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Abstract— A novel algorithm to solve constrained real- problems. In [6] the Bees Algorithm (BA) was proposed,
parameter optimization problems, based on the Artificial B& where the bees are located in random solutions and the search
Colony algorithm is introduced in this paper. The operators g focysed on “the elite sites” i.e., the best set of solition
used by the three types of bees (employed, onlooker and scput . . ' )
are modified in such a way that more diverse and convenient in the _popula’ﬂon. Thgr_efore, mqre bees are_ dlrected teethos
solutions are generated. Furthermore, a dynamic tolerance Dest sites. The remaining solutions are visited with a lower
control mechanism for equality constraints is added to the frequency. A set of scout bees perform random search to
algorithm in order to facilitate the approach to the feasible promote diversity in the population. A shrinking mechanism
region of the search space. Finally, two simple local search j, h4se set of solutions was added into BA in [7] and called

operators are applied to the best solution found so far. The . . .
algorithm, called Elitist-ABC, is tested on 18 test problens Improved Bees Algorithm (IBA). The Virtual Bee Algorithm

based on the experimental design proposed for the CEC'2010 (VBA) was proposed in [8]. VBA considers a communication
competition on constrained real-parameter optimization. The process based on waggle dances from bees located in food

results obtained are discussed and some conclusions are dna.  sources to other bees located in the neighborhood. One of the
most popular algorithms within this class is the Artificiadd
I. INTRODUCTION Colony (ABC) initially presented in [9] and further tested i
71, [10]. In [11] an improved version with a novel operator
ased on the Newtonian Law of Universal Gravitation was
- e ﬁ{%posed to improve the exploration ability of the ABC.
and pract_|t|oners _to SOIV? optimization problems. They ar® 1o the best of the authors’ knowledge, from the previous
characterized by |r_1ter_est|ng features §uch as a deceetlali approaches, only HBMO and ABC have been adapted to
control, self—organlz_atlon and adaptation [2]. _ solve constrained real-parameter optimization problems.
Based on the review of the state-of-the-art in [3], there ar ], the set of feasibility rules proposed in [13] were adide
three types of honey-bee-based algorithms: (1) those basgdy, o selection criteria in the original ABC. A recombinati

on the mating behavior, (2) those based on the foragi erator plus a different rate of use of the scout behavior
ésponsible to keep diversity in the population) were in-

behavior and (3) those based on the queen bee behavi
However, based on the fact that the last type mainly cove fuded in ABC. Finally, HBMO solved just one two-variable
optimization problem by using a penalty function [5].

special operators utilized in evolutionary algorithms €A
From the literature review summarized above, it is clear

and not a new model at all, this paper will consider only the
f|rsct) two (f:lassef_s of algtl)(rlthms .bajed O?] bees.- behavi that the bee-based algorithms to deal with constrained real
ne of the first works inspired on the mating be aV'Obarameter optimization problems are still scarce. Theegfo

wasblpubllsged '”h[4] to kso('j‘{; combmatorlalh Opt;]m'zatéonthis paper presents a modified version of the original ABC
problems. From this work, difierent approaches have beef, . iihm in order to participate in the competition on
proposed, most of them focused precisely in combinatorial |« -inaq real-parameter optimization

optimization [3]. However, there are some attempts to use The document is organized as follows: Section Il states

this behavior in continuous search spaces like that praposg, problem of interest. Section Ill details the original @B
in [5] and called the Honey Bee Mating Optimization

HBMO) algorithm. A b Ut lied algorithm, while in Section IV the modified ABC algorithm
( : ) algorit m. set o est_so ut|c_>ns, called queen, . jts corresponding pseudocode are presented. The experi
bees, in the population are recombined with randomly gen

. . o SHental design proposed for the competition and the obtained
ated solutions called drones, by using a probabilistic ionc results are covered in Section V. Finally, some conclusions
which also considers the velocity and energy of the queen 4 the future work are shown in Section VI
bee during its mating flight. The model considers the adadlitio

of heuristics to improve the newly generated broods. [l. STATEMENT OF THE PROBLEM
'On the other hand, the foraging behavior has inspired The problem tackled in this paper is the constrained
different algorithms to solve real-parameter optimizatio reg|-parameter optimization problem, which, without logs
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within limit cycles and a scout bee generates a new one

9i(x) <0, i=1,...,m (2) by using a random process. The original operator used by
both, employed and onlooker bees, to generate a new solution
solutionv! is in Equation 4:

hj(z) =0, j=1,...,p 3)
g _ .9 R (s "
where = € RR" is the vector of solutionsz = Vig = Tij + Pij (Ii,j :c,”) 4)
[1,22,...,2,)7 and eachr;, i = 1,...,n is bounded by

| d limits.. < . < U: which define th h wherez? represents the solution in which the bee is located
oweregn ]:upper mi f{h— i y fi\ll:/ ICI t'e ine h_er;seart(_: at that momentz{ is a randomly chosen food source (and
spaceS, F comprises the set of all solutions which satisfy .. e 29 i€ {1,2,....SN}, j € {1,2,....n}

the constraints of the problems and it is called the feasib d¢:, is a random real number within [-1, 1] generated

region;m is the n_umber of mequahty Constralnts z_aplds the. at random for everyi € {1,2,...,SN} and everyj €
number of equality constraints. Both, the objective funmti iel 9 n}

and tllf:e consttrglntts ti]an be I|?ear for nogh.n?ar._ To l?ﬂ?‘?‘d However, for the ABC version proposed in [12] for
equality constraints they are transtormed into INCqUEEIL .\ ined real-parameter optimization a modified versio

constraints as follows{h;(z)| — ¢ < 0, wheree is the . "orsi10ved and it is detailed in Equation 5 where a new

tolerancg qllowed (a very small value). . parametef < M R < 1 was considered.
In a similar way to evolutionary algorithms (EAs) [14],

the ABC algorithm in its original version lacks a mechanism
to deal with the constraints of an optimization problem , | z?. +¢;; - (zfj —xgj) ,if rand(0,1x MR

[15]. Therefore, there are different constraint-handling- Vi, 29 otherwise
chanisms which can be added to ABC in order to find the ! (5)
feasible global optimum solution. The detailed pseudocode of the original ABC algorithm is

I1l. ARTIFICIAL BEE COLONY ALGORITHM presented in Figure 1.

The ABC algorithm is based in the interaction of three |1 BegIN
types of bees: employed, onlooker and scout bees. The2 Initialize the set of food sources), i = 1,...,SN
number of employed bees usually is the same to the number3 Evaluate each?, i =1,...,SN
of onlooker bees. In contrast to other EAs and swarm intelli- | 4 g=1
gence algorithms, the solutions in the ABC are represented 2 REiggT, 170 SN
by the food sources. The bees act as operators over the fooaf; . o a1 .
. . Generatev] with =7~ by using Eq. (4)
sources trying to find the best one among them. In ABC, |g Evaluateu?
the number of employed and onlooker bees is the same|g IF ¢ is better thany? !
and this number is equal to the number of food sources. 10 xd = v?
An employed bee is assigned to one of the sources. Upon1l ELSE »
reaching the source, the bee will calculate a new solution| 12 x) =]
i.e., fly to another nearby food source from it and retain 1431 ENS'}':%EF
the best solution (in a greedy selection). The onlooker beeg 15 FORi—1TO SN
are allocated to a food source based on their profitability.| 16 Select, based on fitness proportional selegtion
These onlooker bees use the same operator of the employed food sourcer} .
bee to generate a new food source. When a source does not”’ Generate/’ with = by using Eq. (4)
improve after a certain number of iterations, it is abandone |8 Evaluatev; v
" 19 IF v} is better than;
and replaced by those found by a scout bee, which involves 5q 2? = vf
calculating a new solution at random. 21 END IF
Three parameters must be defined by the user: the number22 END FOR
of solutions (food sourcesyN, the total number of cycles |23 Gﬁ”eratFe ,“ewgoo,d sourcgshat rgndom forhthgse
(iterations) of the algorithmAM/CN and the number of whose limit to be improved has been reache
. . . 24 Keep the best solution so far

cycles that a non improved solution will be kept before | g g=g+1

being replaced by a new solution generated by the scout26  UNTIL ¢ = MCN
bee mechanisnmiimit. The selection process takes place |27 END

when the employed bees share the information of their
food sources in the hive by waggle dances, emulated as Fig. 1. Artificial Bee Colony algorithm.

a fitness proportional selection. Two replacement prosesse

are required in ABC:(1) in the greedy selection between the

current food source and the new one generated either by an IV. ELITIST ABC

employed or an onlooker bee and (2) when an employed Based on preliminary observations to the original ABC
bee abandon a food source which could not be improvedodified to solve constrained real-parameter optimization




problems [12], it was noticed that the algorithm converge€. Modified Scout Bee Operator

faster .to a promising region of the search space, causing,n modified scout mechanism, based on an original pro-
sometimes, premature convergence. Therefore,_m order BBsal utilized in PSO [16] is employed in Elitist-ABC.
improve its performance in constrained numerical searqfisiead of generating a random food source (as in the ofigina
spaces, five m9d|f|cat|ons were proposed. The expe_cted effg\oBC)’ the scout bee will generate a new food sourfey

of all changes is to slow-down convergence by slowmg-dowgsing the food source subject to be replacddas a base
the replacement process of the food sources generated {gygenerate a new search direction biased by the best food
the onlooker bees, modifying the operator of the employeg ;rce so far:%, and a randomly chosen food sourel as

bee and giving the scout bee more chances to generate g@oQicated in Equation 8, where the value is generated and
solutions in the neighborhood of the best solution so fafixed per each food sourdec [1,2, ..., SN].

Finally, a dynamic mechanism was added to the tolerance
for equality constraints with the intention to facilitateet

algorithm to approach the tiny feasible region in this typevy; = i ; + ;- (a7 ; — =] ;) + (1= ¢;) - (2% ; — 2] ;) (8)
of problems and a local search mechanism was consideredT

: ; . he aim of this modified operator is to increase the
to improve those best solutions found. The details of each - . . e
e ; capabilities of the algorithm to sample solutions withir th
modification is explained below.

range of search defined by the current population.

A. Application of the Employed Bee D. Dynamic Tolerance for Equality Constraints

_ Acting on every food source, the employed bee modifies |, orqer to make easier to the ABC the satisfaction of
its food sourcer; by using the modified operator in Equat'onequality constraints, a dynamic mechanism based on the

6. tolerance value, initially proposed for Evolution Strategies
. . . . in [17], was considered in this work. The tolerance value is
v =T+ 20 (x'k.,j - %,j) (6)  defined with respect to Equation 9.
: . 1 , ift=1
wherev! is the new food source generated arfdis a ran- B (—(EW)dec ) _ _
domly chosen food source taken from the current population. €=y e or , ifl<t<S ©)
The ¢; value is within the rangé, 1] and it is multiplied by 0.0001 , ift>8

two in order to increase the stepsize of the operator (useful

in wider search spaces). This value is kept fixed for every ) _
jel,2,...,n. where E(t) is the current number of evaluations performed

by E-ABC, E; is the total number of evaluations to be
B. Onlooker Bee Sampling Promising Regions in the Seardomputed andS is the evaluation number when the user
Space wantse becomes to 0.00015 has to be lower or equal than

Instead of improving those better food sources in the pdés- dec, which controls the speed to reduees given by
pulation as in the original ABC, each onlooker bee generat&duation 10, where.21034 |si;f;(130§i<ponent.used to get the
a food source? near the best food source so faf, and tolerance value ofE-4 i.e., e™ = = 1E-4:
f[he replacement takes place iny_ if the new foo_d sthfce 9.21034 + E;
is better than that best solution in the populatigh i.e., dec = ———— (10)

the selection mechanism is not between the current fOOdTh | docode of the Elitist ABC (E-ABC
sourcez? and the new one recently generat€d Instead, it . € comp e_te pseudocode o t. e Elitst (E- )
is shown in Figure 2, where the input parameters are the

is between the new food soureg and the best so far in the I
? number of food source$'N, the initial ¢ value, S (for

populationa’s. The modified operator is in Equation 7. the dynamic equality constraints toleranc&C N was not
considered a parameter in these experiments because the
termination condition was controlled by the FEs requested
per dimension in [18]. A similar situation occurs withnit
which is calculated withimit = (FEs—SN)/2-(SN)2. To
Unlike the modified emp|0yed bee Operator in Equation Gl'leal with the constraints of the prOblem, the three fea@bll

the onlooker bee operator generates a differgnt value, ules proposed by Deb [13] are used as criteria to compare
within [0, 1], for eachi € [1,2,...,SN]andj € [1,2,...,n] solutions. They are the following:

aiming to generate a more diverse set of solutions near thel) Between two feasible food sources, the one with the

U'zg.,j = xg.,j +2¢;5 - (x;]] - x%,j) (7)

best one so far. Finally, this best solutief} is always the best objective function value is chosen.
same for all onlooker bees i.e., it is replaced until the ehd o 2) If one food source is feasible and the other one is
each cycle in the algorithm. From this modification on the infeasible, the feasible one is chosen.

onlooker bee, the term Elitist is added to the name of this 3) Between two infeasible food sources, the one with the
version of the ABC. lower sum of constraint violation is chosen.



E. Local Search 1 BEGIN
. 2 Initialize the set of food sources?, i=1,...,SN
In order to achieve better results, two local search pros Evaluate each?, i =1,...,SN
cesses have been used. The first local search works whén g=1 ] )
30%, 40%, 50%, 60%, 70%, 80%, 90%, 95% and 97% qfy 7 1here are equallty constraints
FEs have been reached, and its purpose is to improve thle END IF
best solution achieved so far by generating a set of 1008 REPEAT , _
new food sources in its neighborhood. Each one of the ne 2 IF Té'gﬁ;;eee:cﬁ!'tyi‘f’nftra'm;N with the e value
solutionsv? is generated as shown in Equation 11 12 END IF o
13 FORi=1TO SN
. o L 0.1 " " (ésgﬁ';t;)g with mf’l by using Eq. (6)
Vig =T @i (rand(0, 1](Us 1)0-5(T)) (1 15 IF v is better thane? !
g — 9
i? ELSE
. . 18 xg — 971
This local search process generates a differgnivalue, |ig END'IE
within [—1,1], which is fixed in eachj € [1,2,...,n]. 20 END FOR
T is a counter, beginning at 1, that increases in 1 eagh! FORi=1TO SN ,
time this local search works.The other local search procesg Ef;ﬁggg, with 27 by using Eq. (7)
consists on slightly modifying each decision variablg ;, 24 IF v is better thanz?,
j€{1,2,...,n} of the best solution so far, by using a small| 25 x) =]
stepsize [E—5 times the size of the variable intenid)—L;) |28 ELSE )
M . - 27 xd =2
until either there is no improvement or 100 cycles had begrg END'IE
computed per each variable. This local search works wheng END FOR
45%, 50%. 53%, S0%, G256, B4Y%, B6%, 80%, SO%, SISO Agn e Tt I b st b (5. o e
az://;' t?:;/r:, rglal.(({?],e?f%’ 96%, 97%, 98%, and 99%Fu's 31 :Aopplk)]/ local shgarcz if the percgntage of evaluations
32 Kaesep iﬁg zgs{egglution so far
V. RESULTS AND DISCUSSION 33 IF There are equality constraints
. . . 34 Decrease by using Eq. (9)
The experimental design is based on the request fogs END IF
the competition [18], wherd8 scalable test problems are |36 g=g+1
considered. The configuration of the computer utilized wasgg ENSNT“‘ 9=MCN
as indicated in Table I.

TABLE | Fig. 2. Elitist Artificial Bee Colony algorithm (E-ABC)
PC DETAILS USED FORE-ABC EXPERIMENTS
TABLE Il
System: Windows Vista ALGORITHM COMPLEXITY
RAM: 3GB
Algorithm E-ABC T1 T2 (T2-TDTL
CPU: 2.8 GHz 20.193573| 23.219179| 0.149830
Prog. Language:; Matlab 7.9.0 30.088167 | 32.522573| 0.080909

The parameters values utilized by the approach are sum- ) _
marized in Table II: The results obtained by E-ABC in th& test problems are

reported in Tables IV, V and VI for 10D and in Tables VII,

TABLE Il VIII and IX for 30D. It is important to remark that, even
PARAMETER VALUES USED BY E-ABC E-ABC uses a dynamic tolerance for equality constraints,

N 75 the results in the aforementioned Tables are based on the
6 1.0 tolerance value handled in the competitien= 1E-4).
S 45% of FEs From the results in Tables IV, V and VI it was noted that
FEs ratio to perform local search ESZJ’ é‘ggjf’gg 580(;7; E-ABC found feasible solutions aftep0, 000 evaluations in

82%: 84%?: 8692: 88%: sixteen out of eighteen problems (the exceptions were C04

90%, 91%, 92%, 94%, and C11). Besides, in problems C01, C07, C08, C13, C14

gg;‘j' 96%, 97%, 98%, and C15 for 10D, feasible solutions were generated before
Cycle Timft for Tocal search 100 10% of the total FEs was processed. It is worth noticing that
stepsize variation for each for some problems, such as C03, C09, C10,C14 and C15 the
variable in local search 1B — 5U; — L) standard deviation value is very high, which may suggest

some lack of robustness in the algorithm, combined with
Table 1l includes the results for the algorithm complexityhigh values for their objective functions. On the other hand



Convergence for C09, C10, C14 and C15 in 10D
T T T T T

in some 10D problems, such as C03 and C12, even the b ... _
solution was feasible after the total FEs, the median or eve . -
the worst solutions were infeasible. This is an interestin w02} : ™= Rt
behavior of the approach, because it can maintain infeasik W
solutions late in the process i.e., some kind of diversity i ©°7 =
promoted. With the exception of problems C03, C04, C1 o
and C12, all runs reported complete feasible populations .
the end of the process in the remaining problems. 10 | ,
Regarding the results in Tables VII, VIII and IX for B
30D, E-ABC presented a similar behavior with respect t | B ]
10D problems. Feasible solutions were found in fifteen c :
eighteen test problems. Moreover, in a similar way to 10C
in problems C01, C07, C08, C13, C14 and C15 for 30C | ]
feasible solutions were generated before 10% of the total Fl
was processed. With the exception of problems C03, CO 1w107°- ]
C11 and C12, in the remaining problems all runs reporte ‘ ‘ ‘ L e, . ‘ ‘
feasible solutions. Finally, the standard deviation valire orope e o8 o e e e
problems C03, C09, C10, C14 and C15 showed a lack of
consistency in the algorithm. Fig. 3. Convergence plots for problems C09, C10, C14 and ©6430D
The convergence plots in Figure 3 for four 10D problems
show that the algorithm was trapped in a local optima il
problems C09 and C10. However, it was able to improv |\ -
solution in problem C15 and mostly in problem C14. Figure '
4 suggests that the algorithm is capable of improving th \
solutions if more than 200,000 FEs were allowed, mostly i VT
problem C18. .
The plots for 30D problems in Figure 5 show similar be- '
haviors as those presented in the 10D problems. However *
slower convergence in problems C15 and C14 was observe -
Finally, Figure 6 shows that the solution for problem C1¢ 2 el 1
could be improved if more than 600,000 FEs were compute .

B e I S P ——
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Convergence for C17 and C18 in 10D
T T T
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VI. CONCLUSIONS ANDFUTURE WORK v

A novel version of the ABC algorithm to solve constrainec s~
real-parameter optimization problems was introducede Fiv ‘ el
modifications were implemented to the original ABC: (1) 06 08 L2 16 18 2
The operator of the employed bee was modified with a
larger stepsize. (2) The onlooker bee operator was modified Fig. 4. Convergence plots for problems C17 and C18 for 10D
in such a way that its only goal was to improve the best
solution found in the previous cycle by generating a search
direction towards the vicinity of that best solution. (3¥1ead Finally, for a set of six problems, regardless of dimensiena
of just generating a new solution at random, the scout bég E-ABC could find feasible solutions within the firs6%
operator generated solutions biased by a current solution FEs computed and it was able to maintain slightly infeasible
the population (chosen at random) and the best solution solutions in the population, late in the optimization prege
far. The goal was to increase the probability of generatinipr other test problems. These results are still prelimjinar
a good attractor to avoid local optima. (4) To facilitateTherefore, the future work consists on a sensitivity arialys
the generation of feasible solutions a dynamic tolerance fof E-ABC to its parameters and a mechanism to improve its
equality constraints was added to view as feasible sonperformance in higher dimensionalities.
near-feasible solutions. Finally, (5) two simple local reba
operators were applied to the best solution at certain times ACKNOWLEDGMENTS
to improve it. The first author acknowledges support from CONACYT

The results obtained, based on the experimental desigirough project No. 79809.
proposed for the competition, showed that E-ABC provided
a very consistent approach to the feasible region in 10D and REFERENCES

in 30D p_mblems' However, the qua“ty ar_]d robustness 0{1] A. P. Engelbrecht,Fundamentals of Computational Swarm Intelli-
the solutions found were affected, mostly in 30D problems  gence Wiley, 2005.
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TABLE IV

FUNCTION VALUES ACHIEVED WHEN FES =2210%, FES =1210°, FES =2210° FOR 10D PROBLEMSC01-C06

FEs Co1 Co2 Co3 co4 CO05 C06
Best | -7.46846E-001| -6.286321E-001 (1)| 8.82932E+011 (1)| 1.70785E+001 (4)| 4.94413E+002 (2)| 4.50929E+002 (2)
Median | -7.24360E-001| -6.91854E-001 (1)| 1.06638E+012 (1)| 1.77942E+001 (4)| 4.46661E+002 (2)| 4.34466E+002 (2)
Worst | -6.65014E-001| -3.70024E-001 (1)| 2.49355E+012 (1)| 2.14092E+001 (4)| 3.98837E+002 (2)| 4.99316E+002 (2)
2% 104 c (0,0,0) 0,1,0) (1,0,0) (3,1,0) (0,2,0) (0,2,0)
bi 0.00000E+000| _ 2.36540E-002 2.56019E+002 2.88234E+001 8.32711E-002 7.01367E-002
Mean | -7.14960E-001|  3.64642E-001 2.65353E+012 1.08888E+001 3.70004E+002 4.40081E+002
sid 2.64416E-002 | 1.49531E+000 1.05186E+012 1.64264E+000 1.15234E+002 8.56341E+001
Best | -7.47249E-001| -2.15509E+000 | 8.80208E+011 (1)| 2.66172E-001 (4)| 4.66347E+001 2.38478E+002
Median | -7.25563E-001| -9.89099E-001 | 9.88260E+011 (1)| 3.49974E+000 (4)] 3.65977E+002 4. 48008E+002
Worst | -6.65028E-001| 2.86836E+000 | 1.91709E+012 (1)| 7.63580E+000 (4)| 5.36516E+002 5.93442E+002
1% 10° c (0,0,0) (0,0,0) (1,0,0) (1,3.0) (0,0,0) (0,0,0)
bi 0.00000E+000| _ 0.00000E+000 1.61027E+000 4.00243E+000 0.00000E+000 0.00000E+000
Mean | -7.16202E-001| -1.23641E-001 2.45993E+012 4.54092E+000 3.65259E+002 4.38184E+002
sid 2.68610E-002 | 1.58319E+000 1.01485E+012 3.53090E+000 1.17201E+002 8.59528E+001
Best | -7.47271E-001| -2.15515E+000 8.78821E+011 | 7.37840E-002 (4)| 4.65955E+001 2.38468E+002
Median | -7.25565E-001| -9.93033E-001 | 1.40529E+012 (1)| 1.44814E-001 (3)| 3.65969E+002 4 47997E+002
Worst | -6.65033E-001| 2.86832E+000 | 2.05672E+012 (1)| 2.34519E+000 (4)| 5.36501E+002 5.93435E+002
2 % 10° c (0,0,0) (0,0,0) 0,0,0) (0,0,3) (0,0,0) (0,0,0)
b 0.00000E+000| _ 0.00000E+000 1.08021E-003 3.58756E-003 0.00000E+000 0.00000E+000
Mean | -7.16257E-001| -1.24895E-001 2.44507E+012 8.56306E-001 3.65247E+002 4.38168E+002
sid 2.68978E-002 | 1.58359E+000 1.00967E+012 3.00628E+000 1.17205E+002 8.59536E+001
TABLE V
FUNCTION VALUES ACHIEVED WHEN FES =2210%, FES =1210°%, FES =2210° FOR10D PROBLEMSC07-C12
FEs C07 C08 C09 C10 C11 C12
Best | 3.69381E+001| 1.77894E+003| 5.68047E+012 (1)| 1.05313E+012 (1)| -3.30313E+000 (1)| -4.17379E+002 (1)
Median | 9.66380E+001| 1.83068E+004| 1.10550E+012 (1)| 1.66149E+012 (1)| -2.38642E+000 (1)| 4.18727E+001 (1)
Worst | 8.07736E+003| 4.66097E+005| 8.13694E+012 (1)| 5.39585E+012 (1)| -1.30237E+000 (1)| 2.15164E+002 (2)
2% 10% c (0,0,0) (0,0,0) 0,1,0) 0,1,0) (1,0,0) (1,0,0)
b 0.00000E+000| 0.00000E+000| _ 5.76463E-002 8.46351E-002 4.68679E+001 1.13899E+001
Mean | 4.17610E+002| 8.67987E+004| 3.77802E+012 2.25119E+012 ~7.77013E-001 ~1.64787E+002
std 1.59683E+003| 1.38159E+005| 3.55611E+012 2.75766E+012 3.15500E+000 2.85240E+002
Best | 1.34147E-003| 4.92935E-001| 2.29020E+010 4.49571E+009 | 1.24410E+000 (1)| -5.70001E+002
Median | 6.45561E+001| 1.25149E+002| 1.59045E+012 T.16937E+012 | -2.53448E+000 (1)]  2.27776E+001
Worst | 1.84516E+003| 4.64871E+003| 7.13143E+012 T.35375E+013 | 7.57482E+000 (1) | -5.23725E+002 (1)
1%10° c (0,0,0) (0,0,0) (0,0,0) (0,0,0) (1,0,0) (0,0,0)
b 0.00000E+000| 0.00000E+000| _ 0.00000E+000 0.00000E+000 3.42592E+001 0.00000E+000
Mean | L.46467E+002| 4.24139E+002| 2.01947E+012 1.74645E+012 -9.43246E-001 ~1.80233E+002
std 3.57511E+002| 9.34866E+002| 1.81085E+012 2.58327E+012 3.08994E+000 2.73945E+002
Best | 1.04468E-003| 2.87026E-001| 2.28985E+010 4.9358E+009 | 1.26671E+000 (1)| -5.70036E+002
Median | 6.24215E+001| 1.07427E+002| 1.59034E+012 T.16922E+012 | -3.17814E+000 (1)]  1.79467E+001
Worst | 2.74632E+002| 4.64274E+003| 7.13129E+012 T.35361E+013 | 7.7891I8E+000 (1) | -5.32512E+002 (1)
2% 10° c (0,0,0) (0,0,0) (0,0,0) (0,0,0) (1,0,0) (0,0,0)
b 0.00000E+000| 0.00000E+000| _ 0.00000E+000 0.00000E+000 3.26889E+001 0.00000E+000
Mean | 7.16094E+001| 4.10789E+002| 2.01934E+012 1.74620E+012 ~1.23017E+000 ~1.80089E+002
std 5.19113E+001| 9.35603E+002| 1.81083E+012 2.58300E+012 3.03556E+000 2.75758E+002
TABLE VI
FUNCTION VALUES ACHIEVED WHEN FES =2210%, FES =1210°, FES =2210° FOR 10D PROBLEMSC13-C18
FEs C13 Ci4 Ci5 C16 C17 C18
Best | -6.84255E+001| 1.15943E+010| 1.51870E+012 | 1.28787E-001 (2)| 4.01026E+001 (1)| 2.12567E+002 (1)
Median | -6.36350E+001| 1.96386E+012| 7.62788E+013 | 1.34656E-001 (2)| 1.99539E-001 (1)| 4.51275E+002 (1)
Worst | -6.17569E+001| 1.87242E+013| 1.19232E+014 (1)| 4.53161E-001 (2)| 5.59483E+000 (1)| 2.91530E+001 (1)
2 %104 c (0,0,0) (0,0,0) (0,0,0) (0,2,0) 0,1,0) 0,1,0)
b 0.00000E+000 | 0.00000E+000] _ 0.00000E+000 3.02142E-002 2.47278E-002 2.63109E-002
Mean | -6.56544E+001| 5.19693E+012| 6.41289E+013 2.68285E-001 4.68947E+000 5.17783E+002
std 2.50709E+000 | 6.15140E+012| 4.41998E+013 1.79063E-001 7.76324E+000 4.96639E+002
Best | -6.84280E+001| 5.48224E-004| 5.13441E+009 0.00000E+000 2.75391E-002 8.85938E-003
Median | -6.36350E+001| 4.97814E+009| 1.44230E+013 6.46348E-002 T.60518E+000 2.67121E+002
Worst | -6.20674E+001| 6.04804E+012| 7.33448E+013 (1)]  2.69386E-001 3.50137E+001 1.40016E+003
1% 10° c (0,0,0) (0,0,0) (0,0,0) (0,0,0) (0,0,0) (0,0,0)
b 0.00000E+000 | 0.00000E+000| _ 0.00000E+000 0.00000E+000 0.00000E+000 0.00000E+000
Mean | -6.56801E+001| 7.13830E+011| 2.77705E+013 8.49367E-002 3.26571E+000 3.48351E+002
std 2.50282E+000 | 1.62014E+012| 2.77724E+013 9.19429E-002 6.83695E+000 3.72184E+002
Best | -6.84280E+001| 3.14152E-004| 4.21611E+009 0.00000E+000 2.53385E-002 3.09847E-003
Median | -6.36350E+001| 2.87761E+003| 1.25082E+013 6.15494E-002 T.60308E+000 2.66405E+002
Worst | -6.20733E+001| 9.72178E+011| 9.77226E+013 2.67174E-001 3.49734E+001 1.39906E+003
2 % 10° c (0,0,0) (0,0,0) (0,0,0) (0,0,0) (0,0,0) (0,0,0)
b 0.00000E+000 | 0.00000E+000| _ 0.00000E+000 0.00000E+000 0.00000E+000 0.00000E+000
Mean | -6.56806E+001| 8.00410E+010| 2.56576E+013 8.34741E-002 3.24290E+000 3.47023E+002

std

2.50270E+000

2.36608E+011

2.86276E+013

9.10639E-002

6.83136E+000

3.71076E+002




TABLE VIl

FUNCTION VALUES ACHIEVED WHEN FES =6210%, FES =3210°, FES =6210° FOR30D PROBLEMSCO01-C06

FEs Co1 Co2 Co3 Co4 C05 C06
Best | -8.00675E-001| 2.95392E+000 (1)| 1.07564E+013 (1)| 2.56559E+001 (4)| 4.20192E+002 (2)| 4.86548E+002 (2)
Median | -7.14645E-001| 1.98553E+000 (1)| 1.65141E+013 (1)| 2.46723E+001 (4)| 3.49387E+002 (2)| 5.50403E+002 (2)
Worst | -6.02114E-001| 3.79550E+000 (1)| 1.39830E+013 (1)| 4.64040E+001 (4)| 2.83586E+002 (2)| 3.29444E+002 (2)
6+ 104 c (0,0,0) 0,1,0) (1,0,0) (3.1,0) 0,2,0) ©0,1,1)
b 0.00000E+000| _ 2.26959E-002 4.82048E+003 8.02910E+001 5.92095E-002 6.51319E-002
Mean | -7.10174E-001| 2.94488E+000 1.18694E+013 2.91521E+001 3.76881E+002 4.79131E+002
std 4.85621E-002 |  6.64901E-001 2.36507E+012 6.61648E+000 7.88808E+001 6.32475E+001
Best | -8.15630E-001| -1.22295E-001 | 1.05148E+013 (1)| 2.42028E+001 (4)| 1.46327E+002 3.25983E+002
Median | -7.39982E-001| 2.91551E+000 | 9.91674E+012 (1)| 2.21727E+001 (4)| 3.67592E+002 4.91559E+002
Worst | -6.09260E-001| 3.74193E+000 | 1.17005E+013 (1)| 3.96509E+001 (4)| 5.01782E+002 5.52704E+002
3 % 10° c (0,0,0) (0,0,0) (1,0,0) (3.1,0) (0,0,0) (0,0,0)
b 0.00000E+000| _ 0.00000E+000 4.20466E+001 2.16236E+001 0.00000E+000 0.00000E+000
Mean | -7.29301E-001| 2.57238E+000 1.06929E+013 2.49489E+001 3.71951E+002 4.73908E+002
std 4.78533E-002 | 9.43265E-001 2.21555E+012 5.93284E+000 7.88975E+001 6.30249E+001
Best | -8.16265E-001| -1.23647E-001 | 1.05323E+013 (1)| 2.38950E+001 (3)| 1.46311E+002 3.25962E+002
Median | -7.40123E-001| 2.88761E+000 | 1.12165E+013 (1)| 2.18557E+001 (4)| 3.67582E+002 4.91517E+002
Worst | -6.09272E-001| 3.73457E+000 | 9.97238E+012 (1)| 3.50045E+001 (4)| 5.01709E+002 5.52639E+002
6 = 10° c (0,0,0) (0,0,0) (0,1,0) 0,3,0) (0,0,0) (0,0,0)
b 0.00000E+000| _ 0.00000E+000 9.20869E-001 3.19424E-001 0.00000E+000 0.00000E+000
Mean | -7.30554E-001| 2.55647E+000 1.07087E+013 2.14572E+001 3.71892E+002 4.73841E+002
std 4.87589E-002 |  9.42949E-001 2.20890E+012 6.21913E+000 7.88854E+001 6.30259E+001
TABLE VI
FUNCTION VALUES ACHIEVED WHEN FES =6210%, FES =3210°%, FES =6210° FOR30D PROBLEMSC07-C12
FEs C07 C08 C09 C10 C11 C12
Best | 1.77632E+003| 7.60564E+007| 2.74874E+012 (1)| 2.79359E+013 (1)| -1.25833E+000 (1)| 4.58268E+002 (1)
Median | 8.67192E+003| 2.42604E+008| 1.10225E+013 (1)| 1.24640E+013 (1)| -5.08906E-001 (1)| -5.23341E+002 (1)
Worst | 3.74392E+004| 1.00511E+009| 2.32840E+012 (1)| 2.54242E+013 (1)| -7.79933E-001 (1)| L.46518E+002 (1)
6« 10% c (0,0,0) (0,0,0) 0,1,0) 0,1,0) (1,0,0) (1,0,0)
b 0.00000E+000| 0.00000E+000|  1.09506E-001 1.08801E-001 T.16450E+004 4.35331E+004
Mean | 9.41492E+003| 3.17427E+008| 1.51310E+013 1.48739E+013 ~4.38030E-001 T1.03826E+002
std 7.43338E+003| 2.28998E+008| 1.02332E+013 8.34508E+012 5.78025E-001 3.86225E+002
Best | 4.58902E-001| 7.17232E-002| 2.61407E+012 9.43082E+011 | 3.02572E-001 (1) | -8.82394E+002
Median | 1.04935E+002| 1.65735E+002| 1.37699E+013 T.41300E+013 | -8.53288E-001 (1)|  3.74649E+002
Worst | 1.14829E+003| 4.69772E+002| 2.20435E+013 (I)| 5.37850E+013 (1)| 6.62672E-001 (1) | 4.12976E+001 (1)
3% 10° c (0,0,0) (0,0,0) (0,0,0) (0,0,0) (1,0,0) (0,0,0)
b 0.00000E+000| 0.00000E+000| _ 0.00000E+000 0.00000E+000 3.77738E+001 0.00000E+000
Mean | 1.46691E+002| 1.82680E+002| 1.60786E+013 1.65852E+013 6.17349E-001 5.52444E+001
std 2.12074E+002| 1.02474E+002| 9.28970E+012 1.24711E+013 6.77934E-001 3.70106E+002
Best | 1.76144E-001| 1.60045E-002| 2.61374E+012 9.35820E+011 | 2.77923E-001 (1) | -8.82638E+002
Median | 1.03079E+002| 1.41844E+002| 1.37613E+013 1.39518E+013 | -7.65538E-001 (1)| 3.57387E+002
Worst | 1.10835E+003| 3.43163E+002| 3.98544E+013 3.96332E+013 | 4.17737E-001 (1) | -3.61922E+001 (1)
6% 10° c (0,0,0) (0,0,0) (0,0,0) (0,0,0) (1,0,0) (0,0,0)
b 0.00000E+000| 0.00000E+000| _ 0.00000E+000 0.00000E+000 3.66579E+001 0.00000E+000
Mean | 1.33290E+002| 1.50196E+002| 1.60756E+013 1.49864E+013 5.88529E-001 5.07110E+001
std 2.05828E+002| 7.14877E+001| 9.28741E+012 9.77336E+012 6.48625E-001 3.70468E+002
TABLE IX
FUNCTION VALUES ACHIEVED WHEN FES =6210%, FES =3210°, FES =6210° FOR30D PROBLEMSC13-C18
FEs Ci3 C14 C15 C16 C17 Ci8
Best | -6.75648E+001| 1.38330E+013| 7.58647E+013 | 1.01760E+000 (2)| 9.95467E+001 (1)| 1.69662E+002 (1)
Median | -6.52101E+001| 4.24217E+013| 2.31920E+014 | 9.93311E-001 (2)| 3.39387E+001 (1)| 5.00299E+002 (1)
Worst | -6.23166E+001| 6.84703E+013| 1.16541E+014 (I)| 6.57530E-001 (2)| 3.02580E+001 (1)| 6.25370E+002 (1)
6 % 104 c (0,0,0) (0,0,0) (0,0,0) (0,2,0) (0,1,0) (0,1,0)
b 0.00000E+000 | 0.00000E+000[ _ 0.00000E+000 2.30836E-002 2.82503E-002 2.60741E-002
Mean | -6.48263E+001| 4.18054E+013| 2.89590E+014 9.76353E-001 5.12641E+001 1.48547E+003
std 1.36188E+000 | 1.52393E+013| 1.96461E+014 T.40954E-001 2.61168E+001 1.78263E+003
Best | -6.75687E+001| 7.19400E+005| 2.14404E+013 6.81733E-002 3.36762E+000 2.74819E-001
Median | -6.52675E+001| 4.14575E+011| 1.11562E+014 9.23853E-001 2.36020E+001 1.54158E+002
Worst | -6.23166E+001| 4.96544E+012| 9.53621E+013 (I)]  1.05352E+000 6.18616E+001 1.36340E+003
3% 10° c (0,0,0) (0,0,0) (0,0,0) (0,0,0) (0,0,0) (0,0,0)
bi 0.00000E+000 | 0.00000E+000| _ 0.00000E+000 0.00000E+000 0.00000E+000 0.00000E+000
Mean | -6.48551E+001| 8.60249E+011| 1.21500E+014 8.26041E-001 2.73447E+001 3.06638E+002
sid 1.38140E+000 | 1.33467E+012| 7.45325E+013 2.55232E-001 1.66874E+001 3.69264E+002
Best | -6.75687E+001| 3.13491E-001| 1.78114E+012 6.25294E-002 3.26752E+000 1.96085E-001
Median | -6.52689E+001| 8.82747E+002| 2.93564E+013 9.19836E-001 2.29250E+001 1.48170E+002
Worst | -6.23166E+001| 5.61784E+004| 1.50580E+014 1.05256E+000 6.04180E+001 1.32226E+003
6+ 10° c (0,0,0) (0,0,0) (0,0,0) (0,0,0) (0,0,0) (0,0,0)
bi 0.00000E+000 | 0.00000E+000| _ 0.00000E+000 0.00000E+000 0.00000E+000 0.00000E+000
Mean | -6.48550E+001| 9.94710E+003| 3.78513E+013 8.20722E-001 2.68010E+001 2.93336E+002
sid 1.38213E+000 | 1.01606E+004| 3.44073E+013 2.56988E-001 T.63455E+001 3.52843E+002
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