBoB)
4. CDE/best/1/exp (CBE)
5. CDE/rand/1/exp (CRE)
6. CDE/BoR/1/exp (CBoE)
7. DDE/best/1/bin (DBB)
8. DDE/rand/1/bin (DRB)
9. DDE/BoR/1/bin (DBoB)

10. DDE/best/1/exp (DBE)
11. DDE/rand/1/exp (DRE)
12. DDE/BoR/1/exp (DBoE)

4.3 Intrinsic control parameters

Here, the finite set of intrinsic control parameters is Sicp = SNp ∪ SF ∪ SCr. All combina-
tions of 3 intrinsic control parameters from their sets SNp, SF and SCr are simulated in our
experiments.

4.3.1 Population size

Two different sets of population sizes are used

SNp = {16, 24, 32, 40, 48, 56, 64, 72, 80, 120}
SNp = {20, 30, 40, 50, 60, 70, 80}

The first set of population size is for simulating 8-dimensional benchmark functions while
the second set for 50-dimensional benchmark functions. Initially, the sets of population sizes,
SNp = {8, 16, 24, 32, 40, 48, 56, 64, 72, 80, 120, 160, 200, 400} and SNp = {10, 20, 30, 40,
50, 60, 70, 80, 90, 100, 150, 200, 250, 500}, are devised for 8 and 50-dimensional functions
in our previous parametric study of DE/best/1/* and DE/rand/1/* [5]. It has been observed
from the simulation results that DE does not benefit from increasing of population size if
it has been above the optimal population size. Thus in this paper we choose smaller sets of
population sizes, but if necessary, other population sizes will be added for some benchmark
functions in order to include the optimal population size.

4.3.2 Mutation intensity

The set of tested mutation intensity takes the form as SF = {F |F = j ×�F , 1≤ j ≤ m/�F},
m = 1 unless specified otherwise. �F = 0.025 is used in this paper.

4.3.3 Crossover probability

The set of tested crossover probability SCr = {Cr |Cr = j × �Cr , 1 ≤ j ≤ 1/�Cr }, �Cr is
usually equal to �F.

4.4 Termination conditions

The error tolerance ε f for each benchmark function is set to be 1×10−2. The default limit of
number of objective function evaluation is 2000 times the number of optimization parameters.
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But it is increased to 64,000, 128,000 and 128,000 for 8-dimensional functions Griewank,
Whitley and Weierstrass, respectively, and 200,000 for 50-dimensional Griewank function.

4.5 Performance indicators

Performances of evolutionary algorithms include reliability, efficiency, and robustness, in the
order of importance, or priority. Reliability shows how confident the desired optima can be
found by the evolutionary algorithm, efficiency shows how fast the evolutionary algorithm
finds the desired optima, while robustness shows how sensitive the algorithm’s efficiency is
to other factors, such as randomness, intrinsic and non-intrinsic control parameters.

Evaluation of evolutionary algorithms can be done at two levels, i.e., parameter level and
system level. Parameter level is the low level while system level is the high level.

4.5.1 Search and trial

A search is an execution of an evolutionary algorithm with fixed intrinsic control parameters.
It is successful if it finds the desired optima. The number of objective function evaluations
(NOFE) of a successful search is recorded.

To reduce randomness, each search with fixed intrinsic control parameters is repeated 100
times in this paper, such a repetition is a trial. The number of successful searches (NSS) in
a trial is recorded. A trial with at least one successful search is a partially successful trial.
In accordance, the average number of objective function evaluations (ANOFE) of all suc-
cessful searches in a partially successful trial is computed. If all of the searches in a trial are
successful, it is a successful trial.

4.5.2 Parameter level evaluation

So far, attention has been focused on evaluation of evolutionary algorithms at parameter
level. At this level, evolutionary algorithms are evaluated with fixed intrinsic and non-intrin-
sic control parameters. The number of successful searches among a trial indicates reliability,
the average number of objective function evaluations of all successful searches among the
trial indicates efficiency, while the distribution of number of objective function evaluations
of all successful searches among the trial indicates robustness.

The interaction between evolutionary algorithm, intrinsic and non-intrinsic control param-
eters has not been touched at parameter level evaluation. Evolutionary crimes are often
observable within such evaluations[5]. From the point of view of practical application, such
evaluation is not enough.

4.5.3 System level evaluation

At system level, instead, evolutionary algorithms are evaluated with many different combi-
nations of control parameters. Evaluation of evolutionary algorithms at system level regards
evolutionary algorithm, its intrinsic and non-intrinsic control parameters, and even prob-
lem features as a system. The evolutionary algorithm is not isolated. On the contrary, the
interaction between evolutionary algorithms, intrinsic and non-intrinsic control parameters
is systematically addressed. The ultimate goal here is to find the optimal intrinsic control
parameter values and the relationship between evolution algorithm, intrinsic and non-intrinsic
control parameters, and problem features. It is exactly the demand of application engineers.
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However, by now, few people have paid attention to evaluation of evolutionary algorithms at
system level.

At system level, many trials corresponding to different combinations of intrinsic control
parameters, instead of one trial, are conducted. Attention is focused on successful trials.
Under each population size, 40 × 40 = 1,600 trials corresponding to different combinations
of F and Cr are conducted in this paper. The number of successful trials (NST) among
the 1600 trials at each population size is recorded. The highest number of successful trials
(HNST) among the NSTs of different population sizes is defined as the reliability indicator.
By normalizing HNST to the total number of trials (TNT) under a fixed population size
(TNT = 1,600 in this paper), the reliability indicator can also be expressed as the highest
successful trail rate RH ST = HNST/TNT. The population size at which the HNST or RH ST is
achieved is the optimal population size in terms of reliability. The minimal average number
of objective function evaluations (MANOFE) among the ANOFEs of all successful trials at
the optimal population size in terms of reliability is defined as the efficiency indicator. In
this paper, no robustness indicator is defined since it is the least important performance for
differential evolution at system level evaluation.

5 Numerical results

5.1 8-Dimensional benchmark functions

The reliability and efficiency of differential evolution for solving 8-dimensional benchmark
functions and the corresponding optimal intrinsic control parameters (Np , F , Cr ,) are given
in Table 1. The 12 participating DE algorithms are organized in 4 groups. Members in each
group differ by differential mutation base. The best result in each group is highlighted in bold-
face and the best result of all participating differential evolution algorithms is highlighted in
bold italic.

With regard to the reliability, DE/BoR/1/* is the most reliable among the three different
differential mutation strategies in function f 3. In function f 6, DE/best/1/* is the most reli-
able, DE/BoR/1/* ranks second and DE/rand/1/* is the least reliable. In functions f 10 and
f 11, DE/rand/1/* is a little bit more reliable than DE/BoR/1/*, and DE/best/1/* ranks the
worst in terms of reliability. In the rest functions, the reliability of DE/BoR/1/* is close to
that of DE/rand/1/*.

As for the efficiency, in functions f 1 ∼ f 6 and f 8, DE/best/1/* is the most efficient
among the three different differential mutation strategies, and DE/BoR/1/* ranks second. In
functions f 7, f 9, f 12 and f 13, the efficiency of DE/BoR/1/* is the best or close to the best
among the three different differential mutation strategies. In function f 10, CDE/rand/1/*
is a little bit more efficient than CDE/BoR/1/* while DDE/rand/1/* is almost as efficient as
DDE/BoR/1/*, and DE/best/1/* is the least efficient. In function f 11, DE/best/1/* is the most
efficient while the efficiency of DE/BoR/1/* is close to that of DE/rand/1*.

It is observed from Table 1 that the overall performance of DE/BoR/1/* is never the
worst in each function. In general, DE/BoR/1/* is almost as reliable as but more efficient
than DE/rand/1/*. As a whole, a better balance of reliability and efficiency is obtained in
DE/BoR/1/* than in DE/best/1/* and DE/rand/1/*.

In order to find the relationship between DE algorithms and the mathematical features,
such as modality, of the benchmark functions, the performance of DE algorithms with dif-
ferent differential mutation strategies in unimodal and multimodal functions are compared.
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In unimodal functions ( f 1 ∼ f 7), DDE/best/1/* is both most reliable and efficient in all
the unimodal functions except f 3 (Rosenbrock), in which DDE/best/1/* has better efficiency
but worse reliability compared with DDE/rand/1/* and DDE/BoR/1/*. CDE/best/1/* also has
best efficiency but not best reliability in most unimodal functions. As a whole, DE/best/1/*
performs best among 3 different differential mutation strategies. DE/BoR/1/* ranks second.
And DE/rand/1/* performs worst.

In multimodal functions ( f 8 ∼ f 13), DE/best/1/* performs worst. It is much less reliable
than DE/rand/1/* and DE/BoR/1/*, and has no better efficiency. DE/rand/1/* is the most
reliable while DE/BoR/1/* is the most efficient in general.

From the results of the unimodal and multimodal functions, it is evident that the modality of
the function greatly affects the performance of DE algorithms with different differential muta-
tion bases. Generally, DE/best/1/* performs better than DE/BoR/1/* and DE/rand/1/* in uni-
modal functions. While in multimodal functions better diversity is needed, hence DE/rand/1/*
and DE/BoR/1/* perform better.

5.2 50-Dimensional benchmark functions

The reliability and efficiency of DE when solving 50-dimensional functions and the corre-
sponding optimal intrinsic control parameters (Np , F , Cr ) are given in Table 2.

It is observed from Table 2 that the reliability of DE/BoR/1/* is close to that of the best
one of the three different differential mutation strategies in all the functions except f 5, in
which DE/best/1/* is the most reliable and DE/BoR/1/* ranks second. In functions f 2, f 8,
f 9, f 10 and f 12, the reliability of DE/BoR/1/* and DE/rand/1/* is much better than that of
DE/best/1/*.

As for the efficiency, in functions f 1, f 4 and f 5, DE/BoR/1/* is almost as efficient
as DE/best/1/* and more efficient than DE/rand/1/*. In functions f 2, f 7, f 10 and f 12,
DE/BoR/1/* is the most efficient among the three different differential mutation strategies.
In function f 8, the efficiency of DE/BoR/1/* is close to that of DE/rand/1/* and better
than that of DE/best/1/*. In functions f 9, DE/rand/1/* is the most efficient among the three
different differential mutation strategies and DE/BoR/1/* ranks second.

These simulation results show that DE algorithms with best of random differential muta-
tion base generally perform better than those with other two differential mutation bases in
50-dimensional functions. The advantage of DE/BoR/1/* becomes more obvious in high
dimensional functions.

The effect of modality on the performance of DE algorithms with different mutation bases
has been observed again. In the uni-modal functions, though DE/best/1/* still performs better
than DE/rand/1/*, it is not better than DE/BoR/1/*. In the multimodal functions, the perfor-
mance of DE algorithms with 3 different differential mutation bases is similar to the case of
dimension 8. DE/best/1/* performs worst. DE/rand/1/* is the most robust while DE/BoR/1/*
is the most efficient.

5.3 Effects of error tolerance

In order to study the effect of error tolerance on the performance of different DE algorithms,
a smaller error tolerance, i.e. 1e-5, is used to re-simulate the 8-dimensional Sphere ( f 1),
Rosenbrock ( f 3), Rastrigin ( f 9) functions and 50-dimensional Sphere, Rastrigin functions.
The limit of number of objective function evaluations under the error tolerance 1e-5 is the
same as that under the error tolerance 1e-2 in the simple function f 1. While it is twice as
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many as that under the error tolerance 1e-2 in the more difficult functions f 3 and f 9. The
reliability and efficiency of DE algorithms in these functions and the corresponding optimal
intrinsic control parameters under the error tolerance 1e-5 are shown in Table 3.

It is observed from Table 3 that in 8-dimensional sphere function, DE/best/1/* has best reli-
ability and efficiency among the three different differential mutation strategies under the error
tolerance 1e-5. The reliability of DE/BoR/1/* is close to that of DE/rand/1/* but it is more
efficient than DE/rand/1/*. In 50-dimensional sphere function, DE/best /1* is a little bit more
reliable and efficient than DE/BoR/1/*, but the difference is small. DE/rand/1/* performs
worst in this function. In general, the comparison results among the three different differen-
tial mutation strategies are similar to those under the error tolerance 1e-2. In function f 1, the
advantage of DE/best/1/* becomes a little bit more obvious under the error tolerance 1e-5.

In 8-dimensional function f 3, DE/BoR/1/* performs best among the three differential
mutation strategies under the error tolerance 1e-5. This result is similar to that under the
error tolerance 1e-2. The performance of DE/best/1/* in function f 3 deteriorate much under
the error tolerance 1e-5. It is the least reliable and efficient among the three differential
mutation strategies.

In function f 9 with dimension 8 and 50, both the reliability and efficiency of DE/BoR/1/*
are similar to those of DE/rand/1/*. DE/best/1/* performs worst in this function. These com-
parison results are consistent with those under the error tolerance 1e-2.

From these simulation results, it is observed that using the error tolerance 1e-5 in these
functions generally doesn’t change the comparison results of the DE algorithms with differ-
ent differential mutation strategies under the error tolerance 1e-2. It appears that 1e-2 is also
sufficient as the error tolerance in these functions.

6 Conclusions

A new differential mutation base generator for DE, namely best of random, is presented in
this paper. The proposed differential mutation base generator uses the best one among several
randomly chosen individuals as the differential mutation base while the other worse indi-
viduals as donors for vector differences. Thus both good diversity and fast evolution speed
can be obtained in DE using the new differential mutation base. An evaluation platform for
evolutionary algorithms including DE is built. With full consideration of the demand from
practical applications, differential evolution algorithms, intrinsic and non-intrinsic control
parameters, and problem features are treated as a system. A comprehensive comparative
study over a set of benchmark functions has been conducted at system level instead of
parameter level. The results show that a better balance of reliability and efficiency can be
obtained in DE implementing the new generator of differential mutation base, especially in
high dimensional functions.
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Appendix

Benchmark functions in test bed

f 1 Sphere function

The sphere function is continuous, differentiable, separable, scalable, uni-modal, and sym-
metric. It is the benchmark for studying problem features.

The sphere function reads

f (x) =
N∑

i=1

x2
i (4)

Its minimum is f (x∗) = 0 at x∗ = 0. Standard search space is x ∈ [−500, 500]N

f 2 Step function 2

The step function 2 is discontinuous, non-differentiable, separable, scalable, uni-modal, and
symmetric. It is designed for studying the effect of continuity.

The step function 2 reads

f (x) =
N∑

i=1

(
xi + 0.5�)2 (5)

Its minimum is f (x∗) = 0 at x∗ = 0. Standard search space is x ∈ [−500, 500]N

f 3 Rosenbrock function

The Rosenbrock function is continuous, differentiable, non-separable, scalable, uni-modal,
and asymmetric. It reads

f (x) =
N−1∑
i=1

[
100

(
xi+1 − x2

i

)2 + (xi − 1)2
]

(6)

Its minimum is f (x∗) = 0 at x∗ = 1. Recommended search space is x ∈ [−100, 100]N

f 4 Hyper-ellipsoid function

The hyper-ellipsoid function is continuous, differentiable, separable, scalable, uni-modal,
and asymmetric. It is usually implemented to study the effect of symmetry.

The hyper-ellipsoid function reads

f (x) =
N∑

i=1

2i−1x2
i (7)

Its minimum is f (x∗) = 0 at x∗ = 0. Standard search space is x ∈ [−500, 500]N
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f 5 Qing function

The Qing function is originally designed to study the effect of non-uniqueness. It is contin-
uous, differentiable, separable, scalable, uni-modal, and asymmetric.

The Qing function reads

f (x) =
N∑

i=1

(
x2

i − i
)2

(8)

Its minima are f (x∗) = 0 at x∗
i = ±√

i . Standard search space is x ∈ [−500, 500]N

f 6 Schwefel function 1.2

The Schwefel function 1.2 is a rotated sphere function. It is continuous, differentiable, non-
separable, scalable, uni-modal, and asymmetric. The effect of symmetry and rotation can be
investigated through it.

The Schwefel function 1.2 reads

f (x) =
N∑

i=1

⎛
⎝ i∑

j=1

x j

⎞
⎠

2

(9)

Its minimum is f (x∗ = 0) = 0. Standard search space is x ∈ [−500, 500]N

f 7 Schwefel function 2.22

The Schwefel function 2.22 is continuous, non-differentiable, non-separable, scalable, uni-
modal, and symmetric. It can be implemented to examine the effect of convexity because its
landscape is non-convex.

The Schwefel function 2.22 reads

f (x) =
N∑

i=1

|xi | +
N∏

i=1

|xi | (10)

Its minimum is f (x∗) = 0 at x∗ = 0. Standard search space is x ∈ [−500, 500]N

f 8 Schwefel function 2.26

The Schwefel function 2.26 is continuous, non-differentiable, separable, scalable, multi-
modal, and symmetric. The effect of differentiability and modality can be examined through
it.

The Schwefel function 2.26 reads

f (x) = − 1

N

N∑
i=1

xi sin
√|xi | (11)

Its minimum is f (x∗) = −418.983 at x∗ = 420.968746. Recommended search space is
x ∈ [−500, 500]N
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f 9 Rastrigin function

The Rastrigin function is continuous, differentiable, separable, scalable, multi-modal, and
symmetric. It is very suitable for investigating the effect of modality.

The Rastrigin function reads

f (x) =
N∑

i=1

[
x2

i − 10 cos (2πxi ) + 10
]

(12)

Its minimum is f (x∗) = 0 at x∗ = 0. Standard search space is x ∈ [−100, 100]N

f 10 Griewank function

The Griewank function is continuous, differentiable, non-separable, scalable, multi-modal,
and asymmetric. It is also difficult to optimize. Accordingly, it is a good candidate for study
the effect of modality, separability, and symmetry.

The Griewank function reads

f (x) = 1

4000

N∑
i=1

x2
i −

N∏
i=1

cos
(

xi/
√

i
)

+ 1 (13)

Its minimum is f (x∗) = 0 at x∗ = 0. Recommended search space is x ∈ [−500, 500]N

f 11 Whitley function

The Whitley function is a composite function. It is continuous, differentiable, non-separable,
scalable, multi-modal, and symmetric. It is very difficult to optimize. It is also used to study
the effect of modality and separability.

The Whitley function reads

f (x) =
N∑

i=1

N∑
j=1

[
y2

j i

4000
− cos y ji + 1

]
(14)

where y ji = 100
(

xi − x2
j

)2 + (
x j − 1

)2.

Its minimum is f (x∗) = 0 at x∗ = 1. Recommended search space is x ∈ [−500, 500]N

f 12 Ackley function

The Ackley function is continuous, differentiable, non-separable, scalable, multi-modal, and
symmetric. It is therefore suitable for investigating the effect of modality and separability.

The Ackley function reads

f (x) = 20 − 20e−0.2
√

1
N

∑N
i=1 x2

i + e − e
1
N

∑N
i=1 cos(2πxi ) (15)

Its minimum is f (x∗) = 0 at x∗ = 0, standard search space is x ∈ [−30, 30]N
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f 13 Weierstrass function

The Weierstrass function is continuous, differentiable, separable, scalable, multi-modal, and
symmetric. It reads

f (x) =
N∑

i=1

Kmax∑
k=0

ak cos
[
2πbk (xi + 0.5)

]
− N

Kmax∑
k=0

ak cos
(
πbk

)

a = 1, b = 1, Kmax = 10 (16)

Its minimum is f (x∗ = 0) = 0. Recommended search space is x ∈ [−500, 500]N
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