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Abstract

ABC (Artificial Bee Colony) algorithm is one of theost popular approaches that is used in
optimization problems. ABC overcomes other wellskmoheuristic methods, such as GA, PSO
and DE (Differential Evolution). In this paper, vpeopose a hybrid ABC-DE algorithm that
combines properties of ABC and DE approaches. €kalts show that our proposed algorithm
is better than both ABC and DE and other methods.
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1. Introduction

Karaboga has described Artificial Bee Colony (ABR)orithm based on the foraging behavior
of honey bees for numerical optimization probleni$, [and Karaboga and Basturk have
compared the performance of the ABC algorithm withse of other well-known modern
heuristic algorithms such as Genetic Algorithm (GABjfferential Evolution (DE), Particle
Swarm Optimization (PSO) on unconstrained problgh®. Because ABC is a robust, easy and
flexible algorithm, it has used in different proime. For example, it is used in Neural Networks
[4], spanning tree [5], digital filters [6], in dtering [7], or in constrained optimization problem
[8]. In [9], a hybrid algorithm of PSO and DE comaétion is described. In this work we
introduce three algorithms of ABC and DE combinatiim Section 2, the ABC algorithm and in
section 3, DE is described. In section 4, the ABE-d)gorithm will be suggested and in section
5 experiments and results are presented and dextuss

2. Artificial Bee Colony (ABC) algorithm

Artificial Bee Colony (ABC) algorithm was proposéy Karaboga for optimizing numerical
problems in 2005 [1]. The algorithm simulates thtelligent foraging behavior of honey bee
swarms. It is a very simple, robust and populati@sed stochastic optimization algorithm.
Karaboga and Basturk have compared the perfornaite ABC algorithm with those of other
well-known modern heuristic algorithms such as Gemdgorithm (GA), Differential Evolution
(DE), Particle Swarm Optimization (PSO) on uncamised problems [2].

Detailed pseudo-code of the ABC algorithm is gibefow:

1: Initialize the population of solutiong x=1,...,SN
2: Evaluate the population
3: cycle=1



: repeat
: Produce new solutionsfor the employed bees by using (2) and evaluata the
Apply the greedy selection process
Calculate the probability valugsfor the solutions; by (1)

Produce the new solutian$or the onlookers from the solutiorsselected depending gnand
evaluate them
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9: Apply the greedy selection process

10: Determine the abandoned solution for the sébekjsts, and replace it with a new randomly
produced solutior; by (3)

11: Memorize the best solution achieved so far

12: cycle=cycle+1

13:until cycle=MCN

In ABC algorithm, the position of a food source negents a possible solution to the
optimization problem and the nectar amount of alfeource corresponds to the quality (fithess)
of the associated solution. The number of the eygaldees or the onlooker bees is equal to the
number of solutions in the population. At the firstep, the ABC generates a randomly
distributed initial populatiorP(G = 0) of SN solutions (food source positions), whei®¥
denotes the size of population. Each solugp( = 1,2,...,SN) is aD-dimensional vector.
Here,D is the number of optimization parameters. Aftetialization, the population of the
positions (solutions) is subjected to repeatedesy€l = 1,2, ..., MCN, of the search processes of
the employed bees, the onlooker bees and scout Aeesnployed bee produces a modification
on the position (solution) in her memory dependinghe local information (visual information)
and tests the nectar amount (fithess value) oh#we source (new solution). Provided that the
nectar amount of the new one is higher than théh@previous one, the bee memorizes the new
position and forgets the old one. Otherwise she&edhe position of the previous one in her
memory. After all employed bees complete the seprobess, they share the nectar information
of the food sources and their position informatath the onlooker bees on the dance area. An
onlooker bee evaluates the nectar information tdiken all employed bees and chooses a food
source with a probability related to its nectar amto As in the case of the employed bee, she
produces a modification on the position in her mgmend checks the nectar amount of the
candidate source. Providing that its nectar is drigthan that of the previous one, the bee
memorizes the new position and forgets the old one.

An artificial onlooker bee chooses a food sourgeedeling on the probability value associated
with that food sourceqy;, calculated by the following expression (1):

fit;
Pi = S5 fie, (1)

wherefit; is the fitness value of the solutiémvhich is proportional to the nectar amount of the
food source in the positidrandSN is the number of food sources which is equal tonilvaber

of employed beesBV).

In order to produce a candidate food position fritv@ old one in memory, the ABC uses the
following expression (2):

vij = xij + By (xij — xi5) (2)

whereke{1,2, ..., SN} andje{1,2, ..., D}are randomly chosen indices. Althouglis determined
randomly, it has to be different fromg;; is a random number between [-1, 1]. It controls the



production of neighbor food sources aroupdand represents the comparison of two food
positions visually by a bee. As can be seen froma® the difference between the parameters of
thex;; andx,; decreases, the perturbation on the positjpngets decrease, too. Thus, as the
search approaches to the optimum solution in tlaeckespace, the step length is adaptively
reduced.

The food source of which the nectar is abandonethbybees is replaced with a new food
source by the scouts. In ABC, this is simulateghtmducing a position randomly and replacing it
with the abandoned one. In ABC, providing that aifpen can not be improved further through a
predetermined number of cycles, then that foodsisrassumed to be abandoned. The value of
predetermined number of cycles is an importantrobparameter of the ABC algorithm, which
is called“limit” for abandonment. Assume that the abandoned swis¢@nd je{1,2,...,D},
then the scout discovers a new food source to flaaed withx. This operation can be defined
as in (3):

x] =x) . +rand(0,1) (X0 — X:0) (3)

After each candidate source positignis produced and then evaluated by the artificial, s
performance is compared with that of its old ori¢hé new food source has an equal or better
nectar than the old source, it is replaced withdldeone in the memory. Otherwise, the old one
is retained in the memory. In other words, a greselgction mechanism is employed as the
selection operation between the old and the cateloi@e. There are three control parameters in
the ABC: The number of food sources which is eqaahe number of employed or onlooker
bees §N), the value oflimit, the maximum cycle numbéMCN).

In a robust search process, exploration and egpioit processes must be carried out together.
In the ABC algorithm, while onlookers and employszks carry out the exploitation process in
the search space, the scouts control the explarptincess.

3. Differential Evolution

The differential evolution (exploration) [DE] algthm introduced by Storn and Price (1995)
[10] is a novel parallel direct search method, Whitilizes NP parameter vectors as a population
for each generation G. DE can be categorized idass of floating-point encoded, evolutionary
optimization algorithms. Currently, there are saverariants of DE. The particular variant used
throughout this investigation is the DE/rand/1/bsheme. This scheme will be discussed here
and more detailed descriptions are provided (Stord Price). Since the DE algorithm was
originally designed to work with continuous vare$)| the optimization of continuous problems
is discussed first. Handling discrete variablesxiglained later.

Generally, the function to be optimizenl, is of the forma(X): R® - R. The optimization
target is to minimize the value of this objectivadtion2(X),

minQ (X)),
by optimizing the values of its parametérs= {x,, x,,...,xp}, XeRP, whereX denotes a vector
composed oD objective function parameters. Usually, the patanseof the objective function
are also subject to lower and upper boundary cainss;x ) andx(, respectively,



xj(L) <x< xj(U) Vje[1,D]

3.1. Initialization

As with all evolutionary optimization algorithmsHworks with a population of solutions, not
with a single solution for the optimization problefopulationP of generatiorG containsvP
solution vectors called individuals of the popwdatand each vector represents potential solution
for the optimization problem

PO=xD=x@  i=1.,NP; j=1,..,D; G=1,..,6ne (4)
In order to establish a starting point for optimaeeking, the population must be initialized.

Often there is no more knowledge available aboatltitation of a global optimum than the

boundaries of the problem variables. In this caseatural way to initialize the populati®4®

(initial population) is to seed it with random vatuwithin the given boundary constraints:
PO = x(9 = x* + rand;[0,1] x (x]_(w _ xj(L)) Vie[1,NP];  Vje[1,D] (5)

whererand;[0,1] represents a uniformly distributed random val thnges from zero to one.

3.2. Mutation
The self-referential population recombination scheof DE is different from the other
evolutionary algorithms. From the first generatiomward, the population of the subsequent

generatior?¢*1 s obtained on the basis of the current populaiéh. First a temporary or

. . . . (G —_ (G _ .,(G+1)
trial population of candidate vectors for the supmmt generatior? ¢*%) = y©@+1) = /%1
is generated as follows:
© © _ (@ . o
(64D _ Xjrz T F x (x]—’r1 — xj’rz), ifrand;[0,1] < CRor j =k ©)

g Xj(,(i})' ettvise
where ie[1,NP] ; je[1,D], r1,7v2,73¢[1,NP], randomly selected, exceptl #r2 #r3 #1i,
k = (int(rand;[0,1] x D) + 1), andCRe[0,1], Fe[0,1].

Three randomly chosen indices, fdr, r2, andr3 refer to three randomly chosen vectors of
population. They are mutually different from eadher and also different from the running
indexi. New random values forl, r2, andr3 are assigned for each value of indgfor each
vector). A new value for the random number rand]ds assigned for each value of indeffor

each vector parameter).

3.3. Crossover

The indexk refers to a randomly chosen vector parameter taisdused to ensure that at least
one vector parameter of each individual trial ve@t&+? differs from its counterpart in the
previous generatio(®). A new random integer value is assigned for each value of the
indexi (prior to construction of each trial vectoF)andCR are DE control parameters. Both
values remain constant during the search procesth falues as well as the third control
parameter, NP (population size), remain constanihguhe search proceds.s a real-valued



factor in range [0.0, 1.0] that controls the amgdifion of differential variationLR is a real-
valued crossover factor in the range [0.0, 1.0] tdomtrols the probability that a trial vector will

be selected form the randomly chosen, mutated w,d(;i%“) instead of from the current vector,

Xj(f). Generally, botlF andCR affect the convergence rate and robustness cfaaieeh process.

Their optimal values are dependent both on objecfinction characteristics and on the
population sizeNP. Usually, suitable values fét, CR andNP can be found by experimentation
after a few tests using different values. Practachlice on how to select control parameféprs

F andCR can be found in Storn and Price [10].

3.4. Selection

The selection scheme of DE also differs from tHeeoevolutionary algorithms. On the basis
of the current populatiof@ and the temporary populati®{¢*?, the population of the next
generatiorP¢+V is created as follows:

g _[ WO ina(re) <3 (x®),
1

X i(G), otherwise.

(7)

Thus, each individual of the temporary or trial plgpion is compared with its counterpart in
the current population. The one with the lower eatdi cost-functiord(X) to be minimized will
propagate the population of the next generation.aA®sult, all the individuals of the next
generation are as good or better than their copates in the current generation. The interesting
point concerning the DE selection scheme is thaahvector is only compared to one individual
vector, not to all the individual vectors in therant population.

4. Proposed ABC-DE Algorithm

In ABC-DE algorithm, we have three types of beasplyed bees, onlooker bees and scouts.
The half of the colony contains employed bees &edrémaining half contains onlooker bees.
For each food source (solution), there exists anpleyed bee. In other words, the number of
employed bees is equal to number of food sourdes.rdle of employed bees is producing new
solutions from current solutions. They do this 6. (

The onlooker bees, based on probability, choosgisok with better fithess and produce new
solutions by (6). The probability of choosing awmn is calculated by (1). The new produced
solutions is replaced the current solution, if fitileess of new solution is equal or better than the
current one. This condition is done by (7). Afteam® iterations, determined by control
parametetlimit, If a better solution can not be produced by ewgdioor onlooker bees, the
employed bee converts to scout and will initialize solution randomly.

Like in DE, control parametefs andCR are important elements of ABC-DE algorithm, too.
These control parameters still have major roleradpcing new solutions.



As can be observed, the structure of ABC-DE alfarits as same as the ABC; But the way of
producing new solution, is similar to DE. In fattte way of producing new solutions in DE are
embedded in ABC algorithm.

The detailed pseudo code of this algorithm is shbelow:

1: Initialize the population of solutions =1, ...,SN

2: Evaluate the population

3:cycle=1

4: repeat

5 Produce new solutionddr the employed bees by using (6) and evaluaeth

6 Apply the greedy selection process fordhmployed bees by using (7)

7. Calculate the probability valuesfér the solutions oy (1)

8 Produce the new solutionforr the onlookers from the solutionsselected depending onliy
using (6) and evaluate them

9:  Apply the greedy selection process forahokers by using (7)

10: Determine the abandoned solution for thaitsébexists, and replace it with a new randomly
produced solutionpby (3) (or (5))

11: Memorize the best solution achieved so far

12: cycle=cycle +1

13: until cycle = MCN

5. Experiments and results
5.1. Benchmark functions

In this section, the result of proposed algorittsnevaluated. We have tested the proposed
algorithm for optimizing some well-known numeridahctions. Details of these functions are
shown in Table 1.

Table 1: benchmark functions

Function Formulation Type Range Optimum
value
Sphere f(x) =3P, x? US | [-100,100] 0
Rosenbrock fx)=¥2 ,100(x;,; —x2)% + (1 — x?)? UN [-15,15] 0
Rastrigin f(x) =¥ x? — 10 cos(2nmx;) + 10 MS [-15,15] 0
Schwefel f(x) = 418.9829 = D + X2, —x; sin({/]x]) MS [-500,500] 0
Griewank Flx) = ﬁ@?ﬂ(x?)) - ( D cos (%)) +1 MN [-600,600] 0
Schaffer sin?(_|x2+x% )05 MN [-100,100] 0
(1+0.001(x?+x3))

The type of functions that are shown in colufiiype, consists two important characteristics; a
function may be unimodal (U), or multimodal (M). thme first, there is just one optima; but in the
second there is a global optima with a lot of logatimums. Surely, optimizing in multimodal



environments is more difficult with respect to uoal environments. The second characteristic
is that the function is separable (S) or non-sdpar@).

The initializing range for functions differs andates to their optimums” distribution. Also the
minimum values of all of the functions are 0.

5.2. Settings of the algorithm and results

In ABC-DE, we have three sorts of bees. 50% of bpepulations are employed bees and the
remaining 50% are onlooker bees. The colony sizeeisto 100. Two important control
parameters of ABC-DE algorithm afeandCR. In experiments, the value of F is chosen
randomly from the range [-1,-0.4][0.4,1]. The experiments were run for differentues of
CR;i.e.CR €{0.001, 0.01, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.3, 0.9, 0.99, 0.999, 1}.

For the first 5 benchmark functions showed in Tablethe experiments were done for
dimensions 2, 5, 10, 20 and 30 and the number désyepends on the number of dimensions;
200, 300, 500, 750 and 1000 respectively. For timectfon Schaffer, there exists just 2
dimensions and we used 200 cycle in experiments.value of control paramet&init is 0.3 of
cycle. Each of the experiments was repeated 3Gt different random seeds.

The mean and the standard deviations (SD) of thetifan values obtained by the ABC-DE
and ABC are given in Tabl@. Because ABC has better performance in respeaither
population-based and evolutionary algorithms, saglGA, DE, PSO and PS-EA, [1-3], we just
have compared the results of ABC and ABC-DE.

In Table 2, the values in colun@R indicate a value of control paramet®, so that via this
value the best result has been achieved for ABCalyerithm. Also, the values in column
Range, indicate a range of values that for these vabfesontrol parametefR, the results of
ABC-DE is better than ABC. For example, in functi®phere and for dimensionality 20, the best
value of ABC-DE algorithm is obtained f6R = 0.3; but for all of values in the range [0.001,
0.5] for control parametefR, the results of ABC-DE is better than ABC algamith

As can be seen from Table 2, it is obvious thatoalnfior all of benchmark functions and for
any dimension, the results of ABC-DE algorithm cual or better than the results of ABC
algorithm. The higher dimensionality of the functiBosenbrock is an exception; i.e. the results
of ABC algorithm forD = 20 and30, is better than ABC-DE algorithm.

The most important step of new proposed algoriterturning the control parametér, so
that for any objective function, either unimodalnoultimodal, either separable or non-separable,
ABC-DE algorithm can produce the best results. Famtumn Range, it seems that for small
values ofCR, aroundCR = 0.1, the ABC-DE algorithm has better performance imiows
environment conditions.



Table 2: Mean and SD of ABC and ABC-DE algorithms

ABC ABC-DE
Functions D Mean SD Mean SD CR Range
2 | 2.0085E-18 | 1.9551E-18 | 3.5596E-19 | 2.5650E-19 0.8 [0.001,1]
5 | 3.2082E-17 | 1.2373E-17 | 7.6249E-18 | 3.3637E-18 0.9 [0.001,1]
Sphere 10 | 9.2742E-17 | 2.8934E-17 | 2.7316E-17 | 7.1854E-18 0.99 [0.001,1]
20 | 6.3911E-15 | 6.2180E-15 | 1.4665E-16 | 6.2004E-17 0.3 [0.001,0.5]
30 | 2.1526E-12 | 1.9876E-12 | 3.2331E-16 | 5.3861E-17 0.2 [0.001,0.4]
2 0.0030 0.0035 2.0381E-19 | 2.3726E-19 0.9 [0.1,1]
5 0.0358 0.0376 7.2118E-18 | 3.6604E-18 0.99 [0.4,0.999]
Rosenbrock | 10 0.0815 0.0978 2.2229E-7 | 3.4902E-7 0.9 [0.8,0.9]
20 0.2065 0.2319 2.1273 1.0013 0.001 -
30 0.3908 0.3825 5.1592 2.7294 0.001 -
2 0.0 0.0 0.0 0.0 [0.001,1] [0.001,1]
5 0.0 0.0 0.0 0.0 [0.001,0.6] | [0.001,0.6]
Rastrigin 10 | 4.8553E-15 | 5.9728E-15 0.0 0.0 [0.001,0.3] | [0.001,0.3]
20 | 3.7232E-55 | 2.0389E-4 0.0 0.0 [0.001,0.01] | [0.001,0.1]
30 0.0930 0.2848 0.0 0.0 [0.001,0.01] | [0.001,0.1]
2 1.7081E-9 | 7.8492E-9 0.0 0.0 [0.1,1] [0.1,1]
5 0.0023 0.0035 1.6689E-13 | 8.0476E-13 0.2 [0.001,0.3]
Griewank | 10 0.0036 0.0058 7.0866E-11 | 3.5249E-10 0.1 [0.001,0.2]
20 | 1.8107E-9 | 4.8144E-9 | 1.1102E-17 | 3.3876E-17 0.1 [0.1,0.4]
30 | 4.2446E-6 | 2.1987E-5 | 9.2518E-17 | 7.1911E-17 0.1 [0.001,0.5]
2 2.5455E-5 0.0 2.5455E-5 0.0 [0.001,1] [0.001,1]
5 6.3637E-5 | 3.0873E-13 | 6.3637E-5 0.0 [0.001,0.8] | [0.001,0.8]
Schwefel 10 | 12727E-4 | 1.5965E-10 | 1.2727E-4 0.0 [0.001,0.6] | [0.001,0.6]
20 19.7508 44.8891 2.5455E-4 | 3.3210E-13 | [0.001,0.2] | [0.001,0.2]
30 184.7264 122.4497 | 3.8182E-4 | 6.7555E-13 | [0.001,0.1] | [0.001,0.1]
Schaffer 2 9.6955E-6 4.5729E-5 0.0 0.0 [0.3,0.6] [0.2,0.6]

6. Conclusion

In this work, we proposed the ABC-DE algorithm thambining the ABC and DE approaches
and we evaluated the results of proposed algorghmwell-known test beds. Approximately, for
all of test beds, the new algorithm work bettemtlbaginal ABC algorithm. As a suggestion for
future studies, the effect of control parameétem new proposed algorithm can be evaluated.
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