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Differential Evolution (DE) is a simple, powerful and easy to use global
optimization algorithm. Trial vector generation mechanism influences the
performance of DE algorithm significantly. This research work explores that
whether random vector selection in trial vector generation have any role in
improving the performance of DE algorithm. A novel tournament selection
framework in DE algorithm is proposed to enhance its convergence speed.
The novel TSRVDE framework employs tournament selection criteria focuses
on the selection of random vector in DE trial vector. We can get rid of worst
performing individual selection by TSRVDE that will be helpful to enhance
the searching capability of DE algorithm. TSRVDE advancement is applied on
the set of frequently used DE variants. To evaluate the performance of
TSRVDE a test suit of comprehensive set of well-known multidimensional
global optimizations problems is used. The acceleration of TSRVDE can be
observed in the experimental results.

© 2017 The Authors. Published by IASE. This is an open access article under the CC
BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Differential evolution (DE), proposed by Storn
and Price (1997) is a stochastic population based
evolutionary algorithm. The advantage of DE over
other evolutionary algorithms is that it is simple,
easy to use, and speedy as well as increases the
chance of searching global minima for function
optimization (Brest et al., 2006; Price et al., 2005).
DE has been successfully used in various real life
fields like electrical power systems (Chiou et al,
2005), microwave engineering (Guo and Li, 2009),
robotics (Liu et al., 2006), Bioinformatics (Garlapati
and Banerji, 2010), chemical engineering (Xue-Feng
et al. 2006), pattern recognition (Kang et al,, 2014),
artificial neural networks (Dos Santos Coelho and
Guerra, 2008), signal processing (Luitel and
Venayagamoorthy, 2008) etc. DE algorithm consists
of populations of potential solutions that initialized
randomly with in specified search space of n-
dimensional. All population members have equal
chance to be selected as parent in DE algorithm.
Potential solutions locate the optima by searching
the whole search space. At each iteration of DE
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algorithm trial vector of each population member is
generated by summing the amplified weighted
difference of two vectors to another vector (De
Oliveira and Saramago, 2008). DE algorithm has
shown to have better performance than Particle
Swarm Optimization and Genetic Algorithm for
numerical benchmark optimization (Das et al., 2008a
and 2008b; Xu and Li, 2007). DE algorithm has few
parameters like mutation probability ‘F’, Crossover
‘CR’ and Population ‘NP’. Mutation strategies in DE
algorithms are formed by the linear combination of
current population members. Mutant vectors in DE
are created by using target vector and trial vector.
Throughout this paper Vi denotes the mutant vector,
Xi represents the target vector and U; denotes the
trial vector. Throughout this paper X; denotes the
target vector (or current vector), Ui represents the
trial vector and Vi as a mutant vector. Various
vectors like random vectors, best vector and current
vector’s combination is used to for form a trial vector
in DE algorithm. The performance of DE algorithm is
sensitive to crossover scheme, mutation strategy,
mutation probability control parameter and
crossover rate control parameter (Storn and Price,
1997; Das et al, 2009). Various vectors like best
vector, current vector and random vector(s) are
used to form mutation strategies in DE algorithms.

Throughout the following analysis x;" states the gt

generation 7" random vector, the gt generation

donor vector component is used as v, to refer its ith
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component, xge“states the best vector at gth

generation and gt generation current vector is refer
as xg. The most commonly used DE variants given in

Table 1 have been used by many researchers in their
research work (Gosh et al., 2011; Islam et al., 2012).

Table 1: Commonly used DE mutation strategies

S.No Name Equation

DE1 “DE”/rand/1/bin vi=xpt + F(x)? — x3°)

DE; “DE"/best/1/bin v} = X0+ F(xIt — x1%)

DE3 “DE”/rand/2/bin vh = xpt + F(x)? = x3®) + F(xf* — x%)
DE.4 “DE”/best/2/bin vh = xbest + F(at — x3?) + F(x)® — xJ*
DEs  “DE’/rand to best/1/bin v} = x} + F(x2t — x}) + F(x3! — x3?)
DEs “DE”/rand/1/exp vh = xpt + F(xp? — x3°)

DE; “DE"/best/1/ exp vi = xbest + F(xjt — x7%)

DEs “DE”/rand/2/ exp vh = xpt + F(x)? = x3®) + F(xf* — x%)
DEo “DE”/best/2/ exp vh = xbest + F(xt — x32) + F(x)® — xj*
DEw  “DE’/randtobest/1/exp vi = x} + F(xbet —xl) + F(xp* — x3%)

Epitropakis et al. (2011) have incorporated
proximity based mutation to enhance the
performance of DE algorithm. The proximity based
mutation utilizes neighbors instead of random
indices r1, 12, 13 to create a parent in DE algorithm. In
have generated proximity based mutation strategies
corresponding to each mutation strategy of DE
algorithm that replaces each random with a selected
neighbour. Cai and wang (2013) have introduced
ranking based mutation operators in DE algorithm.
In this research each parent in DE is selected based
on the ranking since good performing population
member produces good quality offspring members.
Li et al. (2013) have introduced modified DE
algorithm in their research work. They have used
best of random mutation strategy and randomized
local search in modified DE algorithm. Best of
random mutation selected best performing
individual from three selected individuals and then
uses this best individual as a based vector. The local
search does not use any analytical gradient rather it
uses fraction of difference of maximum and
minimum of current dimension using a random
variable generated using Gaussian distribution
having zero means and 1 standard deviation. Liang
et al. (2011) have proposed Chaotic Differential
Evolution (CDE) algorithm in their research work.
CDE is based on cat map that utilizes chaotic
sequence in searching optima. The Chaotic sequence
is obtained by cat map helps DE algorithm is
escaping from local optima. Ali et al. (2011) have
introduced the concept of mixed mutation strategies
in DE algorithm (MSDE). In MSDE conventional
mutation strategies and interpolation based
mutation strategies are integrated by using the
concept of game theory. Research result shows the
significant performance of MSDE. Piotrowski and
Napiorkowski (2010) have proposed grouping based
DE (GDE) algorithm in their research work. They
have divided the population into four groups where
three groups communicate rarely and fourth one
communicate with all groups to obtain to keep it
updated from the current population knowledge
during the search process. Research results shows
that GDE has encouraging results. Wang et al., (2010)
have incorporated enhanced neighborhood search
mechanism in DE algorithm (DENS) in their research
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work. The proposed algorithm creates two trial
individuals for each population member by using
global and local search technique and replaces the
current individual by the fitter one. Halder et al.
(2013) have introduced the cluster based differential
evolution in their research. The proposed algorithm
uses the concept of multi-population that divided the
population into mutually exclusive clusters where
number of cluster is an adaptive parameter. K-mean
clustering algorithm is used on main population to
form clusters. Then DE algorithm is used to evolve
each cluster and knowledge of each cluster is shared
periodically. Mininno et al. (2011) have introduced
statistic description based Compact Differential
Evolution (cDE) in their research work. This
algorithm processes the statistic description of
population that makes it capable to perform
efficiently. Gong et al, (2011) have proposed
strategy adaption mechanism (SaM) in DE algorithm
to choose more suitable adaption strategy to solve
any problem. In proposed mechanism different
mutation strategies can use different parameter
adaption scheme. Wang et al. (2013) have
introduced Gaussian Bare-Bones DE (GBDE)
algorithm and its modified version (MGBDE) in their
research work. The GBDE algorithm uses Gaussian
sampling in its mutation strategies. Due to
randomness Gaussian sampling, GBDE has slow
convergence speed. The convergence speed can be
improved in its modified version that randomly
assign a mutation strategy during population and
that strategy does not changes during evolutionary
process. Choi et al. (2013) have introduced
parameter adaptive DE algorithm based on Cauchy
distribution in their research work. The adaption of
control parameter is decided in the selection
operation that whether the population member has
suitable control parameters or they should be
changes using the proposed mechanism. This
parameter adaption is done at each generation of the
search process because if a population individual
does not have good parameter values the created
offspring might fail to evolve. Elsayed et al. (2013)
have introduced improved self-adaptive DE
algorithm in their research work. The proposed
version uses mixture of four different mutation
operators and two crossover operators because
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different operator’s performance can vary at various
stages of search process. Cai and Wang (2013) have
introduced neighborhood and direction information
based DE algorithm in their research work. This
proposed version is composed of two operators for
selection and mutation. Selection scheme is guided
by the neighbour’s that is done by the probability
selection method by selecting base vector using
tournament selection criteria. To generate offspring
the direction of neighbours is incorporated in
mutation strategy. Zhong et al. (2013) have used to
concept of dual population in DE algorithm. Both the
population shares their knowledge during the
evolution process. This enhancement in DE improves
the diversity and convergence speed of DE
algorithm. Secmen and Tasgetiren (2013) have
ensemble various DE algorithms in their research
work. They have ensembles “DE/rand/1/bin”,
“DE/best/1/bin” and “DE/rand-to-best/1/bin” in
optimization of lossless dielectric spheres. Slowik
(2011) has introduced multiple trial vector DE
versions in artificial neural network training.
Research result shows that the proposed algorithm
have better performance than singe trial vector DE
version, Back propagation algorithm and Levenberg-
Marquardt method. Various state-of-the-art DE
algorithms versions like FADE (Liu and Lampinen,
2005), jDE (Brest et al., 2006), ADE (Zaharie, 2003),
JADE (Zhang and Sanderson, 2009), SaDE (Qin et al,,
2009), DEGL (Das et al,, 2009), CoDE (Wang et al,,
2011) ,EPSDE (Mallipeddi et al, 2011), MDE_pBX
(Islam et al., 2012), etc. are based on adaption /
selection of parameters as well as adaption /
selection of mutation strategies mechanisms.

2. DE algorithm

DE is a population based algorithm that consists
of NP population membersx}, i = 1,2,3,....., NP at
Gth generation. One population member x%: contains
D dimensions that are constrained by the specified
feasible region[xmm‘j,xmax,j],j =12,...,D. The
population individuals are uniformly distributed in
the search space in search for global optima. DE
algorithm creates donor vector by mutation
operation, trial vector by using crossover operation
and then in selection operation it is determined
whether trial vector or target vector will move
survive into the new population.

2.1. Mutation

A donor vector v; ;4 is created for each target
population members x}; ,i=1,23,...,NP at current
generation G in DE mutation operation. The donor
vector in conventional DE algorithm is created by
using the Eq. 1.

(1)

Viger = Xr16 + F(Xro6 — Xr36)

With indexed r1, 2 and r3 selected randomly from
[1, NP], these indexes are different from each other
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as well as running index i and F is used to control the
amplification of difference vector.

2.2. Crossover

To form a trial vector Ui =
(Wi1,6,Ui2,Grwr oo e Uipg) dimensions of mutated
vector v; g,1and target vector x% are swapped. The
two most commonly used crossover schemes in DE
algorithm are Binomial and exponential (Storn and
Price, 1997; Mezura-Montes et al.,, 2006; Ali et al.,
20093, 2009Db). Trial vector Ui =
(Ui1,6)Ui2,Gr e v Uipg) Using the Binomial
crossover scheme can be created by using Eq. 2:

Vij.G if (randj(0,1) < CR o7 j = jrana )

Ui = {x,-'j otherwise 2

With a random number j, 4,4 from [1, D], mutant
vector v;  ¢; a small random number between 0 and
1, randj (0,1), CR parameter from (0, 1]. The other
crossover scheme is Exponential crossover scheme
that uses Eq. 3 to generate trial vector u; ;

Uic =
vi,j,G fOT_] =<l>D +< l+1 >D+'+<I+L_1>D 3
{xu otherwise ®)

where <>p,is modulo function with modulus D; i =
1,2,3,....NPand j=1,23,...D. L is a random
number that is generated from [ 1, D] also [ denotes
a starting index [ that is selected randomly from
[1,D].

2.3. Selection

In selection it is determined that whether trial
vector u;; or target vector x;; can survive to be
used in next generation of DE algorithm. The
following selection scheme is used (Eq. 4)

(4)

otherwise

. _ {ui,a+1 if(f(ui,6+1) < f(xi,G))
,G+1 —

Xi,G

where f(u;g41) refers to the fitness of trial vector
and f (x; ) refers to the fitness of target vector.

3. Tournament selection mechanism based
random vector selection in DE (TSRVDE)

algorithm
The proposed TSRVDE is based on the
tournament selection mechanism in selecting

random vector to generate child population
members. Trial vector generation in DE utilizes
current, best and random vector (s). A tournament of
size t is used to select the parents in generating trial
vector of TSRVDE variants. For each random vector
used in the equation of the variants, a tsrvde vector
will be generated by using the criteria of tournament
selection. By selecting random in this manner,
selection of comparatively weak population
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members have fewer chance to be selected as a
parent however the value of k is kept very small
(t=3) to maintain the diversity in the child
population that can be beneficial in escaping from
local optima. Random selection of population
members to be part of the tournament makes them
almost equally likely to be selected as a parent.
Healthy population members will generate healthy
child population that makes it possible to enhance
the convergence speed of TSRVDE. Since size of

tournament is small and individuals of tournament
are randomly selected which ensures randomness in
TSRVDE. TRRVDE performance is compared with DE
in the experimental results section of this paper.
Commonly used DE mutation strategies are given in
section-1 of this paper, the corresponding TSRVDE
mutation strategies are given in Table 2. Each trsv
vector in the equations of Table 2 are generated by
proposed TSRVDE mechanism (Fig. 1).

Table 2: TSRVDE versions of commonly used DE variants

S.No Name Equation
TSRVDE; TSRVDE /rand/1/bin vh = x[T 4 F ([ — x[5%)
TSRVDE: TSRVDE /best/1/bin vh = xbeSt 4+ F (xSt — x[7v2)
TSRVDE; TSRVDE /rand/2/bin v) = x[ 4 F(xf2 — xET8) + F (xS — x£5775)
TSRVDE, TSRVDE /best/2/bin v} = x0°t + F(xfmt — xEV2) + F (28 — x b4
TSRVDEs  TSRVDE /rand to best/1/bin v} = x} + F(x5°t — x}) + F (x&1 — x[772
TSRVDEs TSRVDE /rand/1/exp vh = x4 F(xf0? — xfos
TSRVDE;, TSRVDE /best/1/ exp vh = xDeSt + F(x[5v — x[7v2)
TSRVDE;s TSRVDE /rand/2/ exp v) = x5+ F(xf2 — xfT8) + F (xS — x£57V5)
TSRVDE TSRVDE /best/2/ exp v} = x0°St + F(xfmt — x£V2) + F (a8 — x5t
TSRVDE1y  TSRVDE /rand to best/1/exp v} = x} + F(xb® — x}) + F(x[S™" — x£72)

i. FOR nms = 1 to number of TSRVDE mutation strategies
1. Generate the initial population P; = {X; 5, X,6, ... ..
Xig = (Xi6, X%, o o, XP} where i = 1
2. FORi=1to NP

END FOR
3. WHILE the stopping criterion is not true
Step 3.1 Mutation Step

FOR k = 1 to Tournment_size

END FOR

END FOR
FORi=1to NP

using TSRVDE vectors
END FOR
Step 3.2 Crossover Step
FORi=1to NP

scheme (Equation-2 or Equation-3)
END FOR
Step 3.3 Selection Step  Xpestc+1 = Uig
FOR i=1 to NP

END IF
END IF
END FOR
Step # 3.4 increment generation number G=G+1
Step 4. END WHILE
END FOR

..., Xyp,}for generation G=0 and randomly initialize each population member

Calculate fitness f(XL-_G) for each population member X; ;

Step 3.1.1 TSRVDE vectors selection /* Start of TSRVDE vectors selection */
FOR n = 1 to number of Tournament selection based vectors

Select kth tournament member with its fitness randomly from current population
Select best of best member from the current tournament as nth tbest
Return n** member index to be used as one of TSRVDE vectors in proposed mutation strategy

/* End of TSRVDE vectors selection */

For the i*h target vector X; ; generate a donor vector V; ; = {Vi;, V%, ... ..

For the it target vector X; ; generate a trial vector U; ; = {U&G, UfG, s

Evaluate the trial vector U; sagainst the target vector X; ; with fitness function f
IF f(Uig) < f(Xi6), THEN X; 41 = Ui, f(Xi6) = f(Usg)
IF f(Ui,G) = f(Xbest,G)l THENXest.6+1 = Uigr f(XbeSt,G) = f(Ui,G)

..., V%} with nms* mutation strategy

ey UEG} with the specified crossover

Fig. 1: Pseudocode of proposed tournament selection based random vector (TSRVDE) of DE algorithm

4. Test functions and experimental results

The performance of proposed TPSRVDE is
accessed by taking a comprehensive set of 37 N-
dimensional benchmark functions. These benchmark
functions are commonly used multidimensional
global optimization problems that are given in the
appendix section of this paper containing all
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necessary detail. Performance parameter Number of
Function Calls (NFC) is one the most commonly used
metric in evolutionary algorithms (Islam et al,, 2012;
Rahnamayan et al., 2008; Zhou et al.,, 2013) is used to
measure the convergence speed of conventional DE
mutations strategies and TSRVDE strategies. The
success rate (SR) and acceleration rate (AR) of all
mutation strategies are also calculated for analysis.
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The convergence speed of conventional and
proposed mutation strategies is measure by using
acceleration rate that is based on NFC. AR is
calculated by using the Eq. 5

NFCpg
NFCrsrvpE

AR = (5)

TSRVDE is faster than DE if AR > 1, AR < 1 means
that DE is faster than TSRVDE AR = 1 will shows that
both TSRVDE and DE possess the equivalent
convergence speed. If an algorithm reaches to VTR
(value to reach) then it is called successful and SR is
measured based on number of times algorithm
successfully reached to VTR. SR is calculated by
using the following Eq. 6

SR = number of times reached VTR
total number of trials

(6)

Average acceleration rate for the test suit of
benchmark functions is calculated by using Eq. 7.
Average acceleration rate (A. A.R)

1
ARgye = =1 AR, (7)
and average success rate for the test suit of

benchmark functions is calculated by using Eq. 8.
Average success rate (A.S.R) is given as follows

(Eq.8)

ARave =% ?=1AR1 (8)

NFC experimental results over the test suit of
benchmark functions are given in this section. 30
independent trials are performed to generate the
NFC results for binomial and exponential schemes of
DE and TRSVDE mutation strategies. Experimental
results show best values as bold faces that are
contained in Tables 3, 4, and 5. Convergence graphs
of DE and TSRVDE mutation strategies are shown in
Fig. 2 and Fig. 3. TSRVDE mutation strategies are
reported as TSRVDE:- TSRVDE1o and standard DE
mutation strategies are reported as DE1-DE1o in the
results. Results are generated by using population

size of 30, dimensions as 10D,20D, 30D and control
parameters mutation probability and crossover rate
as F=0.5, CR=0.9 (Storn and Price, 1997; Mezura-
Montes et al., 2006; Brest et al., 2006). Number of
function calls value is calculated by taking 30 trials
for both DE and TSRVDE for maximum NFC 104 *DIM
(Wang et al,, 2012). To find out NFC, VTR value is set
to 0.0001 and Max-NFC values are 100,000; 200,000
and 300,000 for 10D, 20D and 30D respectively for
both DE and TSRVDE in all functions.

Experimental results reported in Tables 3, 4, and
5 are obtained by using parameter setting given in
section-1V of this paper. Experimental result contains
NFC, AR and SR parameter results. Results of 10D,
20D and 30D are given in Table 3, Table 4 and Table
5 respectively. Result of each DE mutation strategy
and its corresponding TSRVDE strategy are shown as
a pair under binomial and exponential schemes.
Table entries filled with dash (-) value shows the
failure of mutation strategy to reach to VTR and
values reported as boldface shows the best value.
For effective analysis of research results, summary of
results is presented in Table 6.

Summary if experimental results are given in
Table 6 that contains DE mutation strategies and its
corresponding TSRVDE mutation strategies. The
summary is given for 10D, 20D and 30D where
column best shows number of times DE or TSRVDE
mutation strategy has best NFC in Tables 3, 4, and 5.
Average success value for the test suit of benchmark
functions is given as A.S.R and average acceleration
rate as A.A.R in Table 6. It is clear from NFC results
that TSRVDE:- TSRVDE10 mutation strategies have
dominating performance than DEi-DE1o in all cases.
Similarly A.A.R shows that TSRVDE:1. TSRVDEio
mutation strategies are faster than their
corresponding DEi1-DE10 mutation strategies. A.S.R
result shows that in few cases TSRVDE and DE
mutation strategies have about similar performance,
in few cases TSRVDE mutation strategies have
slightly better performance than DE mutation
strategies while in most of the cases DE has slightly
better performance than TSRVDE mutation
strategies.

Table 3: 10D-Number of functions calls (NFC), Success Rate (SR) and acceleration rate (AR) of DE and TSRVDE mutation

Function

f
f
fa

fs
f
fo
fo
fio
fu
fiz
fis
fa
fis
fis
fir
fis
fio
foo
fa

strategies
DE/rand/1/bin DE/best/1/bin DE/rand to best/1/bin DE/rand/2/bin DE/best/2/bin
DE, TSRVDE, DE, TSRVDE, DE3 TSRVDE3 DE, TSRVDE, DEs TSRVDEs

NFC SR NFC S.R AR NFC S.R NFC SR AR NFC S.R NFC S.R AR NFC SR NFC S.R AR NFC S.R NFC SR AR
182.77 1 42.23 1 4.33 47.03 1 32.80 1 143 369.00 1 56.80 1 6.50 121.07 1 37.80 1 3.20 70.00 1 293.27 1 0.24
256.30 1 51.60 1 4.97 7717 1 46.10 1 1.67 672.40 1 75.47 1 891 209.00 1 51.30 1 4.07 106.33 1 65.20 0.83 1.63
594.80 1 85.63 1 6.95 155.30 1 144.03 1 1.08  1910.43 1 138.97 1 13.75 44497 1 85.47 1 5.21 213.10 1 70.73 1 3.01

- 0 - 0 - 1706.77 1 - 0 - 5755.33 1 - 0 - 1991.97 1 21026.13 1 0.09 - 0 - 0 -
13590.33 1 123.83 1 109.75  1350.13 1 78.48 097 17.20 7975234 097 390.87 1  204.04 16324.20 1 189.87 1 8598 551227 1 1616.97 1 3.41
969446 087 11627 073 8338 76330 033  77.00 013 991 - 0 264.15 067 - 69679.28 0.60 13945 037 499.66 701.67 1 149.53 057 4.69
427.03 1 261.05 073 164 156.63 1 559.47 1 028 989.90 1 369.23 1 2.68 327.30 1 96.90 1 3.38 208.90 1 9148 097 228
13389.60 1 150.11 090 89.20 117847 1 96.84 083 1217 8235621 097 417.30 1 19735 1633150 1 215.17 097 7590 397720 1  2720.03 1 146
1062.00 1 157.96 093 6.72 275.80 1 61.83 097 446 2296.83 1 35210 097 6.52 2011.07 1 177.17 097 1135 483.40 1 314.33 1 1.54
510.60 1 81.23 1 6.29 112.60 1 49.77 1 226  1140.63 1 128.20 1 8.90 345.27 1 78.13 1 442 205.63 1 81.07 1 2.54
374.00 1 83.97 1 4.45 99.73 1 58.80 1 1.70 842.13 1 118.40 1 7.11 279.43 1 78.50 1 3.56 152.47 1 197.47 1 0.77
121.77 1 28.77 1 4.23 33.93 1 24.10 1 141 258.53 1 42.03 1 6.15 90.60 1 28.73 1 3.15 47.47 1 25.87 1 1.84
- 0 - 0 - 35629.10 0.97 33933.31 0.97 1.05 - 0 - 0 - - 0 - 0 - 2678.00 027 94243 047 284
96.40 1 21.67 1 445 25.53 1 15.33 1 1.67 212.73 1 28.77 1 7.40 69.43 1 20.13 1 3.45 37.83 1 16.10 1 2.35
12350.08 0.43 114.50 0.07 107.86 1855.50 0.07 84.00 0.23 22.09 40249.14 0.70 400.00 0.23 100.62 43475.27 0.73 322.33 0.30 134.88 34217.20 0.83 1604.33 0.20 21.33

5445593 047 337.23 043 161.48 398367 0.10 61882 037 6.44 - 0 2415.60 0.33 - - 0 991.13  0.27 - - 0 7216.50 0.07 -
7969.80 1 184.36 0.83 4323 924.00 0.80 115.29 047 8.01 0 465.50 0.87 47533.07 1 268.00 0.77 17736 1501820 1 132046 0.87 1137

- 0 - 0 - - 0 - 0 - - 0 - 0 - 0 - 0 - - 0 - 0 -
336.00 1 58.90 1 5.70 80.30 1 44.03 1 182 81913 1 94.13 1 8.70 254.17 1 57.27 1 4.44 142.57 1 82.04 087 174

6949.13 1 - 0 - 908.87 1 - 0 - 4276.07 1 - 0 - 121337 1 - 0 - - 0 - 0 -

- 0 - 0 - - 0 - 0 - - 0 - 0 - - 0 - 0 - - 0 - 0 -
199.37 1 42.70 1 4.67 52.70 1 33.83 1 1.56 471.33 1 61.10 1 7.71 158.27 1 39.00 1 4.06 77.97 1 469.00 1 0.17

151
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foz 332.67 1 80.93 1 4.11 86.00 1 62.67 1 1.37 698.60 1 103.07 1 6.78 224.60 1 67.67 1 3.32 130.07 1 3977.27 1 0.03
fou 176.93 1 39.57 1 447 45.87 1 33.00 1 1.39 37293 1 55.83 1 6.68 120.43 1 36.20 1 3.33 69.37 1 452.00 1 0.15
fos - 0 - 0 - 1435.00 0.1 12066.50 0.13 0.12 - 0 - 0 - - 0 1093.50 0.07 - - 0 - 0 -
fos 250.10 1 58.07 1 431 65.90 1 47.33 1 1.39 528.87 1 78.33 1 6.75 169.23 1 53.17 1 3.18 97.93 1 1639.90 1 0.06
fr 1535.87 1 360.43 1 4.26 375.30 1 202.30 1 1.86  3427.03 1 432.53 1 7.92 1006.83 1 267.73 1 3.76 770.47 1 298.00 0.07 259
fos 286.20 1 147.53 1 1.94 79.37 1 695.83 1 0.11 628.60 1 108.27 1 5.81 196.63 1 86.47 1 2.27 229.67 1 - 0 -
foo 976.87 1 101.60 017 9.61 93644 053 82.83 0.20 11.31 1875.87 1 37345 037 5.02 2289.93 1 177.71 047 1289 1286.00 1 699.36 0.73 1.84
foo 295.40 1 128.03 1 231 130.37 1 94.20 1 138 45820 1 167.43 1 2.74 162.73 1 112.50 1 145 435.77 1 420.50 1 104
fu 28757 1 123.90 1 232 85.83 1 77.73 1 110 44430 1 160.93 1 2.76 124.47 1 97.97 1 127 45863 1 407.00 1 113
foz 69.33 1 12.30 1 5.64 30.97 1 8.73 1 355 20127 1 24.00 1 839 126.47 1 18.27 1 6.92 27.87 1 1113 1250
Sz 6.80 1 4.17 1 1.63 3.03 1 3.13 1 0.97 6.57 1 3.80 1 173 3.17 1 3.70 1 0.86 9.17 1 6.33 1 145
fu  2006.50 1 157.18 093 1277 935.87 1 91.13 0.80 10.27 36802.00 0.77 320.27 1 11491 18478.60 1 232.81 090 7937 279.40 1 275.40 1 1.01
fis  3777.40 1 3186.45 097 1.19 - 0 - 0 - - 0 1322.43 1 - 8135.00 0.40 - 0 - - 0 - 0 -
fas 30.33 1 27.17 1 112 41.73 1 28.23 1 1.48 18.43 1 22.83 1 0.81 22.43 1 25.20 1 0.89 3047 1 22.77 1 1.34
for - 0 - 0 - 2713.67 .11 - 0 - - 0 - 0 - - 0 0 - 55579.33 0.6 5757.00 0.03 9.65
DE/rand/1/exp DE/best/1/exp DE/rand to best/1/exp DE/rand/2/exp DE/best/2/exp
H E DEs TSRVDEs DE; TSRVDE; DEs TSRVDEg DEs TSRVDEs DEio TSRVDE1o
NFC S.R NFC S.R AR NFC S.R NFC SR AR NFC S.R NFC S.R AR NFC S.R NFC S.R AR NFC S.R NFC SR AR
fi 158.20 1 117.13 1 135 124.33 1 103.23 1 1.20 191.47 1 135.17 1 142 160.60 1 118.90 1 135 178.90 1 154.70 1 116
f 170.47 1 122.77 1 139 129.90 1 107.90 1 1.20 205.77 1 140.90 1 146 169.20 1 123.10 1 137 196.17 1 163.00 1 1.20
f 6768.33 1 311596 093 217 4922.43 1 3254.57 0.70 151 7970.50 1 3711.33 1 2.15 6665.30 1 2993.53 1 2.23 3880.67 1 2136.14 0.70 1.82
fa - 0 18613.50 0.07 - - 0 77058.00 0.03 - - 0 91514.00 0.03 - 19135.00 0.03 6337486 023 030 - 0 1452250 0.07 -
fs 261.47 1 183.96 087 1.42 203.83 1 165.33 0.70 1.23 340.77 1 220.27 1 1.55 279.10 1 193.66 097 144 326.07 1 276.53 1 118
fs 592.03 1 407.04 090 145 2607.95 070 749.75 027 348 848.47 1 521.63 1 1.63 71590 097 1026.08 087 0.70 643.40 1 652.24 097 099
fr 138.00 1 67.17 1 2.05 91.70 1 57.21 0.97 1.60 164.50 1 76.90 1 2.14 12857 1 65.27 1 1.97 157.33 1 102.00 1 1.54
fe 338.90 1 228.92 083 1.48 255.53 1 234.73 050 1.09 432.70 1 279.20 1 1.55 351.03 1 24417 1 1.44 414.17 1 357.72 097 116
fo 107.13 1 93.13 1 115 94.27 1 78.30 1 1.20 125.00 1 94.10 1 133 107.53 1 90.73 1 119 120.23 1 106.77 1 113
fio 2229643 1 11016.79 097 2.02 19522.83 1 16493.78 0.77 118 22663.67 1 1143287 1 198 2290553 1 12053.83 1 190 11755.63 1 6637.77 1 177
fir 301.50 1 21590 097 1.40 235.53 1 193.15 090 1.22 373.30 1 253.00 1 148 308.67 1 226.37 1 1.36 354.03 1 301.73 1 117
fiz 108.40 1 79.47 1 136 84.50 1 71.17 1 119 128.07 1 91.83 1 139 108.07 1 83.23 1 130 117.03 1 104.20 1 112
fis - 0 - 0 - - 0 - 0 - - 0 - 0 - - 0 - 0 - - 0 - 0 -
fua 67.43 1 52.53 1 1.28 54.73 1 46.43 1 118 80.47 1 59.30 1 136 67.10 1 53.60 1 1.25 75.87 1 63.60 1 119
fis 5459.40 1 4800.03 1.00 1.14 8479.97 1 11287.74 090 0.75 5296.03 1 2952.47 1 1.79 4160.77 1 7002.37 1 0.59  3295.00 1 3629.30 1 091
fis - 0 - 0 - - 0 - 0 - - 0 55305.00 0.03 - - 0 73029.00 0.03 - - 0 - 0 -
fir 202883 1 488.87 0.77 415 992.96 0.87 473.57 023 210 4966.67 1 700.03 1 7.09 2554.27 1 590.86 0.93 432 3332.50 1 983.40 1 3.39
fis - 0 - 0 - - 0 - 0 - - 0 - 0 - - 0 - 0 - - 0 - 0 -
fio 150.33 1 105.03 1 1.43 113.00 1 94.62 097 119 186.90 1 122.70 1 1.52 152.57 1 109.73 1 1.39 179.67 1 147.73 1 1.22
fo  42374.07 1 - 0 - 40842.70 1 - 0 - 2133730 1 - 0 - 50160.00 1 - 0 - - 0 - 0
for - 0 - 0 - - 0 - 0 - - 0 - 0 - - 0 - 0 - - 0 - 0 -
foz 156.40 1 112.93 1 1.38 121.03 1 102.00 1 119 193.00 1 131.13 1 147 159.33 1 118.40 1 135 199.37 1 170.60 1 117
foz 290.20 1 211.77 1 137 227.57 1 186.72 097 122 352.00 1 243.83 1 144 293.73 1 216.50 1 1.36 337.60 1 290.07 1 116
fou 154.87 1 116.20 1 133 122.40 1 104.57 1 117 189.30 1 130.27 1 145 157.00 1 116.77 1 134 176.30 1 152.17 1 116
fos  1899.17  0.97 609.63 027 312 174872 0.60 1662.00 023 105 6795.50 1 986.48 090 6.89 5228.08 087 697.54 043 750 2462.29 093 849373 050 0.29
fos 218.93 1 161.07 1 136 170.10 1 140.43 1 121 264.97 1 181.80 1 146 219.20 1 164.57 1 133 253.03 1 216.37 1 117
for 232.57 1 165.57 1 1.40 187.80 1 147.90 097 1.27 285.13 1 191.70 1 1.49 249.03 1 169.70 1 1.47 273.97 1 235.80 1 116
fos 700.03 1 274.67 050 255 345.80 1 612.15 043 0.56 724.80 1 379.20 1 191 560.47 1 288.30 1 1.94 655.24 070 340.05 0.63 193
fos 153.37 1 141.10 1 1.09 159.07 1 134.80 1 1.18 210.70 1 165.73 1 1.27 210.63 1 161.33 1 131 147.00 1 132.50 1 111
S 235.70 1 183.33 1 1.29 180.13 1 165.07 1 1.09 27847 1 192.87 1 1.44 223.70 1 171.83 1 1.30 414.07 1 376.87 1 110
S 238.10 1 187.13 1 1.27 187.47 1 182.40 1 1.03 281.33 1 200.40 1 1.40 227.60 1 179.93 1 1.26 416.27 1 388.07 1 1.07
Sz 36.17 1 28.23 1 1.28 33.67 1 25.80 1 1.30 43.27 1 34.40 1 1.26 39.57 1 31.90 1 1.24 36.47 1 31.77 1 1.15
fos 8.23 1 6.13 1 1.34 7.50 1 6.80 1 110 8.67 1 6.50 1 133 6.10 1 6.57 1 0.93 11.37 1 8.47 1 134
S 495.93 1 286.50 0.67 1.73 305.93 1 236.74 0.63 129 751.57 1 381.50 1 197 489.20 1 297.63 1 1.64 698.97 1 522.90 1 134
fis 1668.00 1 587.00 1 2.84 67529 023 493.50 0.07 137 17678.90 1 856.90 1 20.63 1286.13 1 767.89 093 167 1334.04 090 775.62 097 172
frs 126.07 1 170.47 1 0.74 110.67 1 70.92 0.83 156 109.63 1 110.27 1 0.99 128.70 1 82.28 097 156 80.90 1 119.77 1 0.68
for - 0 - 0 - - 0 - 0 - - 0 - 0 - - 0 0 - - 0 - 0
Table 4: 20D-Number of functions calls (NFC), Success Rate (SR) and acceleration rate (AR) of DE and TSRVDE mutation
strategies
5 DE/rand/1/bin DE/best/1/bin DE/rand to best/1/bin DE/rand/2/bin DE/best/2/bin
£
E < DE; TSRVDE; DE, TSRVDE, DE; TSRVDE; DE4 TSRVDE, DEs TSRVDEs
NFC SR NFC SR AR NFC SR NFC SR AR NFC SR NFC SR AR NFC SR NFC SR AR NFC SR NFC SR AR
fi 559.77 1 76.23 1 7.34 81.87 1 61.70 1 1.33 2195.97 1 95.87 1 2291 373.67 1 61.47 1 6.08 110.77 1 1479.57 1 0.07
f2 921.77 1 95.23 1 9.68 118.97 1 103.77 1 115 4721.60 1 124.33 1 37.98 652.17 1 92.73 1 7.03 162.50 1 200.71 023 081
f 3970.27 1 150.67 1 26.35 325.10 1 85.70 1 3.79  21489.20 1 318.43 1 6748  2464.93 1 168.63 1 1462 502.77 1 109.73 1 4.58
fi - 0 504.00 0.13 - 12676.47 1 687.00 0.20 1845 49159.67 1 231.00 0.03 212.81 16059.00 1 321.00 0.27 50.03 - 0 13261.25 0.13 -
fs 95994.57 0.47 243.33 0.9 394.50 13957.93 1 135.96 0.83 102.66 - 0 908.90 0.97 - - 0 388.50 1 - 142763.83 .2 3825.83 1 3732
fe 1208.33 1 130.43 1 9.26 163.53 1 151.12 083 1.08 39053.11 0.93 164.80 1 23697 87683 1 116.30 1 7.54 213.97 1 193.25 013 1.11
f 1267.47 1 14582.63 0.90 0.09 322.33 1 869.48 083 037 5412.03 1 588.63 1 9.19 1038.87 1 302.50 1 3.43 396.90 1 17859 097 222
fa 113189.64  0.47 261.92 0.87 432.15 8917.67 1 166.33 0.80 53.61 - 0 740.03 1 - - 0 421.53 1 - 20540.87 1 4565.30 1 4.50
fo 2500.50 1 398.52 0.97 6.27 643.37 1 193.27 1 333 1790223 1 970.77 1 1844 333460 1 396.57 1 841 571.63 1 249.54 087 229
fro 3959.63 1 223.90 1 17.68 430.10 1 130.50 1 330 1765533 1 442.27 1 3992 255170 1 256.70 1 994 705.43 1 259.10 1 272
fu 1251.77 1 147.47 1 8.49 175.00 1 107.73 1 162  5629.80 1 199.07 1 2828  893.03 1 130.03 1 687 245.73 1 394.30 1 062
fiz 396.87 1 45.83 1 8.66 60.33 1 42.97 1 1.40 1712.63 1 67.33 1 25.44 267.27 1 47.80 1 5.59 73.03 1 34.66 097 211
fis - 0 - 0 - 99013.24 0.57 14174728 0.83 0.70 - 0 - 0 - - 0 - 0 N 3182.46 043 1262.14 070 2.52
fia 394.47 1 37.13 1 10.62 48.50 1 36.37 1 1.33 1788.93 1 51.20 1 34.94 253.57 1 33.53 1 7.56 65.90 1 27.31 097 241
fis 88135.39 0.60 909.50 0.20 96.91 25964.86 0.23 138.00 0.03 188.15 75636.71 0.70 1427.00 0.03 53.00 60369.04 0.77 1202.67 0.10 50.20 37820.47 1 8628.00 0.23 4.38
fis - 0 2168.44 0.30 - 26080.80 0.17 519.00 0.07 50.25 - 0 11852.67 0.30 - - 0 321810 0.33 - - 0 19089.00 0.03 -
fir 97522.65 0.87 648.65 0.77 150.35 7507.96 0.83 235.67 0.60 31.86 - 0 1771.83 0.80 - - 0 1414.87 0.77 - - 0 6850.41 0.90 -
fis - 0 - 0 - - 0 - 0 - - 0 - 0 - - 0 - 0 - - 0 - 0 -
fro 1154.63 1 99.23 1 11.64 144.63 1 93.73 1 1.54 5864.60 1 147.13 1 39.86 808.53 1 96.97 1 8.34 21893 1 73.00 0.27 3.00
S 60141.00 0.07 1332.44 0.3 45.14 7148.67 0.10 368.40 050 19.40 - 0 1849.60 0.17 - - 0 1513.00 0.20 - 114905.83 0.20 - 0 -
for - 0 - 0 - - 0 - 0 - - 0 - 0 - - 0 - 0 - - 0 - 0 -
fez 706.70 1 72.73 1 9.72 88.87 1 62.40 1 142 3866.57 1 96.17 1 40.21 498.53 1 66.67 1 7.48 122.97 1 1315.83 1 0.09
fos 1019.53 1 157.03 1 6.49 144.43 1 135.07 1 1.07 401193 1 169.30 1 2370 65840 1 117.33 1 561 197.03 1 6419.00 1 003
S 562.83 1 76.00 1 7.41 80.77 1 67.47 1 1.20 2178.67 1 93.77 1 23.23 361.00 1 60.87 1 593 109.80 1 1533.73 1 0.07
fos - 0 - 0 = 4663.00 0.10 - 0 - - 0 - 0 - - 0 8052.80 0.17 N N 0 - 0 -
fos 772.70 1 111.27 1 6.94 112.97 1 104.17 1 1.08 3061.37 1 127.10 1 24.09 502.83 1 88.50 1 5.68 150.50 1 3587.30 1 0.04
for 5376.37 1 1002.87 1 5.36 892.93 1 549.30 1 1.63 2192357 1 1058.30 1 20.72  3612.30 1 637.97 1 5.66 1881.60 1 - 0 -
fos 1020.00 1 382.00 0.63 2.67 206.53 1 2117195 0.67 0.01 442043 1 270.83 1 16.32 671.60 1 320.57 1 2.10 446.33 0.90 - 0 -
foo 3192.20 1 337.93 0.47 9.45 3073.30 1 154.00 027 1996 11244.80 1 1002.64 0.83 11.22 5703.73 1 878.06 0.60 6.50 908.87 1 910.14 0.73 1.00
fro 716.53 1 249.00 1 2.88 22243 1 164.00 1 1.36 1831.00 1 393.00 1 4.66 508.87 1 251.47 1 2.02 804.53 1 666.17 1 1.21
far 684.10 1 238.63 1 287 185.87 1 144.33 1 1.29 1791.63 1 365.43 1 4.90 416.10 1 219.13 1 1.90 785.60 1 642.67 1 1.22
Sz 220.60 1 12.70 1 17.37 26.03 1 6.63 1 3.92 1762.07 1 22.90 1 76.95 335.40 1 14.43 1 2324 28.80 1 9.83 1 293
fis 3.27 1 2.30 1 1.42 2.17 1 2.07 1 1.05 3.60 1 223 1 1.61 2.50 1 2.50 1 1.00 3.43 1 2.90 1 1.18
fss 1899517 1 226.87 0.77 83.73 5860.80 1 156.73 073 37.39 - 0 458.25 93 - 21088.63 080 33296 087 63.34  379.03 1 584.37 1 065
fis 199504.00 0.03 - 0 - - 0 - 0 - - 0 6322155 37 - - 0 - 0 - - 0 - 0 -
fis 29.37 1 27.30 1 1.08 25.57 1 32.30 1 0.79 32.83 1 25.67 1 1.28 18.30 1 18.87 1 0.97 32,57 1 22.63 1 1.44
fir 237490 1 26.80 1 88.62 1087.40 1 13.10 1 83.01 4017.47 1 92.83 1 4328 344443 1 44.77 1 7694 315.87 1 85.83 1 3.68
DE/rand/1/exp DE/best/1/exp DE/rand to best/1/exp DE/rand/2/exp DE/best/2/exp
DEs TSRVDEs DE; TSRVDE; DEg TSRVDEg DEy TSRVDE, DE1o TSRVDE;o
NFC SR NFC SR AR NFC SR NFC SR AR NFC SR NFC SR AR NFC SR NFC SR AR NFC SR NFC SR AR
fi 341.47 1 275.03 1 1.24 296.40 1 262.17 1 113 412.70 1 321.57 1 1.28 367.10 1 296.73 1 1.24 394.87 1 361.97 1 1.09
f 383.87 1 305.87 1 1.26 326.93 1 285.34 097 115 467.93 1 353.90 1 1.32 409.47 1 328.10 1 1.25 441.43 1 401.80 1 110
f 35814.37 1 22484.73 1 1.59 3188441 090 60916.63 027 0.52 39917.13 1 23449.43 1 1.70 36124.23 1 23198.66 097 1.56 17767.07 1 13966.22 030 1.27
fi - 0 174096.00 0.03 - - 0 - 0 - - 0 178122.00 0.03 - - 0 157460.00 0.03 - - 0 - 0 -
fs 553.57 1 417.63 0.90 1.33 472.52 097  411.00 023 115 716.60 1 512.10 1 1.40 619.53 1 471.69 097 131 717.43 1 638.70 1 112
fe 792.07 1 797.24 0.97 0.99 795.10 097 947.70 0.77 0.84 1185.10 1 649.53 1 1.82 896.63 1 544.83 1 1.65 886.10 1 670.03 1 1.32
f 274.93 1 144.53 1 1.90 176.83 1 116.83 097 1.51 338.27 1 153.70 1 2.20 257.70 1 125.77 1 2.05 314.40 1 204.23 1 1.54
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f 691.60 1 530.44 0.83 130 57633 1 51540 033 112 88180 1 632.50 1 139 75530 1 578.97 1 130 87793 1 77767 1 113
£ 196.87 1 165.83 1 1.19 17240 1 15150 1 114 22807 1 190.87 1 119 20560 1 177.30 1 116 214.00 1 19543 1 110
fio - 0 - 0 - - 0 - 0 - - 0 - 0 - - 0 - 0 - - 0 - 0 -
fir 64053 1 503.17 1 127 54820 1  467.78 090 117 78467 1 590.03 1 133 69820 1 550.60 1 127 76030 1 68070 1 112
fiz 23523 1 194.87 1 121 20143 1 18140 1 111 28027 1 222.27 1 126 24680 1 207.30 1 119 26080 1 24580 1 106
fis - 0 - 0 - - 0 - 0 - - 0 - 0 - - 0 - 0 - - 0 - 0 -
fie 17030 1 14343 1 1.19 14823 1 13407 1 111 20187 1 158.47 1 127 17930 1 147.40 1 122 18370 1 17763 1 103
fis  5630.40 1 3883.33 1 145 402710 1 639650 1 063 5567.03 1  4819.97 1 115 496297 1 457393 1 109 337893 1 434233 1 078
fis - 0 - 0 - - 0 - 0 - - 0 - 0 - - 0 - 0 - - 0 - 0 -
fir 461597 1 1757.57 047 263 384274 090 199855 037 192 1105597 1 232287 1 476 685243 1  1953.00 077 351 747193 1 285723 1 262
fis - 0 - 0 - - 0 - 0 - - 0 - 0 - - 0 - 0 - - 0 - 0 .
fis 30673 1 236.73 1 130 25463 1 225.07 097 113 37660 1 279.00 1 135 32870 1 259.07 1 127 36530 1 31630 1 115
fo 6110236 093 240243 1 2543 6079109 077 250883 1 2423 9240204 0.87 215450 1 4289 6792329 093 282280 1 2406 3561886 097 1010.77 1 3524
for - 0 - 0 - - 0 - 0 - - 0 - 0 - - 0 - 0 - - 0 - 0 -
fr 33927 1 268.57 1 126 29043 1 269.23 1 108 41723 1 314.03 1 133 36543 1 289.37 1 126 45643 1 40197 1 114
fz 60450 1 487.30 1 1.24 51770 1 45740 1 113 74037 1 567.13 1 131 65320 1 520.83 1 125 71310 1 64233 1 111
fos 33683 1 275.53 1 122 29117 1 25L.77 1 116 40787 1 313.37 1 130 35953 1 292.33 1 123 389.10 1 35577 1 109
fos  22617.00 073 64188.50 0.07 035 3859.50 027 - 0 - 3056208 043 1435275 040 213 1491775 013 646929 023 231  8499.96 077 975213 027 087
s 46463 1 373.33 1 1.24 39780 1 34947 1 114 56890 1 432.57 1 132 4967 1 404.13 1 123 54167 1 48857 1 111
fr 483.77 1 382.67 1 1.26 41913 1 35955 097 117 59197 1 442.87 1 134 53303 1 408.47 1 130 56693 1 51360 1 110
fo 260423 1 - 0 - 1449.67 1 1662350 0.07 009 227810 1 154127 1 148 240673 1 123380 1 195 216200 003 1160.00 010 1.86
foo 17270 1 158.03 1 1.09 15347 1 150.43 1 102 20870 1 173.53 1 120 18613 1 169.73 1 110 15040 1 12700 1 118
fo 50950 1 433.27 1 118 44437 1 44330 1 100 60033 1 477.10 1 126 52557 1 441.77 1 119 89677 1 86341 097 104
fr 51557 1 438.55 0.97 1.18 44757 1 43357 1 103 60027 1 474.87 1 126 52940 1 452.10 1 117 89993 1 863.83 097 104
fa 57.93 1 48.07 1 121 52.70 1 46.03 1 114 6733 1 54.30 1 124 6410 1 53.97 1 119 54.77 1 52.63 1 104
fa 3.23 1 3.77 1 0.86 3.37 1 343 1 098 4.03 1 3.37 1 120 3.10 1 3.17 1 098 4.07 1 3.57 1 114
fu 103707 1 659.22 0.60 157 71487 1 59507 047 120 159830 1 892.07 1 179 109500 1 728.40 1 150  1587.63 1 122077 1 130
fis 1147197 1 2261.33 1 5.07 - 0 - 0 - - 0 491650 1 - 5917.55 0.67 3031.00 040 195  7909.00 0.03 2832.00 0.17 279
fs 19830 1 186.24 0.97 1.06 17890 1 9372 083 191 17563 1 206.97 1 08 23127 1 171.10 1135 14417 120197 1 071
fir 31.40 1 29.90 1 1.05 33.27 1 30.23 1110 32.00 1 31.73 1101 3290 1 33.80 1097 31.17 1 33.23 1094
Table 5: 30D-Number of functions calls (NFC), Success Rate (SR) and acceleration rate (AR) of DE and TSRVDE mutation
strategies

- DE/rand/1/bin DE/best/1/bin DE/rand to best/1/bin DE/rand/2/bin DE/best/2/bin
£ £ DE, TSRVDE, DE, TSRVDE; DE; TSRVDE; DE4 TSRVDE, DEs TSRVDEs
£

NFC SR NFC SR AR NFC SR NFC SR AR NFC SR NEC SR AR NEC SR NEC SR AR NFC SR NFC SR__AR
fi 129850 1 114.80 1 1131 111.73 1 99.53 1 112 965523 1 129.63 1 7448 68237 1 88.67 1 770 13947 1 257497 1 005
£ 231817 1 158.53 1 14.62 162.50 1 216.83 1 075 2443557 1 178.37 1 13700 117953 1 13510 1 873 21293 1 50950  0.07 0.42
fi 1705793 1 210.43 1 81.06 579.00 1 116.17 1 498 21355647 1 507.93 1 42044 792273 1 25833 1 3067 98853 1 13840 1 714
fi - 0 869.50 027 - 4316527 1 89233 020 4837 224129.00 1 57600 0.3 389.11 7101800 1  528.60 033 13435 - 0 19867.67 0.10 -
fi 29649450 0.07  356.77 0.87 83105 5147116 083 198.79 093 25893 - 0 115087 1 - - 0 54013 1 - 20215800 0.03 556670 1 3632
fo 297647 1 239.70 1 12.42 22383 097 31257 093 072 3108403 1 234.10 1 13278 160640 1 19407 1 828  302.00 1 76.00 003 397
f 234660 1 1067333 0.80 0.22 48567 1 404291 077 012 1470450 1 365827 1 402 187720 1 132857 1 141 643.47 1 26203 1 246
f 197627.80 017  350.04 0.83 56459 5500692 0.83  209.65  0.67 26238 - 0 105628 097 - - 0 52414 093 - 3410280 1 671838 097 5.08
fi 518650 1 513.43 1 10.10 1087.00 1 169.30 1 642 3485963 1 117030 1 2979 456490 1 65477 1 697 79190 1 79375 027 1.00
fuo 1577677 1 441.90 1 35.70 897.33 1 207.47 1 433 13657577 1 941.63 1 14504 853877 1  469.03 1 1821 151037 1 32843 1 460
fu 313850 1 209.73 1 14.96 22627 1 49.67 1 456 2856130 1 267.57 1 10674 169747 1 16517 1 1028 31657 1 566.17 1056
fiz 97017 1 63.63 1 15.25 80.63 1 75.73 1 106 849367 1 87.97 1 9656 50327 1 63.53 1792 94.27 1 7388 087 128
fiz - 0 - 0 - 24140167 0.10 174347.62 087 138 - 0 - 0 - - 0 - 0 - 466536 037 1167.14 073 4.00
fis  1016.23 1 53.43 1 19.02 67.93 1 55.30 1 123 986763 1 66.90 1 14750  485.20 1 47.47 1 1022 8920 1 11954 080 075
fis 11526230 077  2682.00 0.10 4298 8643932 0.63 4203.00 003 2057 14761885 0.67 981338 027 1504 106050.19 070 2629.57 023 4033 84507.17 097 26709.68 0.63 3.16
fis - 0 4979.00 0.20 - 264140.00 0.03 2935.00 0.03 90.00 - 0 1902925 04 - - 0 3857.00 0.3 - - 0  10582.00 0.03
fir 230887.67 0.2  989.54 0.80 23333 3882641 073 104547 057 37.14 - 0 426211 093 - - 0 225147 0.63 - 0 1852526 090 -
fis 3317560 1 54.57 1 607.98 139143 1 25.87 1 5379 - 0 237.13 1 - - 0 97.13 1 - 90200 017 84217 1 107
fio 272427 1 166.33 1 1638 184.07 1 155.87 1 118 2945950 1 197.10 1 14946 146430 1 13347 1 1097 283.03 1 32700  0.03 0.87
foo - 0 574375 013 - 4445080 0.17 235267 010 18.89 - 0 1445460 017 - 82317.00 007 6237.33 020 1320 11716200 017 371020 1 3158
for - 0 - 0 - - 0 - 0 - - 0 - 0 - - 0 - 0 - - 0 - 0 -
fe 175640 1 117.17 1 14.99 117.63 1 96.30 1 122 2531603 1 127.73 1 19819 89323 1 87.07 1 1026 15330 1 242787 1  0.06
for 232863 1 24143 1 9.65 202.63 1 214.80 1094 1728620 1 234.53 1 7370 121417 1 17527 1 693 24790 1 857423 1  0.03
for 130243 1 111.20 1 1171 108.47 1 93.87 1 116 957990 1 124.20 1 7713 66747 1 86.07 1 776 13953 1 264773 1 0.05
fos - 0 - 0 - 11080.00 0.13 - 0 - - 0  166059.00 0.03 - - 0 2988225 0.3 - - 0 - 0 -
fos 177873 1 182.50 1 9.75 15150 1 152.63 1099 1326503 1 180.53 1 7348 92243 1 12653 1 729 19127 1 539547 1  0.04
fr 1092160 1 1945.27 1 5.61 141627 1 114507 1 124 7298550 1 183810 1 3971 747257 1 119000 1 628 251552 090 - 0
fre  2601.23 1 710.80 0.17 3.66 43043 1 6582400 010 001 2205287 1 556.03 1 3966 129770 1 304557 1 043  659.42 080 - 0 -
foo 6604.80 1 964.80 0.83 6.85 785587 1 113924 070 690 2777670 1  2774.08 083 10.01 1582503 1  2308.63 090 685 1814.93 1 222208 083 082
fo 132087 1 360.20 1 3.67 - 0 - 0 - 5365.53 1 614.43 1 873 - 0 - 0 - 106287 1 85847 1 124
fu 129427 1 350.27 1 3.70 - 0 - 0 - 526993 1 581.33 1907 - 0 - 0 - 103740 1 83057 1 125
fi  557.90 1 11.70 1 47.68 22.00 1 3.20 1 688 1157667 1 20.77 1 55746 44887 1 7.97 1 5634 3553 1 8.57 1 415
fis 2.20 1 2.17 1 1.02 2.03 1 1.77 1115 253 1 2.30 1 110 193 1 1.77 1 109 3.23 1 2.03 1159
fir  73639.69 087  316.44 0.83 23271 766817 097  194.38 087 3945 - 0 506.76 083 - 4363857 1 44011 090 9915 48523 1 80057 1 061
fis - 0 - 0 - - 0 - 0 - - 0 - 0 - - 0 - 0 - - 0 - 0 -
fis 3073 1 24.17 1 127 24.50 1 25.97 1 094 26.57 1 25.23 1 105 19.90 1 24.73 1 080 3230 1 25.33 1 128
fr 3910 1 9.23 1 4.23 37.63 1 6.47 1 582 54.63 1 20.27 1270 3433 1 12.13 1 283 15.63 1 8.93 1 175
_ DE/rand/1/exp DE/best/1/exp DE/rand to best/1/exp DE/rand/2/exp DE/best/2/exp
ER DEs TSRVDE, DE; TSRVDE, DE; TSRVDEs DE, TSRVDE, DExs TSRVDEi
£

NFC SR NFC SR AR NFC SR NFC SR__AR NFC SR NFC SR__AR NFC SR NFC SR AR NFC SR NFC SR__AR
fi 53207 1 447.90 1 1.19 480.07 1 429.50 1 112 640.27 1 523.90 1 122 58503 1 48820 1 120 62007 1 57570 1 108
f 60820 1 508.67 1 1.20 544.80 1 486.33 1 112 741.03 1 590.27 1 126 669.67 1 55847 1 120 71170 1 66077 1 108
f: 8411663 1  58867.60 1 143 83516.64 047 86969.00 007 096 9441213 1 5883627 1 160 9162493 1 6219577 1 147 4133490 1 - 0 -
fi - 0 - 0 - - 0 - 0 - - 0 - 0 - - 0 - 0 - - 0 - 0 -
i 86490 1 675.04 077 1.28 75372 097 66530 033 113 109880 1 824.97 1 133 97740 1 76240 1 128 113013 1 101373 1 111
fo 109263 1 1777.63 1 0.61 80074 090 680.92 087 118 166067 1 912.37 1 182 128800 1 75579 093 170 126620 1 93830 1 135
£ 407.93 1 201.79 093 2.02 269.83 1 16448 097 164 487.87 1 228.20 1 214 39197 1 19627 1 200 47667 1 30913 1 154
fo 105457 1 865.27 05 122 910.40 1 82525 027 110 132853 1 996.90 1 133 118080 1 93693 1 126 132390 1 123807 1 107
fi 29170 1 253.23 1 115 261.20 1 236.90 1 110 34097 1 289.47 1 118 31837 127027 1 118 32357 1 30563 1 106
fio - 0 - 0 - - 0 - 0 - - 0 - 0 - - 0 - 0 - - 0 - 0 -
fir 99657 1 813.96 093 122 873.90 1 76314 093 115 121993 1 958.90 1 127 110467 1 90547 1 122 118880 1 108443 1 110
fiz 36893 1 315.20 1 117 33293 1 303.23 1 110 44570 1 366.70 1 122 40180 1 34350 1 117 42667 1 39737 1 107
fiz - 0 - 0 - - 0 - 0 - - 0 - 0 - - 0 - 0 - - 0 - 0 -
fis 27530 1 239.33 1 115 254.60 1 230.83 1 110 33163 1 274.30 1 121 30057 1 26243 1 115 31267 129937 1 104
fis  4469.67 1 3677.60 1 1.22 475573 1 652060 1 073 403617 1 434240 1 093 283787 1 376980 1 075 360573 1 336190 1 107
fis - 0 - 0 - - 0 - 0 - - 0 - 0 - - 0 - 0 - - 0 - 0 -
fir 752550 1 2979.20 0.50 253 480541 090 932475 013 052 1768500 1 442327 1 400 1081027 1 395524 097 273 1325367 1  5821.03 1 228
fie  96.03 1 85.60 1 112 86.30 1 80.73 1 107 113.97 1 104.93 1 109 10490 1 94.87 1 111 13593 1 140.00 1097
fis 45400 1 374.03 1 121 405.37 1 361.37 1 112 560.17 1 440.60 1 127 50483 1 41280 1 122 55493 1 50560 1 110
fo 15341662 087 4313.37 1 3557  124603.00 0.60 6760.27 1 1843 21831260 0.67 5965.83 1 3659 16612574 0.63 363573 1 4569 8999613 1  1687.00 1 5335
for - 0 - 0 - - 0 - 0 - - 0 - 0 - - 0 - 0 - - 0 - 0 -
fz 53327 1 43976 0.97 121 471.70 1 418.67 1 113 651.70 1 516.30 1 126 58530 1 48350 1 121 719.43 1 65257 1 110
fr 92677 1 779.57 1 1.19 830.30 1 74031 097 112 113513 1 906.93 1 125 102307 1 84967 1 120 109977 1 101467 1 108
for 52607 1 446.03 1 1.18 472.07 1 428.37 1 110 637.43 1 509.83 1 125 57850 1 48167 1 120  609.13 1 56433 1 108
fos 3408808 0.43  3393.00 0.03 1005  8505.00 0.13 - 0 - 127052.50 0.13 17107.00 023 743 4547050 007 7228533 0.0 063 4241342 080 139249.00 0.10 030
fo 71463 1 600.57 1 119 639.50 1 57728 097 111 872.83 1 702.47 1 124 787.60 1 65963 1 119 84390 1 78030 1 108
fr 73883 1 610.17 1 121 661.07 1 583.66 097 113 901.87 1 710.23 1127 82720 1 66503 1 124 87697 1 80513 1 1.09
fe 503427 1 - 0 - 455537 1 - 0 - 384923 1 323563 1 119 600300 1  2449.00 1 245 - 0 199033 010 -
foo 20093 1 187.60 1 1.07 205.93 1 175.97 1117 260.60 1 202.87 1 128 23130 1 20340 1 114 17163 1 16037 1 107
fo 79670 1 705.10 0.97 113 - 0 71153 057 - 940.10 1 768.23 1 122 84130 1 106257 1 079 139710 1 136570 1 102
fa 79530 1 705.13 1 1.13 - 0 640.67 1 - 939.03 1 782.03 1 120 84473 1 73680 1 115 140160 1 137590 1 102
f 8037 1 65.70 1 1.22 72.03 1 62.80 1115 89.33 1 79.53 1112 86.03 1 74.37 1 116 77.87 1 74.10 1105
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243

243

1.00

217

2.57

1

0.84

1 1 1 2.47 1 2.33 1 1.06 2.63 1 223 1 1.18 2.57 1 2.20 1 117
S 1601.77 1 1068.61 0.60 1.50 1155.40 1 954.93 047 121 2530.23 1 1440.90 1 176 1776.30 1 1212.57 1 1.46 2499.97 1 2039.37 1 1.23
fos - 0 5165.77 1 - - 0 - 0 - - 0 25698.17 1 - 16453.44 0.30 24783.50 0.07 0.66 - 0 - 0 -
fas 292.37 1 275.87 1 1.06 270.80 1 237.85 087 114 379.63 1 268.50 1 141 316.10 1 274.30 1 115 308.37 1 264.90 1 116
frr 16.50 1 15.23 1 1.08 17.50 1 16.77 1 1.04 16.77 1 18.53 1 0.90 17.17 1 15.77 1 1.09 15.63 1 15.77 1 0.99
Table 6: Summary of results Number of Functions Calls (NFC) best, Average Success Rate (A.S.R) and Average Acceleration
Rate (A.A.R)
10D 20D 30D
Variant Best AS.R Variant Best ASR Variant Best ASR Variant Best AS.R Variant Best ASR Variant Best ASR
DE; 1 078 DEs 2 081 DE; z o072 DEs 4 081 DE; 1 0.71 DEs 3 0.80
TSRVDE: 30 070  TSRVDEs 29 073 TSRVDE: 31 072  TSRVDEs 28 073  TSRVDE: 32 0.73 TSRVDEs 30 074
AAR 23.50 AAR 1.66 AAR 49.37 AAR 2.02 AAR 95.58 AAR 2.68
DE: 7 076 DE; 3077 DE: 5 079 DE; 8 076 DE: 8 0.75 DE; 6 0.71
TSRVDE: 27 069  TSRVDE; 29 063  TSRVDE: 29 072  TSRVDE; 22  0.63  TSRVDE. 25 0.68 TSRVDE; 25 0.64
AAR 427 AAR 1.29 AAR 1941 AAR 1.90 AAR 27.64 AAR 173
DEs3 3 0.72 DEsg 2 0.82 DEs 0 0.67 DEs 1 0.77 DE3 1 0.68 DEs 2 0.78
TSRVDEs 29 072  TSRVDEs 31 079 TSRVDEs 33 075  TSRVDEs 31 080  TSRVDEs 33 0.78 TSRVDEs 30 082
AAR 29.10 AAR 2.54 AAR 43.05 AAR 2.88 AAR 113.07 AAR 2.72
DE4 5 078 DEy 5 081 DE4 2 070 DEs 2 078 DE4 1 0.65 DEs 4 0.79
TSRVDE: 28 071  TSRVDEs 28 077 TSRVDE: 32 074  TSRVDEs 30 078  TSRVDEs 31 0.72 TSRVDEs 28 079
AAR 39.44 AAR 1.65 AAR 1459 AAR 216 AAR 19.82 AAR 2.66
DEs 7075 DE1o 4 077 DEs 13 073 DE1o 4 076 DEs 13 0.72 DE1o 4 0.78
TSRVDEs 23 065  TSRVDEw 27 076  TSRVDEs 20  0.63  TSRVDEw 27 073  TSRVDEs 20 0.66  TSRVDE 27 074
AAR 297 AAR 1.28 AAR 312 AAR 2.33 AAR 4.04 AAR 2.92

From research results it can be summarized that
TSRVDE  mutation  strategies have  better
performance than DE mutation strategies in most of
the cases of NFC performance parameter while in
few cases TSRVDE mutation strategies have worse
performance than DE mutation strategies for 10D,
20D and 30D respectively. The convergence speed of
DE and TSRVDE mutation strategies can be observed
in acceleration rate and average acceleration result
that shows TSRVDE strategies have fast convergence
than DE mutation strategies in almost all cases.
Success rate and average success rate result shows
that in some cases DE and TRSRVE mutation
strategies have about similar performance while
TSRVDE mutation strategies are slightly better in
most of the cases.

So it can be observed that the selection of parent
in generating DE trial vector have significant affect
on the performance of DE algorithm. The vectors
used in trial vector generation that should be
selected by some criteria can be expected to produce
better results than selecting them by random
techniques. The tournament of small size (k=3) is
used in proposed TSDE that escapes the selection of
most worst performing individuals of population.

Fig. 2 and Fig. 3 contain the convergence graphs
of average of best values taken at some specific
generations during the population evolution. Each
sub-graph in the convergence graph shows the DE

mutation strategy and its corresponding TSRVDE
mutation that shows performance along y-axis and
iterations against x-axis as a multiple of 100.
Convergence graphs of some selected functions are
given in the paper for 10 dimensions only using
10,000 generation for all functions and all mutation
strategies of DE and TSRVDE. Convergence graphs of
DE mutation strategies (DE:...DEi0) and TSRVDE
mutation strategies (TSRVDE;...... TSRVDE10) are
generation for functions -fio (a1-j1), f13 (az-j2), f1e (as-
j3), f19 (as-j4). It can be observed from convergence
graphs that TSRVDE mutation strategies
performance better than DE mutation strategies in
most of the cases and in few cased DE mutation
strategies performance is better.

5. Conclusion and future work

In DE algorithm, trial vector generation strategies
have a significant influence in generating offspring
population. Various vectors like current, best and
random are used to form the equation of DE trial
vector. Selection of worst performing random
vector(s) from the current population should be
reduced to speed up the convergence speed of DE
algorithm. In this paper a novel framework in DE is
employed that utilizes tournament selection
mechanism in selecting random vector.
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Fig. 2: DE and TSRVDE variants 10D Convergence graphs for function fio (a1-j1), f13 (az-jz)

approach

select

best

performing
individual from a tournament of small size (k=3) by
using tournament selection. A comprehensive set of
commonly used multimodal global optimization
function problems given in the appendix section is
used to access the performance of TSRVDE.
Corresponding to most commonly used mutation
strategies of DE algorithm given in Table 1, TSRVDE

mutation strategies given in Table 2 are considered
in

performance parameters NFC, AR and SR are used in
comparing the performance of DE and TSRVDE
mutation strategies. From experimental results it can
be observed that TSRVDE has significantly better
convergence speed than DE mutation strategies. In
almost all cases of Number of Function Calls of

TSRVDE mutation

strategies

outperforms DE

mutation strategies. Similarly TSRVDE mutation
strategies perform better than DE in almost all cases

the  experimental results. Well-known of Acceleration Rate parameter.
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Fig. 3: DE and TSRVDE 10D Convergence graphs for function fis (a3-j3), f1o (as-ja)

TSRVDE mutation strategies have either
comparable or slightly less success rate than DE
mutation strategies. An effort is made to introduce
some new direction in DE research that will prove to
be a significant addition in DE algorithm. The depth
insight of TSRVDE parameter adaptation and its
exploration in other research dimensions can be
future challenge of this research work.
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