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ABSTRACT
The Artificial Bee Colony (ABC) algorithm is a relatively
new algorithm for function optimization. The algorithm is
inspired by the foraging behavior of honey bees. In this
work, the performance of ABC is enhanced by introducing
the concept of opposition-based learning. This concept is in-
troduced through the initialization step and through genera-
tion jumping. The performance of the proposed opposition-
based ABC (OABC) is compared to the performance of ABC
and opposition-based Differential Evolution (ODE) when
applied to the Black-Box Optimization Benchmarking (BBOB)
library introduced in the previous two GECCO conferences.

Categories and Subject Descriptors
G.1.6 [Numerical Analysis]: Optimization—global opti-
mization, unconstrained optimization

General Terms
Algorithms

Keywords
Benchmarking, Black-box optimization, Swarm intelligence,
Opposition-based learning

1. INTRODUCTION
The foraging behavior of any living organism is defined as

how this organism behaves in order to locate, handle and
ingest food. The approach taken to achieve this behavior is
referred to as the search strategy. For many animals, this
strategy is usually broken down to three steps, as indicated
by [15], namely: searching for and locating the prey, attack-
ing the prey and ingesting the prey. The relative importance
of these steps depends on the animals and environment char-
acteristics.

Based on previous studies in [14, 12, 11], one of the most
successful foraging algorithms is ABC, as it has a better per-
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formance in comparison to many other foraging and evolu-
tionary algorithms when applied to a wide variety of bench-
mark functions. A previous study [4], also showed the ABC
has an excellent performance when tackling separable func-
tions.

The concept of opposition-based learning was first intro-
duced by [20]. The rationale behind it was that the worst
case scenario that might face the search is that after evolving
the population for a while, the best solution we are looking
for might be actually in the opposite location in the search
space. With successful results, this concept was applied to
Differential Evolution (DE) in [17, 18] and Particle Swarm
Optimization (PSO) in [21, 6] among other attempts.

In this work, we introduce the opposition-based ABC (OABC)
by incorporating the concepts of opposition-based learning
in ABC. The performance of this approach is compared to
the performance of the original ABC algorithm and ODE
when applied to the BBOB benchmarks library [5, 8].

The original ABC algorithm is introduced in Section 2.
Section 3 illustrates how ABC is equipped with opposition-
based learning. Experimental results are presented in Sec-
tion 4. The paper is concluded in Section 5.

2. ARTIFICIAL BEE COLONY
ALGORITHM

The ABC algorithm was first proposed by [9]. The algo-
rithm was inspired by the method adopted of a swarm of
honey bees to locate food sources. There are two different
honey bee groups that share knowledge in order to success-
fully locate such sources. First, there are the employed bees
that are currently exploiting a food source. Second, there
are unemployed bees that are continually looking for a food
source. Unemployed bees are divided into scout bees that
search around the nest and onlookers that wait at the nest
and establish communication with the employed bees.

This algorithm was applied to multidimensional and multi-
modal function optimization in [9, 3, 13]. The swarm is
divided into employed bees, scouts and onlookers. Sn solu-
tions to the problem are randomly initialized in the function
domain and referred to as food sources. A number of em-
ployed bees, set as the number of the food sources and half
the colony size, are used to find new food sources using the
following equation:

vij = xij + φij × (xij − xkj), (1)

for i ∈ {1 . . . Sn}, j is a randomly generated number in the
range [1,D] where D is the number of dimensions, φij is a
random number uniformly distributed in the range [-1,1],
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and k is the index of a randomly chosen solution. Both
vi and xi are then compared against each other and the
employed bee exploits the better food source.

Next, each onlooker bee chooses a random food source
according to the probability given in equation 2. Then, the
onlooker bee tries to find a better food source around the
selected food source using equation 1.

pi =
fiti

Sn∑
j=1

fitj

, (2)

where fiti is the fitness of the ith food source.
If a food source cannot be improved for a predetermined

number of cycles, referred to as limit, this food source is
abandoned. The employed bee that was exploiting this food
source becomes a scout that looks for a new food source by
randomly searching the problem domainusing the following
equation:

xij = LBj + r × (UBj − LBj), (3)

where i ∈ {1 . . . Sn}, LBj and UBj are the lower and upper
bounds for decision variable j and r is a random number
uniformly distributed in the range [0,1]. The ABC algorithm
is shown in Algorithm 1.

Algorithm 1 The ABC algorithm

Require: Max Cycles, ColonySize, limit
1: Initialize the food sources
2: Evaluate the food sources
3: Cycle=1
4: while Cycle ≤ Max Cycles do
5: Produce new solutions using employed bees
6: Evaluate the new solutions and apply greedy selection

process
7: Calculate the probability values using fitness values
8: Produce new solutions using onlooker bees
9: Evaluate the new solutions and apply greedy selection

process
10: Determine abandoned solutions and generate new so-

lutions randomly using scouts
11: Memorize the best solution found so far
12: Cycle = Cycle + 1
13: end while
14: return best solution

3. THE OPPOSITION-BASED APPROACH
This section illustrates how ABC is incorporated with op-

position learning concepts.

3.1 Opposition-Based Initialization
In most optimization algorithms, initial solutions are usu-

ally randomly initialized in the allowable domain. This is
regarded as the best approach to initialize the solutions in
the absence of any other information. However, as stated
in [20], a randomly initialized solution could be actually on
the opposite location of the best solution, which will consid-
erably increase the computational cost.

In opposition-based initialization, after Sn solutions are
randomly initialized, the opposite population is generated
following the equation:

oxij = UBj + LBj − xij , (4)

for i ∈ {1 . . . Sn}, j ∈ {1 . . . D} where D is the number of
dimensions, LBj and UBj are the lower and upper bounds
of the allowable domain for dimension j, and xi and oxi are
the randomly initialized solution number i and its opposite
solution.

The initial population and its opposite one (2 × Sn solu-
tions in total) are both evaluated and the best Sn solutions
are chosen as the initial population.

3.2 Opposition-Based Jumping
The same concept of opposition-based initialization is some-

times applied to the current population during evolution.
The basic idea, [18], is to ideally jump from the current
position to a fitter position in space. This jump is done
probabilistically based on a new parameter referred to as
the jumping rate JR.

When generating the opposite population of the current
one, the lower and upper bounds used are the minimum and
maximum values found for each dimension in the current
population and not the lower and upper bounds of the al-
lowable domain. This approach is used so not to lose any
information gathered during the search. The OABC algo-
rithm is shown in Algorithm 2.

Algorithm 2 The OABC algorithm

Require: Max Cycles, ColonySize, limit
1: Initialize the food sources
2: Generate the opposite food sources
3: Evaluate both the initialized and opposite food sources
4: Set the initial food sources to the best Sn solutions
5: Cycle=1
6: while Cycle ≤ Max Cycles do
7: Perform steps 5 to 12 in Algorithm 1
8: Generate a random number R
9: if R < JR then

10: Generate the opposite solutions of the current food
sources

11: Evaluate the opposite solutions
12: Set the current food sources to the best Sn solutions
13: end if
14: end while
15: return best solution

4. EXPERIMENTAL PROCEDURE
Both ABC and OABC are applied to the noiseless BBOB

testbed [5, 8] for problem sizes of D = 2, 3, 5, 10 and 20. The
algorithms are allowed to perform a maximum of 105 × D
function evaluations. For page limitations, only the results
for D = 5 and D = 20 are shown as a representation of lower
and higher problem sizes.

The work in [1] indicated that there is no need to have
a huge colony size in order to provide good results. Pre-
vious experiments conducted by us on the CEC05 bench-
marks ([19]) showed that using a colony size of 40 provided
the best results on average for different problem sizes. The
recommendations in [12] were followed by setting the limit
parameter to Sn ×D, although further research conducted
by [1] indicated that lower values might be needed for more
difficult functions.

Experiments are run using the ABC code available at
[10]. The ABC code is then modified by us to incorporate
opposition-based learning. Following the parameter settings
in [17, 18], JR is set to 0.3.
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The performance of OABC is compared against ODE pro-
posed in [18]. The parameters settings are used as proposed
for ODE were a population size of 100, F = 0.5, CR = 0.9
and JR = 0.3.

4.1 Results
Results from experiments according to [7] on the bench-

mark functions given in [5, 8] are presented in Figures 1
and 2. The expected running time (ERT), used in the
figures and table, depends on a given target function value,
ft = fopt+∆f , and is computed over all relevant trials as the
number of function evaluations executed during each trial
while the best function value did not reach ft, summed over
all trials and divided by the number of trials that actually
reached ft [7, 16]. Statistical significance is tested with
the rank-sum test for a given target ∆ft using, for each trial,
either the number of needed function evaluations to reach
∆ft (inverted and multiplied by −1), or, if the target was
not reached, the best ∆f -value achieved, measured only up
to the smallest number of overall function evaluations for
any unsuccessful trial under consideration if available.

The results shown in Figures 1 and 2 show that OABC has
retained the same performance of ABC for separable func-
tions in all problem sizes but maybe with a slight increase
in the convergence speed. For moderate functions, OABC
produced much better results than ABC. For all the other
types of functions, OABC produced better results for the
lower dimensions while retaining the same solution quality
for higher dimensions.

Inspecting the results in Table 1, we can see that OABC
has reached the predetermined threshold for separable func-
tions (f1-f5) in all the runs and across all problem sizes. For
all the other functions, OABC is able to reach the threshold
for a higher number of times than ABC.

A thing to note here that although opposition-based learn-
ing was proven to improve the convergence speed for DE in
[18]. This conclusion is not reached here as in some func-
tions OABC had a slower speed of convergence that ABC
while reaching better solutions at the end.

For the comparison against ODE, Figures 1 and 2 show
that for low dimensionality problems, both OABC and ODE
have a similar performance on separable and moderate func-
tions while ODE has a better performance on all the other
types of functions. For higher problem sizes, the perfor-
mance of ODE deteriorates for separable and weak-structured
functions, in which both ABC and OABC have a better per-
formance.

5. CONCLUSIONS
In this paper, the performance of ABC algorithm was

enhanced by introducing the concepts of opposition-based
learning. These concepts were introduced through two steps:
opposition-based initialization and opposition-based gener-
ation jumping.

The performance of OABC was compared to the perfor-
mance of ABC when applied to the BBOB benchmarks.
The results showed that OABC had a better performance in
general than ABC and it was able to reach the determined
threshold for a larger number of functions and in more runs.

When compared against ODE, OABC produced better
results for separable functions and comparable results for
moderate functions. ODE produced better results for ill-
conditioned and multi-modal functions.

Although the performance of the studied algorithms seem
inferior to the results of the best algorithms presented in
BBOB 2009 and 2010, improvements could be added to both
ABC and DE. For ABC, updating more than one problem
variable at a time as proposed in [2] could help improving
the performance on non-separable functions. For DE, one
direction is to increase the population size for higher problem
sizes and/or reduce the value of CR for separable functions.

Future directions include studying different approaches for
changing the jumping rate as already studied using DE. An-
other direction is to either study generating the opposite
population using the lower and upper bounds of the allow-
able domain or constricting the scout bees movement to the
lower and upper bounds of the current population as used
in the opposition-based approach. There is also the oppor-
tunity of applying the new algorithm to other benchmarks
like the CEC05 library.
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Figure 1: Empirical cumulative distribution of the bootstrapped distribution of ERT over dimension for 50
targets in 10[−8..2] for all functions and subgroups in 5-D. The best ever line corresponds to the algorithms
from BBOB 2009 and 2010 with the best ERT for each of the targets considered
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Figure 2: Empirical cumulative distribution of the bootstrapped distribution of ERT over dimension for 50
targets in 10[−8..2] for all functions and subgroups in 20-D. The best ever line corresponds to the algorithms
from BBOB 2009 and 2010 with the best ERT for each of the targets considered

114



5-D 20-D
∆f 1e+1 1e+0 1e-1 1e-3 1e-5 1e-7 #succ
f1 11 12 12 12 12 12 15/15

0: ABC 12 32 62 120 190? 250?2 15/15
1: OAB 9.6 33 66 130 220 300 15/15

f2 83 87 88 90 92 94 15/15
0: ABC 11 18 26 38 50 62 15/15
1: OAB 8.3 12 16? 30 45 56 15/15

f3 720 1600 1600 1600 1700 1700 15/15
0: ABC 1 1.5 1.8 2.7 3.6 4.4 15/15
1: OAB 0.99 1.7 2.3 3 4 4.6 15/15

f4 810 1600 1700 1800 1900 1900 15/15
0: ABC 1.1 2.4 2.9 4.3 4.9 6 15/15
1: OAB 1.5 2.7 5.4 6.1 6.6 7.2 15/15

f5 10 10 10 10 10 10 15/15
0: ABC 32 49 58 59 59 59 15/15
1: OAB 27 50 57 58 58 58 15/15

f6 110 210 280 580 1000 1300 15/15
0: ABC 4.9 15 370 620 500 510 6/15
1: OAB 5.9 9.8 18?2 170? 110? 180 12/15

f7 24 320 1200 1600 1600 1600 15/15
0: ABC 20 16 62 960 960 1.4e3 1/15
1: OAB 11 6.6 7.5?2 63? 63? 66?2 15/15

f8 73 270 340 390 410 420 15/15
0: ABC 6 12 52 2.5e3 ∞ ∞5.0e5 0/15
1: OAB 6.8 34 120 2.2e3 3.4e3 4.6e3 4/15

f9 35 130 210 300 340 370 15/15
0: ABC 14 69 700 ∞ ∞ ∞5.0e5 0/15
1: OAB 16 110 760 3.1e3 7.6e3 2.3e4 1/15

f10 350 500 570 630 830 880 15/15
0: ABC 2.1e4 ∞ ∞ ∞ ∞ ∞5.0e5 0/15
1: OAB 1.2e4 ∞ ∞ ∞ ∞ ∞5.7e5 0/15

f11 140 200 760 1200 1500 1700 15/15
0: ABC160 6.1e3 9.3e3 ∞ ∞ ∞5.0e5 0/15
1: OAB160 2.0e4 ∞ ∞ ∞ ∞5.7e5 0/15

f12 110 270 370 460 1300 1500 15/15
0: ABC 99 550 5.9e3 ∞ ∞ ∞5.0e5 0/15
1: OAB550 1.6e3 2.1e3 ∞ ∞ ∞5.7e5 0/15

f13 130 190 250 1300 1800 2300 15/15
0: ABC 18 190 6.6e3 ∞ ∞ ∞5.0e5 0/15
1: OAB 13 20?3 66?3 140?3 340?3 3.7e3?3 1/15

f14 9.8 41 58 140 250 480 15/15
0: ABC 3.5 11 19 680 ∞ ∞5.0e5 0/15
1: OAB 1? 9.2 18 110? 3.4e4?2∞5.7e5 0/15

f15 510 9300 1.9e4 2.0e4 2.1e4 2.1e4 14/15
0: ABC 15 240 ∞ ∞ ∞ ∞5.0e5 0/15
1: OAB 4.1 420 420 ∞ ∞ ∞5.7e5 0/15

f16 120 610 2700 1.0e4 1.2e4 1.2e4 15/15
0: ABC 2.3 10 95 ∞ ∞ ∞5.0e5 0/15
1: OAB 1.5 25 120 ∞ ∞ ∞5.7e5 0/15

f17 5.2 210 900 3700 6400 7900 15/15
0: ABC 6.5 15 64 ∞ ∞ ∞5.0e5 0/15
1: OAB 4.6 8.5 16?2 150?2 ∞ ∞5.8e5 0/15

f18 100 380 4000 9300 1.1e4 1.2e4 15/15
0: ABC 5 27 300 ∞ ∞ ∞5.0e5 0/15
1: OAB 4.5 15 54 ∞ ∞ ∞5.8e5 0/15

f19 1 1 240 1.2e5 1.2e5 1.2e5 15/15
0: ABC 34 2.9e3 3.8e3 ∞ ∞ ∞5.0e5 0/15
1: OAB 27 3.4e3 1.9e3 67 ∞ ∞5.7e5 0/15

f20 16 850 3.8e4 5.4e4 5.5e4 5.5e4 14/15
0: ABC 7.2 1.5 0.55 0.58 1.5 2.6 15/15
1: OAB 7.3 1.6 1.3 1.8 3.4 3.8 15/15

f21 41 1200 1700 1700 1700 1800 14/15
0: ABC 3.2 1.8 6.7 13 84 260 8/15
1: OAB 2.8 1.6 23 27 79 150 12/15

f22 71 390 940 1000 1000 1100 14/15
0: ABC 5.1 7.6 35 370 3.3e3 6.9e3 0/15
1: OAB 3.4 19 35 360 610 630 9/15

f23 3 520 1.4e4 3.2e4 3.3e4 3.4e4 15/15
0: ABC 2.2 19 ∞ ∞ ∞ ∞5.0e5 0/15
1: OAB 1.8 27 ∞ ∞ ∞ ∞5.7e5 0/15

f24 1600 2.2e5 6.4e6 9.6e6 1.3e7 1.3e7 3/15
0: ABC 13 ∞ ∞ ∞ ∞ ∞5.0e5 0/15
1: OAB 4.9 18?2 ∞ ∞ ∞ ∞5.7e5 0/15

∆f 1e+1 1e+0 1e-1 1e-3 1e-5 1e-7 #succ
f1 43 43 43 43 43 43 15/15

0: ABC 36 66 94 180 290? 370?2 15/15
1: OAB 44 78 120 220 330 420 15/15

f2 380 390 390 390 390 390 15/15
0: ABC 12 16 24 40 56 70 15/15
1: OAB 13 17 23 40 61 75 15/15

f3 5100 7600 7600 7600 7600 7700 15/15
0: ABC 1.5 2.7 3 3.6 4.1 4.9 15/15
1: OAB 2.1 3.7 4.4 4.9 5.5 6.1 15/15

f4 4700 7600 7700 7700 7800 1.4e5 9/15
0: ABC 2 4.2 5.6 6.3? 7.3? 0.45? 15/15
1: OAB 3.2 6.6 11 12 13 0.79 15/15

f5 41 41 41 41 41 41 15/15
0: ABC 69 90 93 93 93 93 15/15
1: OAB 85 110 110 110 110 110 15/15

f6 1300 2300 3400 5200 6700 8400 15/15
0: ABC 46 450 2.6e3 ∞ ∞ ∞2.0e6 0/15
1: OAB 38 260 410 700 1.1e3 1.3e3 3/15

f7 1400 4300 9500 1.7e4 1.7e4 1.7e4 15/15
0: ABC250 ∞ ∞ ∞ ∞ ∞2.0e6 0/15
1: OAB120 3.8e3?3 ∞ ∞ ∞ ∞2.3e6 0/15

f8 2000 3900 4000 4200 4400 4500 15/15
0: ABC 3.9? 5.9?3 10?3350 ∞ ∞2.0e6 0/15
1: OAB 9.9 260 580 1.4e3 3.6e3 7.4e3 1/15

f9 1700 3100 3300 3500 3600 3700 15/15
0: ABC700 ∞ ∞ ∞ ∞ ∞2.0e6 0/15
1: OAB 1.7e3 ∞ ∞ ∞ ∞ ∞2.3e6 0/15

f10 7400 8700 1.1e4 1.5e4 1.7e4 1.7e4 15/15
0: ABC ∞ ∞ ∞ ∞ ∞ ∞2.0e6 0/15
1: OAB ∞ ∞ ∞ ∞ ∞ ∞2.3e6 0/15

f11 1000 2200 6300 9800 1.2e4 1.5e4 15/15
0: ABC ∞ ∞ ∞ ∞ ∞ ∞2.0e6 0/15
1: OAB ∞ ∞ ∞ ∞ ∞ ∞2.3e6 0/15

f12 1000 1900 2700 4100 1.2e4 1.4e4 15/15
0: ABC 26 67 430 7.2e3 ∞ ∞2.0e6 0/15
1: OAB620 630 1.1e3 7.8e3 ∞ ∞2.3e6 0/15

f13 650 2000 2800 1.9e4 2.4e4 3.0e4 15/15
0: ABC 25 73 630? 1.6e3 ∞ ∞2.0e6 0/15
1: OAB140 580 2.7e3 1.8e3 ∞ ∞2.3e6 0/15

f14 75 240 300 930 1600 1.6e4 15/15
0: ABC 18 18 28 3.4e3 ∞ ∞2.0e6 0/15
1: OAB 17 23 31 1.2e3 ∞ ∞2.3e6 0/15

f15 3.0e4 1.5e5 3.1e5 3.2e5 4.5e5 4.6e5 15/15
0: ABC ∞ ∞ ∞ ∞ ∞ ∞2.0e6 0/15
1: OAB ∞ ∞ ∞ ∞ ∞ ∞2.3e6 0/15

f16 1400 2.7e4 7.7e4 1.9e5 2.0e5 2.2e5 15/15
0: ABC 13 ∞ ∞ ∞ ∞ ∞2.0e6 0/15
1: OAB 12 ∞ ∞ ∞ ∞ ∞2.3e6 0/15

f17 63 1000 4000 3.1e4 5.6e4 8.0e4 15/15
0: ABC 34 ∞ ∞ ∞ ∞ ∞2.0e6 0/15
1: OAB 25 ∞ ∞ ∞ ∞ ∞2.3e6 0/15

f18 620 4000 2.0e4 6.8e4 1.3e5 1.5e5 15/15
0: ABC 4.6e4 ∞ ∞ ∞ ∞ ∞2.0e6 0/15
1: OAB 1.2e4 ∞ ∞ ∞ ∞ ∞2.3e6 0/15

f19 1 1 3.4e5 6.2e6 6.7e6 6.7e6 15/15
0: ABC 2.3e3 ∞ ∞ ∞ ∞ ∞2.0e6 0/15
1: OAB 1.5e3 3.3e7?3 ∞ ∞ ∞ ∞2.3e6 0/15

f20 82 4.6e4 3.1e6 5.5e6 5.6e6 5.6e6 14/15

0: ABC 16? 0.12?↓4 ∞ ∞ ∞ ∞2.0e6 0/15

1: OAB 22 0.28↓4 11 ∞ ∞ ∞2.3e6 0/15
f21 560 6500 1.4e4 1.5e4 1.6e4 1.8e4 15/15

0: ABC 5 22 25 27 35 85 8/15
1: OAB 5.2 110 86 85 110 110 10/15

f22 470 5600 2.3e4 2.5e4 2.7e4 1.3e5 12/15
0: ABC 10 47 77 ∞ ∞ ∞2.0e6 0/15
1: OAB 35 160 290 400 380 120 2/15

f23 3.2 1600 6.7e4 4.9e5 8.1e5 8.4e5 15/15
0: ABC 1.1 78 ∞ ∞ ∞ ∞2.0e6 0/15
1: OAB 1.5 61 ∞ ∞ ∞ ∞2.3e6 0/15

f24 1.3e6 7.5e6 5.2e7 5.2e7 5.2e7 5.2e7 3/15
0: ABC ∞ ∞ ∞ ∞ ∞ ∞2.0e6 0/15
1: OAB ∞ ∞ ∞ ∞ ∞ ∞2.3e6 0/15

Table 1: Expected running time (ERT in number of function evaluations) divided by the best ERT measured
during BBOB-2009 (given in the respective first row) for different ∆f values for functions f1–f24. The median
number of conducted function evaluations is additionally given in italics, if ERT(10−7) = ∞. #succ is the
number of trials that reached the final target fopt + 10−8. Bold entries are statistically significantly better
compared to the other algorithm, with p = 0.05 or p = 10−k where k > 1 is the number following the ? symbol,
with Bonferroni correction of 48.
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