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ABSTRACT. Artificial Bee Colony (ABC) is one of the popular algorithms of swarm in-
telligence. The ABC algorithm simulates foraging and dance behaviors of real honey
bee colonies. It has high performance and success for numerical benchmark optimiza-
tion problems. Although solution exploration of ABC algorithm is good, exploitation to
found food sources is poor. In this study, inspiring Genetic Algorithm (GA), we proposed
a crossover operation-based neighbor selection technique for information sharing in the
hive. Local search and exploitation abilities of the ABC were herewith improved. The
experimental results show that the improved ABC algorithm generates the solutions that
are significantly more closed to minimal ones than the basic ABC algorithm on the nu-
merical optimization problems and estimation of energy demand problem.

Keywords: Swarm intelligence, Artificial bee colony, Numerical optimization, Crossover
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1. Introduction. By now, there are many intelligent optimization techniques proposed
by the researchers and their derivatives in the literature [1-7]. One of them is artificial bee
colony (ABC) algorithm and it was developed by Karaboga, inspiring foraging and waggle
dance behaviors of honey bee colonies [8]. Experimental results of works in literature show
that ABC is better than other bio-inspiring algorithms such as genetic algorithm (GA),
particle swarm optimization (PSO) and differential evolution (DE) [9-14].

Since 2005 year when ABC was proposed, various discrete and continuous ABC models
have been developed. Many of these models are widely used in such a fields as design
of digital TIR filters [15], leaf-constrained minimum spanning tree [16], for determining
the sectionalizing switch to be operated in order to solve the distribution system loss
minimization problem [17], quadratic minimum spanning tree [18], real parameter opti-
mization [19], lot-streaming flow shop scheduling problem [20], constrained optimization
problems [21], training neural networks [22], software test suite optimization [23], solving
reliability redundancy allocation problems [24].

One of the important activities for honey bees is sharing the information about the
positions of food sources around the hive. This activity is simply named as information
sharing. Unfortunately, the existing ABC models cannot take into consideration this
activity sufficiently and this situation has caused ineffective results for the forecasting
problems according to our experiences. In this study, for improving the information
sharing ability of the basic ABC model, the crossover operation between employed bees
is proposed for producing neighbor bee of onlooker bees.

Onlooker bees in the basic ABC select employed bees in order to improve their solution.
This selection mechanism is done according to quality of the solution found by employed
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bees. Briefly, the higher quality results the higher probability of selection. However,
selection of neighbor employed bee and parameter for new candidate solutions is fully
random. Inspiring GA [25-28], we proposed the crossover operation in order to produce
neighbor bees for onlooker bees. Thus, onlooker bees use the information about position
of food sources in the hive both selection an employed bee and the neighbor bee selection.

The rest of this study is organized as follows. The basic ABC algorithm is presented
in Section 2 and the crossover operation and the crossover operators are explained in
Section 3. The proposed model for ABC is elaborated in Section 4 and Section 5 presents
experimental results. In order to show performance of proposed model, a real-world
application is presented Section 6. Finally, conclusion and future works are given in
Section 7.

2. Overview of the ABC Algorithm. There are three kinds of honey bee in ABC to
forage food source. They are employed bees, scout bees and onlooker bees. The tasks of
these bees are to collect nectar around the hive, to random search for the nectar sources
and to find the food sources based on the information received from the employed bees
waggle dance. In ABC, food searching and nectar foraging around the hive are performed
by scout, onlooker and employed bees collectively [13,14]. The algorithm of the simulation
of foraging and dance behaviors of honey bee colony adopted from [8-14] is given in Figure
1.

In the algorithm ABC given in Figure 1, for generating an initial solution for ith
employed bee Equation (1) is used.
—2' ), i=1,2,...,Nandj=1,2,....,D (1)

min

z) =27+ rand]0, 1] % (27

J
7 min Tinax

where xf is a parameter to be optimized for the ith employed bee on the dimension j of
the D-dimensional solution space, N is the number of employed bees and z7 . and 27
are the upper and lower bounds for x{, respectively.

In both onlooker bee and employed bee phases, the food positions in the jth dimension
are obtained by Equation (2).

Ui,j:mi,j+q)(l‘i,j_l‘k,j) j€{1,2,...,D}, k;ézand i,k€{1,2,...,N} (2)

where z; ; is ith employed bee, v; ; is the new solution for z; ; in the jth dimension, x ; is
a neighbor bee of z; ; in employed bee population. Here ® is a number randomly selected
in the range of [—1, 1], D is the dimension of the problem, N is number of the employed
bees, and j € {1,2,...,D} and k € {1,2,..., N} are selected randomly.

In order to generate a new food position, every onlooker bee memorizes the solution of
one of n employed bees based on fitness values of the employed bees. The probability p;
of that an onlooker bee will select the selection of the solution of the ¢th employed bee is
obtained as follows:

fit;

pi = — (3)
> fit;

Jj=1

where fit; is the fitness value of ith employed bee and obtained as follows:

1 .
fite=4 137, if (fi >0) (4)

where f; is the objective function specific for the problem.
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Initialization
For each employed bee
Generate initial solution for each employed bee by using Equation (1)
Calculate the objective function values by the equation specific for the problem
Calculate the fitness value (fif) by using Equation (4)
Reset the abandonment counter.
Until a termination condition is met {
Emploved Bee Phase
For each employed bee
Select a neighbor employed bee randomly.
Update position of employed bee by using Equation (2) and position of neighbor bee.
Calculate the objective function values by the equation specific for the problem
Calculate the fitness value (f7f) by using Equation (4)
If the fitness value of the new solution is better than the fitness value of the old solution then
replace the old solution with new one and reset the abandonment counter of the new solution. else
increase the abandonment counter of the old solution by 1
Onlooker Bee Phase
For each onlooker bee
Select an employed bee as neighbor randomly:.
Select an employed bee for improvement its solution by using Equation (3)
Improve the solution of the employed bee by using Equation (2) and the neighbor
Calculate the objective function values by the equation specific for the problem
Calculate the fitness value (fif) by using Equation (4)
If the fitness value of the new solution is better than the fitness value of the old solution then
replace the old solution with new one and reset the abandonment counter of the new solution. else
increase the abandonment counter of the old solution by 1
Scout Bee Phase
Fix the abandonment counter H with the highest content
IF the content of the counter H 1s higher than the predefined limit THEN reset the counter H and by
using Equation (1) generate a new solution for the employed bee to which the counter H belongs,
ELSE continue

End Until

FicURE 1. The ABC algorithm

In addition, Equation (1) is used in order to generate new solution for the scout bee
in the scout bee phase of the ABC and all the onlooker bees use Equation (2) so as to
improve the solution.

3. The Crossover Operation. In genetic algorithms, crossover operation is used for
producing a new generation from parents. Firstly, the members with good solution of the
population placed into mating pool. Then, crossover operation is applied to chromosomes
of two parents selected from mating pool and changes mutually defined parts of the two
parents. A lot of different crossover operators were proposed in literature [29-33] but
one point, two point, multi-point and uniform operators are widely used for crossover
operation.

3.1. The one-point crossover operator. Only one crossover point is randomly selected
between 1 and D-1 where D is the length of the chromosomes. Each chromosome is
divided into two parts as left of the point and right of the point. Right part of the first
chromosome are replaced right part of the second chromosome. Thus, two offspring are
obtained from two parents. The one-point crossover operation is showed in Figure 2.

3.2. The two-point crossover operator. In two point crossover operator, two different
points between 1 and D-1 randomly selected divide the chromosome into three parts.
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FIGURE 2. Crossover operators. (a) One-point, (b) two-point, (c¢) multi-
point and (d) uniform.

The middle parts of the chromosomes are replaced and two offspring is produced. This
situation is showed in Figure 2.

3.3. The multi-point crossover operator. Many different cut off points are randomly
selected and chromosomes are divided by these points. By being replaced parts of chro-
mosomes, offspring are obtained. The multi-point crossover operation is showed in Figure
2.

3.4. The uniform crossover operator. Uniform crossover operator is applied to parent
chromosomes in gene level. Firstly, a temporary bit string having the same length with
the chromosomes is created. If nth index of temporary string is 0, offspring 1 takes gene
from Parent 1 and offspring 2 take gene from Parent 2 otherwise offspring 1 takes gene
from Parent 2 and offspring 2 takes gene from Parent 1. In uniform crossover operator,
crossover points are randomly selected. The uniform crossover operator is given in Figure
2.

4. The Proposed Model for ABC.

4.1. Using crossover operation for neighbor selection of the onlooker bees.
In this study, the crossover operation is used for information sharing between employed
and onlooker bees in the hive. The onlooker bees learn locations of food sources by
watching the waggle dance of employed bees in dance area reserved in the hive for this
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aim. Remember that in the basic ABC algorithm, the onlooker bees do not use this
information for the neighbor selection. Every onlooker bee selects an employed bee as
neighbor for itself randomly. In this paper, we propose a crossover operation-based model
for selection of neighbor for an onlooker bee. In our model, a certain number of employed
bees with the good solutions are put into the mating pool. The collection of bees is named
as parents. Then, the solution parameters of the parents are subjected to the crossover
operation. The best offspring obtained as result of this operation is considered as neighbor
for onlooker bees. The new solution in the onlooker bee phase of the ABC is obtained by
Equation (5), which is a modified form of Equation (2) for onlooker bees.

vij = Tij + (25 — By) (5)

where z; ; is the jth parameter of the ith employed bee, v; ; is candidate solution for jth
parameter of ith onlooker bee and B; is the jth parameter of the best offspring.

4.2. The ABC algorithm with the crossover operation. In order to benefit from
information about positions of food sources given by the employed bees, we improved
the ABC by adding to it the crossover operation as a new phase for this algorithm. In
this phase, a given number of employed bees (parents) with solutions better than others
are subjected to crossover operation. As result of this operation the best offspring to
be considered as the neighbor for the onlooker bee is obtained. Since by the crossover
operation produces the neighbor bee for the onlooker bee more exactly than this is done by
the random selection for each onlooker bee, the proposed algorithm will produce the more
accurate results. The ABC algorithm with the mentioned crossover operation, referred as
CABC, is given in Figure 3.

4.3. The estimation of the time complexity of the CABC algorithm. As it is seen
from Figure 3, the algorithm CABC consists of four sequentially realized phases, named
as Initialization phase (IP), Employed bee phase (EBP), Onlooker bee phase (OBP) and
Scout bee phase (SBP).

There are two nested loops in the IP the external from which iterates NV (the number of
employed bees) times and the internal one iterates D (the dimensionality of the solution
space) times in each of iterations of the external loop. Therefore, the time complexity of
this phase is W(IP) = O(N x D). Since always D is less or equal to N, the worst case
time complexity of this phase is to be W(IP) = O(N?).

The EBP is a While loop with a single For loop in it. The While loop iterates at most
5000 times and the For loop iterates N times in each of its iterations. Therefore, the
worst case time complexity of this phase is W(EBP) = O(5000x N). But since the worst
case value of N is 50, W(EBP) = O (2 x N? x N) = O(N?).

The OBP differs from the EBP in that it performs the crossover operation in each of
iterations of the For loop. Since this operation is performed by the quicksort algorithm
with the time complexity of O(N?), the worst case time complexity of this phase is to be
W(OBP) = O(N?®).

The SBP is identical to EBP with respect to numbers of iterations of the While and For
loops. Therefore, its worst case time complexity is to be W(SBP) = W(EBP) = O(N?).

According to [34,35], the worst case time complexity of the algorithm CABC given in
Figure 3 is to be W(CABC) = max{W(IP), W(EBP), W(OBP), W(SBP)} = W(OBP)=
O(N?).

5. The Experimental Estimation of the Proposed Algorithm. The experiments
were performed by using a personal computer with a 3.04GHz Intel Core 2 Duo E8400
Pentium microprocessor, 2GB RAM and Windows XP OS and Matlab v.7.0.4 platform. In
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Initialization
For each employed bee
Generate initial solution for each employed bee by using Equation (1)
Calculate the objective function values by the equation specific for the problem
Calculate the fitness value (fir) by using Equation (4)
Reset the abandonment counter.
Until a termination condition is met {
Employed Bee Phase
For each employed bee
Select a neighbor employed bee randomly.
Update position of employed bee by using Equation (2) and position of neighbor bee.
Calculate the objective function values by the equation specific for the problem
Calculate the fitness value (fir) by using Equation (4)
IF the fitness value of the new solution is better than the fitness value of the old solution THEN
replace the old solution with new one and reset the abandonment counter of the new solution,
ELSE increase the abandonment counter of the old solution by 1
Onlooker Bee Phase
For each onlooker bee
Select an employed bee according to fitness values of employed bees
Crossover Operation
Sort the fitness values of employed bees in descending order.
Put » first employed bees (parents) into mating pool.
Subject all parents present in mating pool to the crossover operation
Pick all offspring produced as result of previous step
Calculate the objective function values for each offspring by the equation specific for the
problem being solved
Calculate the fitness values (fir) for offspring by using Equation (4)
Determine the neighbor with the best fitness value.
Improve the solution of employed bee selected by using Equation (2) and the neighbor.
Calculate the objective function values by the equation specific for the problem
Calculate the fitness value (fir) by using Equation (4)
IF the fitness value of the new solution is better than the fitness value of the old solution THEN
replace the old solution with new one and reset the abandonment counter of the new solution,
ELSE increase the abandonment counter of the old solution by 1
Scout Bee Phase
Fix the abandonment counter H with the highest content
IF the content of the counter H is higher than the predefined limit THEN reset the counter H and by
using Equation (1) generate a new solution for the employed bee to which the counter H belongs,
ELSE continue

i End Until

Ficure 3. The CABC algorithm

the experiments, four kinds of crossover operators (one-point, two-point, multi-point and
uniform) were used. While to 2-D benchmark functions were applied the only one-point
crossover operator, to the other benchmark functions all mentioned crossover operators
were applied. As the maximum evaluation number (MEN) of the function being processed
the 10000 times the dimensionality of solution space of that function was used.

5.1. The benchmark functions used in the experiments. In order to test the per-
formance of the proposed CABC algorithm, in the experiments, widely used 10 numerical
benchmark functions [8-14,23] given in Table 1 were used.

In Table 1, D column is the dimension of functions, C column is the characteristic of
the functions. If a function has more than one local optimum, this function is called as
multimodal (6 hump camel back, booth, schaffer, rastrigin, schwefel) otherwise functions
are unimodal (matyas, trid, sumsquares, sphere, rosenbrock). If F(z,y) function can
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TABLE 1. The benchmark functions used in the experiments

Name D C* Range Formulation Minimum
Six Hum
élamel Back 2 MN [=5,5]  f(z) =4a? - 212} + Sof + 2iwo — 403 + 40 —1.03163
f> Matyas 2 UN [-10,10] f(z) =0.26(z} + 23) — 0.48(z172) 0
f3 Booth 2 MS [-10,10] f(x) = (z1 + 222 — 7)% + (221 + 22 — 5)? 0
sin? ({/22+22)-0.5
f1 Schaffer 2 MN [-100,100] f(z) =0.5 m 0
D
f5 Trid 10 UN [-D?%,D?] f(z)= > (z; —1)® - Z TiTi—1 —-210
=1 =2
10 D
fe SumSquares 30 US [-10,10] f(z) = Y ia? 0
50 =1
f7 Sphere 30 US [-100,100] f(z) = Y. =7 0
50 i=1
fs Rastrigin 30 MS [-5.12,5.12] f(z) = Y. [z — 10 cos(27z;) + 10] 0
50 =
fo Schwefel 30 MS [~500,500] f(z) = 3. —a;sin («/|wi|) —418.9829 x D
50 i=1
10 D=1 )
fio Rosenbrock 30 UN  [-30,30] f(z)= 3. [100 (wigr —22)° + (2 — 1)° 0
50 i=1

* U: Unimodal, M: Multimodal, S: Separable, N: Non-separable

be written in the form of F'(z,y) = f(z) + g(y), these functions are separable (booth,
sumsquares, sphere, rastrigin, schwefel). Non-separable functions are note written in this
form (Six hump camel back, matyas, schaffer, trid, rosenbrock). Unimodal functions tests
exploitation ability of the algorithm and search and getting rid of local minimum abilities
of the algorithm were tested by multimodal functions. Moreover, all the benchmark
functions used in the experiments were illustrated in Figure 4.

5.2. Parameter settings of ABC and CABC. In all experiments, the population size
was taken as 100. Half of the population consists of the employed bees, the other half
contains onlooker bees. In a certain time, only one scout bee can be in the population.
Control parameter of the scout bee (limit), which is used for abandonment when the
solution of the employed bee cannot be improved, was calculated as follows:

limit = D x N (6)

where D is the dimension of function and N is the number of employed bees. In the
CABC, the mating pool size has been kept as 0.1 x number of employed bees (in our
experiments, number of employed bees is 50 so mating pool size is 5) because our purpose
is to produce a neighbor, not to produce a generation. When to choose high number
for the mating pool size, the neighbor bee cannot be improved because the parents with
bad solution include in the mating pool. When to choose small value for the mating
pool size, the bee population show the stagnation behavior and the good solutions cannot
be obtained. Also, number of crossover points in the multipoint and uniform crossover
operators was taken as 5 and the crossover points were selected randomly.

5.3. Experimental results. For all benchmark functions, ABC and CABC algorithms
were repeated 30 times independently. Objective function values less than E-20 were



M. S. KIRAN AND M. GUNDUZ

6114

€€60°0 6€50°0 1.2T°0 ¢¥80°0 06¢1°0 ¢860°0 900T°0 6690°0 CEIT'0 9¢90°0 0¢
LGTG0°0 Ga8c20°0 66¢1°0 #8400 VLETO 8€80°0 1¢¥0°0 L19€0°0 6070°0 €7€0°0 0 g °f
8¥90°0 6.€0°0 ¥1€0°0 0¥20°0 68.0°0 €4¥0°0 6680°0 04¥0°0 G€coo 8¢v0°0 0T
0 V1 6¥60C— 0 V1 6¥60C— 0 V1 6¥60C— 0 V1 6¥60C— 0 V1 6¥60C— SV1°6¥60C— 09
0 9987°69¢CT— 0 9987°69SCT— 0 9987°69SCT— 0 9987°69SCT— 0 998%'69¢¢T— L8¥ 69551~ 0€
0 68¢8° 6817 — 0 68¢8 6817 — 0 68¢8 6817 — 0 68¢8° 6817 — 0 68¢8°68Tvy— 6¢8°681v— OI
0 0 0 0 0 0 0 0 0 0 0¢
0 0 0 0 0 0 0 0 0 0 0 og¥
0 0 0 0 0 0 0 0 0 0 0T
9T0-H.L6°6 9T0-2C8LCT'8 9T-HC0SIT'T 9T-HEBOTL'® I9T-HLO'T 9T-HBCEEE'® 9T09GGCc'T I9T0-°TIFP6'8 9T026E0T'T 9T0-HCLIS'6 0¢
LT0-9G€CG"G 9T0°F8CL'V LT-HLST8S 8IT-HTSL6TV 'V LT-H69'L 9T-HEGO6VST LT-H8'8 9T-H20729F LT0PGLTI6'C 9TO-HEI8VLV 0 0¢
LTO-9¥898°C LT0°9GLE'8 AT-HUSCOVI'T AT-HU8SL6C'S AT-HI6'T AT-HT0L698 LT-HS8V'T  LT-H6ETOT'8 AT0-OCILS'T LTO-HELVS L 0t
9T0-2G0CT'T 9T0°09GL'8 9T-HISSET T IT-HICV6¥ 8 9T-HI0'T 9T-HL0GL'S  LT-HGG6 9T-HIP89'8  9T0-20LcC'T 9T0-HIT6S'6 0¢
LT0-92916°9 9T0°C€99'V  LT-HIPC'8  9T-HIC86EV LT-HIS'BIT-HEV6ICY LT-HSG'L 9T-H.2¢699F LT09899¢%y 9T0-HCIT6'¥ 0 0g %
LT0-9L0LG°T 2T0°C926°L LT-HILOVP'T AT-HSTOP8'L AT-H9'T AT-HPEPL'L LT-HIV'T LT-HG9€EC'8  LT0-®PL69T LT0-H6S88°L 0T
9.L0°0 29C6'60C— L9¢v°0 LeI8°60c—  €¥9€°0 ¢Sl 60C— 98¥0¢°0 9¢8L°60¢— Lv9T°0 €TLL60C— 01— 01 ¥
- - - - - - 700-9GLET T S00-2LESET L P0026808'T S00-HSETCO'S 0 ¢
- - - - - - VI-HI8'9 VPI-HIPSS6°€ TI0°€986'F TT0-HOV6C'€ 0 ¢ ¢
- - - - - - G0-HS€°L G0-HSLST S 100070 ¢1000°0 0 ¢
- - - - - - 0 €91€0°T— 0 €91€0'T—  €91€0'T— ¢ Y
A PIS TR A9 PIS TR A PIS TR A PIS TR ‘A9 "PIS UROIA wnwtaiiN - ( ON
Euoﬁzzom< a:mon.mﬁzﬁom< u:_oa.o\suom< a:mon.o:oom< gy otseqg Lejublitli

swIodre NyD pue DV dIseq 9y} Aq paurelqo synsal oy, ‘g 1AV,



A NOVEL ABC-BASED ALGORITHM 6115

FIGURE 4. Surface plots of the benchmark functions. (a) Six hump camel
back, (b) matyas, (c) booth, (d) schaffer, (e) trid, (f) sumsquares functions,
(g) sphere, (h) rastrigin, (i) schwefel, (j) rosenbrock functions.

reported as 0. If the dimension of the function equals to two, CABC with one-point
crossover operator is applied to the function.

For clearly comparison of ABC and CABC algorithms, the results obtained by CABCs
with crossover operators and basic ABC are given in the same table (Table 2) and the
best result obtained for each function is written in the bold type.
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Considering Table 2, it is seen that the ABC and CABC achieved to global minimum on
the f; and fg functions. On the f; function (D = 10), ABC produced better result than
CABC. On the f5, f3 and f4 functions, CABCqpe-point is better than ABC. CABCiyo-point
is better than the other methods on the fs function (D = 10 and D = 30). CABCuiti-point
showed better performance than the other methods on the fg (D = 50), f; (D = 30) and
fio (D = 10) functions. Finally, CABCpiform showed better performance than ABC on the
f5, f7 (D =50) and fiy (D = 30 and D = 50) functions. Consequently, CABC algorithms
produced better results than the basic ABC algorithm on the benchmark functions.

In addition, running times of the basic ABC and CABCs were analyzed. The worst
running times of the algorithms were given in Table 3. The elapsed times reported in
Table 3 are the worst running times obtained from the 30 independent runs.

TABLE 3. The worst running times obtained by 30 runs

Elapsed Times (seconds)*
Basic ABC ABCone—point ABCtWO—point ABCmulti—point ABCunifOrm

Function D
f1 (Six Hump

Camel Back) 2 13948 1.8534 - - -
f (Matyas) 2 14125 176211 - - -

fa (Booth) 2 1.4187 1.7656 - - -

f4 (Schaffer) 2 1.4564 1.8731 - - -

f5 (Trid) 10 7.7739 9.6446 10.5986 10.9867 10.9577
fe (SumSquares) 50 38.8197 53.5744 53.7117 55.4224 54.8307
f7 (Sphere) 50 37.9113 51.5048 52.0082 54.1913 53.4573
fs (Rastrigin) 50  38.4297 57.3003 08.3818 63.3698 09.2113
fo (Schwefel) 50  38.4641 69.6321 72.6918 74.7356 74.7984
fio (Rosenbrock) 50  38.5371 56.3754 56.7983 D7.7755 56.6189

* tic and toc functions of Matlab v.7.0.4 were used for calculating elapsed times for the runs

As seen from Table 3, CABC algorithms are slower than the ABC algorithm because
there is crossover operation in the CABC but remarkable solutions are obtained in a
reasonable time by using CABC algorithms.

6. A Real World Application — Estimation of Energy Demand Problem. En-
ergy, as a resource of many things, has importance for sustaining production in developing
countries. If the countries know how much energy needs in the future, they use current
energy resources effectively, and they investigate new energy sources (such as renewable
energy) in order to meet self demands. Therefore, forecasting energy demand is signifi-
cant problem for researchers and policy makers. Energy estimation demand depends on
many socio-economic factors such as gross domestic products (GDP), population, import,
export, growth rate and availability energy resources [36] but energy demand of a country
is mostly affected by population, GDP, import and export indicators [36-38].

In order to show performance and success of CABC algorithms, we used the estimation
energy demand problem of Turkey. While GDP, population, import and export increased
3.4, 0.63, 22 and 31.5 times respectively, energy consumption of Turkey has increased 1.98
times between 1979 and 2005 years (Table 4 taken from [39,40]), and this increasing show
us that there are a linear relationship between the indicators and energy consumption.
Thus, model of forecasting demand based on socio-economic indicators was modeled by
using linear form expressed in Equation (7).

Elmear:w1-X1+w2-X2+w3-X3+w4-X4+w5 (7)
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TABLE 4. Energy demand, GDP, population, import, export data of Turkey

Energy Demand GDP Population  Import  Export

Year (MTOE) ($10°) (109) ($10°)  ($109)
1979 30.71 82.00 4353 5.07 2.26

1980 31.97 68.00 44.44 7.91 2.91

1981 32.05 72.00 45.54 8.93 4.70

1982 34.39 64.00 46.69 8.84 5.75

1983 35.70 60.00 47.86 9.24 5.73

1984 37.43 59.00 49.07 10.76 7.13

1985 39.40 67.00 50.31 11.34 7.95

1986 42.47 75.00 51.43 11.10 7.46

1987 46.88 86.00 52.56 14.16 10.19
1988 47.91 90.00 53.72 1434 11.66
1989 50.71 108.00 54.89 15.79 11.62
1990 52.98 151.00 56.10 22.30 12.96
1991 54.27 150.00 57.19 21.05 13.59
1992 56.68 158.00 58.25 2287  14.72
1993 60.26 179.00 59.32 290.43 15.35
1994 59.12 132.00 60.42 2327  18.11
1995 63.68 170.00 61.53 35.71 21.64
1996 69.86 184.00 62.67 43.63  23.22
1997 73.78 192.00 63.82 4856  26.26
1998 74.71 207.00 65.00 4592 26.97
1999 76.77 187.00 66.43 40.67  26.59
2000 80.50 200.00 67.42 54.50  27.78
2001 75.40 146.00 68.37 4140 3133
2002 78.33 181.00 69.30 51.55  36.06
2003 83.84 239.00 70.23 69.34  47.25
2004 87.82 299.00 71.15 97.54  63.17
2005 91.58 361.00 72.97 116.77  73.48

CABC estimation model tries to optimize coefficients (w;) of design parameters (X;).
In energy demand estimation, we aim to find the fittest model to the data. The objective
function of the model is given by Equation (8).

R
. 2
min f(U) = Z (Ezbserved _ EiT‘&dlcted) (8)
k=1

where Eobserved and Epredicted are the actual and predicted energy demand, respectively
and k is the observations.

For finding optimum set of w and setting Ej;,cqr equation, the basic ABC and CABC
algorithm were applied. The population size, limit value and maximum cycle number used
as stopping criterion for the algorithms were chosen as 100, 500 and 5000, respectively.
Also, all the solutions’ parameters of employed and onlooker bees were updated at each
iteration in order to increase exploitation food sources found.

Coefficients in the linear form and objective functions values obtained by the algorithms
were given in below.
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Obtained by the basic ABC algorithm:
Elinear = 0.065622 - X 4+ 1.72044 - X5 + 0.212867 - X3 — 0.41529 - X, — 50.4559
f(v) = 84.31805
Obtained by CABCgne-point algorithm:
Elinear = 0.003759 - X 4 1.912559 - Xo + 0.373371 - X5 — 0.48326 - X4, — 55.9091
f(v) =41.70295
Obtained by CABCiyo-point algorithm:
Elinear = 0.003762 - X7 4 1.912553 - Xo + 0.373361 - X35 — 0.48325 - X4, — 55.9091
f(v) =41.70295
Obtained by CABChyiti-point algorithm:
Elinear = 0.003756 - X7 4+ 1.912578 - X9 + 0.373404 - X5 — 0.4833 - X4, — 55.9099
f(v) =41.70295
Obtained by CABCniform algorithm:
Elinear = 0.003768 - X 4+ 1.912523 - X5 + 0.373315 - X5 — 0.48319 - X4 — 55.908
f(v) =41.70295 (13)
where X; is GDP, X, is population, X3 is import, X, is export and f(v) is sum of
the squared errors. In addition, the performances of the models were validated by using
coefficients mentioned above on the 1996-2005 data. Table 5 shows relative errors between

estimated and observed data. According to Table 5, CABCgpe point has lower relative error
rates than the basic ABC algorithm.

TABLE 5. Validation of the models

Observed . Basic ABC . A.B Cone-point

Energy Estimation ‘ Estimation -
Year Energy Relative Energy Relative

Demand

(MTOE) Demand Error (%) Demand Error (%)

(MTOE) (MTOE)

1996 69.86 69,08 —-1,12 69,71 -0,21
1997 73.78 71,37 —3,27 72,31 —-1,99
1998 74.71 73,53 —1,58 73,3 —1,89
1999 76.77 73,72 —3,97 74,18 -3,37
2000 80.50 78,73 —2,2 80,71 0,26
2001 75.40 72,55 —3,78 75,72 0,42
2002 78.33 76,65 —2,14 79,13 1,02
2003 83.84 81,19 -3,16 82,36 —-1,77
2004 87.82 86,1 —1,96 87,18 -0,73
2005 91.58 93,12 1,68 93,1 1,66

As seen from objective function values (f(v)) mentioned above, CABC algorithms pro-
duced better coefficients set than the basic ABC algorithm. The reason for this is the
information sharing and that the onlooker bees more affected by the best solutions found
by the employed bees. The objective function values obtained by the CABC algorithms
are the same but the convergence to the minimum which is shown in Figure 5 are different.
As there are fewer dimensions of the problem (number of coefficients), convergence rate
of CABCgpe-point 15 better than the others.
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FiGUuRrE 5. Convergence graph of the algorithms

Future projections of energy demand can be drawn under the different scenarios by
using coefficients found. Kiran et al. discussed the estimation of energy demand for
Turkey detailed in [36]. Therefore, these scenarios were not given in this paper.

7. Conclusion and Future Works. The information sharing is very important argu-
ment for swarm intelligence algorithms. Although exploration solution space of basic
ABC algorithm is good, exploitation to food source found is insufficient because the in-
formation in the hive is not used enough. In this study, the method proposed by inspiring
GA for the information sharing produced the results better than the basic ABC on the
well-known numeric optimization problems and the estimation of energy demand. Future
works include implementation of CABC to different optimization problems and to forecast
CO2 emission of Turkey.
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