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Purpose. Swarm intelligence is the intelligent behaviour represented by a kind of individuals with no or simple intelligen-
ce through any form of cluster and collaboration. The research conserns the dual-population self-adaptive hybrid algorithm
based on genetic algorithm (GA) and artificial bee colony (ABC). We have obtained some important performance measures,

which are helpful for swarm intelligence algorithms.

Methodology. We proposed a genetic-bee colony dual-population self-adaptive hybrid algorithm based on information
entropy, which uses dual-population structure and independent evolution and which conducts information exchange through
information entropy to maintain population diversity and accelerate the evolution process between the two populations when

appropriate.

Findings. We first analysed the basic structure and characteristics of GA and ABC, and then the dual-population based on
GA and ABC, which joined the information entropy, was presented, in the parallel operation of two relatively independent
populations to accelerate the emergence of a new individual by competition between the populations; it has better effects in

complex function optimization problems.

Originality. We made a combinational study of GA and ABC. Although the current biological intelligent evolutionary al-
gorithm has greatly improved its convergence speed, it is not ideal when optimizing complicated functions. This aspect of re-

search is still relatively few at present.

Practical value. We researched the optimization algorithm, which is applied to various research fields. Nowadays, it is a
development trend to improve the original algorithm by integrating the intelligent algorithm. Dual-population algorithm can
overcome the shortage of separate algorithm, and become more suitable for complex optimization problems. We provided the
foundation to search for complex distributed problems without centralized control or global model.

Keywords: optimization problem, genetic algorithm, artificial bee colony, dual-population, information entropy, hybrid

algorithm

Introduction. There are numerous complex non-linear
systems in real life, making our traditional optimization
methods gradually trapped in a dilemma. In nature, the
amazing and complicated swarm intelligence represented by
those unimpressive social and low-intelligent creatures such
as ant colony, bird flock, been colony and fish swarm, give
us the inspiration. Among the social creatures, single indi-
vidual usually has simple intelligence, but the group formed
by several individuals has shown wisdom exceeding that
added by the individuals. The individuals in the group help
them to fulfil complicated tasks with their cooperative self-
organization ability [1].

Genetic algorithm uses randomization techniques to per-
form the highly-efficient search on an encoded parameter
space with all the individuals in a population as the objects.
In this algorithm, selection, crossover and mutation are its
genetic operations. Five elements including parameter cod-
ing, setting of the initial population, design of fitness func-
tion, design of genetic operations and setting of control pa-
rameters have formed the core contents of the genetic
algorithm, which has the advantages of global parallel
search, simplicity, universality and strong robustness [2]. Ar-
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tificial bee colony algorithm is an optimization method by
simulating bee behaviours and it is a specific application of
swarm intelligence. Its main feature is that it does not need to
learn about the special information of the problem; instead,
all it needs is to compare the advantages and disadvantages
of the problem. Through local optimization behaviour of
every artificial bee individual, it highlights its globally opti-
mal value in the group with faster convergence speed. Bee
colony algorithm is easy to be trapped in locally optimal so-
lution and stagnation [3]. How can we avoid the premature
convergence to improve the global search ability of the algo-
rithm? With the increasing complexity and scale of the opti-
mization problems, it is usually very difficult to obtain a sat-
isfactory solution through single optimization calculation.
Starting from solving the practical problems and according to
the idea of complementary advantages, to make full use of
the strengths of various computational intelligent techniques
can achieve the optimization effect that can’t be fulfilled by a
single algorithm and it is also the inevitable development
trend to resolve problem [4].

This paper firstly illustrates the basic principles and struc-
tures of genetic algorithm and artificial bee colony algorithm.
Then it designs the genetic-bee colony self-adaptive hybrid
algorithm based on information entropy. Finally, by verify-
ing the experimental simulation, it proves that the algorithm
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of this paper significantly improves its convergence accuracy
while maintaining excellent effectiveness and robustness.
The basic principle of the genetic algorithm. The ge-
netic algorithm is a random search algorithm simulating the
natural selection and natural genetic mechanism in the natu-
ral world. Since it directly operates on the structure object, it
has no limitations on derivative and function continuity and
it has inherent implicit parallelism and better global optimi-
zation ability. As an optimization method using randomiza-
tion, it can automatically obtain and instruct the optimized
search space and it can adjust the search direction in a self-
adaptive manner with no specific rules. This algorithm di-
rectly uses fitness as the search information. When solving
the problem, its search process is not limited by the continui-
ty of the optimization function and it does not need the de-

rivative or other supplementary information. Having high
parallelism, the genetic algorithm can search multiple re-
gions in the solution space for the information in order to
lower the probability to be trapped into locally optimal solu-
tion. Its strong robustness makes it highly possible to con-
verge to the optimal or the approximate optimal solution to
the discontinuous, multi-modal and noisy problem to be re-
solved. With its high expandability, the genetic algorithm is
easy to combine the knowledge or algorithm in other fields
to solve the specific problem. As an iterative algorithm, the
genetic algorithm has a group of solutions in every iteration,
which is generated randomly; in the meanwhile, a group of
new solutions will be generated by simulating the genetic
operations of evolution and inheritance in every iteration [5].
The typical flowchart is indicated as Fig. 1.
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Fig. 1. Flowchart of genetic algorithm

Mechanism of artificial bee colony algorithm. The
minimum search model of artificial bee colony algorithm in-
cludes the following three components: food source, em-
ployed bees and unemployed bees.

1. Food source: The value of the food source is deter-
mined by various factors such as its distance from the hive,
the abundance of nectar and the difficulty to get the nectar.
Abandoned food sources are determined and are replaced
with the new food sources discovered by scouts. These fac-
tors are represented by a single parameter, namely the profit-
ability of the food source.

2. Employed bees: They also called leaders and corre-
spond to the food sources they have collected one by one.
Each employed bee goes to a food source in her memory and
determines a neighbour source, then evaluates its nectar
amount. The employed bee has saved the relating infor-
mation of a certain food source and it will share the infor-
mation with other bees at certain probability.

3. Unemployed bees: They mainly search and develop
food sources. There are two kinds of unemployed bees, i.e.
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scout and follower. Each scout watches the dance of em-
ployed bees and chooses one of their sources depending on
the dances, and then goes to that source. Normally, the aver-
age scouts are 5-20% of the bee colony.

Leader, follower and scout all play an important role at
different stages. The leader and the follower update the posi-
tion of food source according to (1) and (3).

v, =x; +r(x, —x,). )
The selection probability P can be calculated through (1)

fitness,

P= @
Zﬁtnessi
i=l1
x; =Xy, +rand (0,.D(x), = x),) . ©)
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The fitness, in (2) is the fitness value of the ith solution

and 7 is the number of the solutions. Formula (3) randomly
generates a new solution to replace the eliminated solution
[6].

The main procedures of artificial bee colony algorithm
can be introduced briefly as follows:

Step I: Initialize the population x,,i = (1--+-+- n), calculate

the fitness value of the solution to every population and as-
sume that there are n, bees and 7, observants.

Step 2: The leader searches the neighbourhood to gener-
ate new solution v, according to (1), calculate its fitness val-

ue and decide to abandon the position of the nectar. If there is
nectar, the bee here become the scout and the randomly gen-
erated nectar based on (1) replace this nectar.

Step 3: Use (3) to search a new nectar, calculate the fit-
ness of that position, compare the fitness of v, with that of

x, and consider to preserve x; or not.
Step 4: Calculate the relating probability p, according to

(2) and sort the positions of the nectar.
Step 5: The follower selects a new nectar position ac-
cording to p,, generate new nectar (solution), perform

neighbourhood search to generate new solution v, according

to (2) and calculate its fitness value.

Step 6: Select the nectar position from the population ac-
cording to the sorted fitness, decide whether to generate a
new solution x, according to (3) to replace it and evaluate

whether this position is superior to the position selected by
the observant. If so, replace the selected position.

Step 7: Memorize the optimal nectar position in the
search process, that is to say, preserve the current best solu-
tion.

Step 8: Judge whether meet the stopping condition or not.
If not, return to Step 2, if so, stop the calculation [7].

Genetic-bee colony self-adaptive hybrid algorithm
based on information entropy. Information entropy is used
to solve the quantization measurement problem of infor-
mation. After more than half a century’s development and
evolution, there appears probability measure entropy used in
the common system, which is used to describe the overall
uncertainty of the system. Information entropy is a measure
of the information disorder degree, the greater the entropy,
the higher the information disorder degree, the smaller the
contribution of its information. On the contrary, the infor-
mation entropy is smaller, the smaller information disorder
degree, the bigger the contribution of its information. The
follow of the artificial bee colony algorithm selects the food
source at the uncertainty and the information entropy can
measure the uncertainty of the occurrence of the event. That
is why the proposed algorithm introduces information entro-
py, uses the value of the information entropy to measure the
uncertainty of the selection process, controls the selection
probability by controlling the value of the information entro-
py and realizes the self-adaptive adjustment of the algorithm
(8].

The population initialization follows the maximum colo-
ny entropy principle. If the colony entropy of the existing in-
dividuals is big, the colony entropy is certainly bigger than
the set threshold even though the newly-added individuals
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overlap the existing individuals. At the time, the population
initialization strategy based on the entropy has no effect at all
and it is still random initialization. The experiment shows
that the colony entropy usually increases with the increased
individuals and the randomly increased new individuals can
make the colony entropy bigger than the set threshold. As-
sume that there are NP individuals in the colony after the ini-
tialization and every individual has the D-dimensional encod-
ing. According to the definition of information entropy, the
colony entropy H is equal to the sum of every encoding en-
tropy H,(j =1,2....D) , namely

H(x):Eiilog :

p(x,-)} :—iz:‘p(x‘ Jogp(x,)s

MM
H, :Z Z (=B log£,).

i=1 k=i+l

Here, P, is similarity degree between the jth-dimensional

encoding of the ith individual and the jth-dimensional encod-
ing of the kth individual, namely

Rk :1_|x_/‘(i)_xj(k)‘ ] (4)
B, -4,

Here, 4,, B, are the jth-dimensional boundary of the se-

arch region D defined by (4).

The initialization process based on the information entro-
py is as follows: firstly, randomly initialize several individu-
als as the initialized population. Then randomly initialize a
new individual and calculate the information entropy accord-
ing to the above-said formula. If the colony information en-
tropy is bigger than the set threshold, add the new individual
into the existing initialized population until NP individuals
have been obtained. In this way, the initialized population
may be uniformly distributed in the search space to improve
the robustness for the algorithm to search the globally opti-
mal solution [9]. The basic framework of the algorithm in
this paper is indicated as Fig. 2.

The procedures of the algorithm are as follows:

1. Initialize the population with the information entropy
and set the average to initialize the threshold as 0.085.

2. Generate the current self-adaptive mutation operator
M, and conduct mutation operation on the two populations

with genetic algorithm and artificial bee colony algorithm.
3. Generate the current self-adaptive crossover operator
C, and perform crossover operation on the two populations.

4. Perform selection operation on the two populations.

5. Calculate the revised fitness value of the new offspring
generations of the two populations according to the follow-
ing formula.

> F()R
F(x)= WF (x)

XeX,

Take the former NP individuals as the optimal individuals
in the next generation of Population 1, in this way, Popula-
tion 1 always integrates the optimal individuals of the two
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populations as its next generation, thus increasing the diversi-
ty and making the population converge towards a better di-
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Fig. 2. Flowchart of genetic-bee colony self-adaptive hybrid algorithm based on information entropy

Experimental simulation and analysis. In order to veri-
fy the effectiveness of the above-mentioned analysis and the
performance of the improved algorithm, the comparative ex-
periment is made between GAABC of this paper and the
basic GA and ABC. In the simulation experiment, this paper
selects four test functions. The Table has listed the definition,
value range and theoretical global optimal solution of these
functions. Among them, Sphere is a single-modal function,

which is mainly used to test the optimization accuracy and
the implementation performance of the algorithm while the
other three functions are complex non-linear multi-modal
functions with numerous global extremums. It is difficult for
the common algorithms to obtain the global optimal value;
therefore, they can be used to examine the global search per-
formance and the ability to avoid prematurity of the algo-
rithm.

Table

Four benchmark functions

Function Expression Value range Global Optimal Solution
Sphere f)=>x [-150,150] 0
i=1
Quartic f(x)=Y ix! +random[0,1) [-2,2] 0
i=1
Rastrigin fx)= Z:[xi2 —10cos(27x; ) +10] [-8,8] 0
i=1
1 n n x
Griewank X)=——> 2 [ Jcos(=%) +1 500,500 0
=500 2% ~TIeosp) [ ]

In the experiment, randomly operate the algorithms 20
times on every test functions for the mean value. Fig. 3 is the
evolution process curve of the mean fitness value of 30 di-
mensions of every function. The x-coordinate is the cyclic
generation while the y-coordinate is the mean fitness value.

Due to their own characteristics, these test functions can
easily be trapped in locally optimum, stagnating the search,
however, because GAABC has integrated the supplementary
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advantages of GA and ABC, it makes dynamic adjustments of
the parameters to make them jump out of the local optimum,
thus improving the convergence accuracy of the algorithm.
For Sphere function, it converges to the optimum in an ap-
proximate linearly decreasing manner and in terms of Qu-
artic function; the convergence effect is even more obvious.
Therefore, GAABC has excellent global search performance
and faster search speed. Since this paper introduces infor-
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mation entropy in the colony algorithm, it realizes the self-
adaptive adjustment of the algorithm and it can overcome
such defects as prematurity in processing large-scale high-
dimensional optimization problem. Although no optimal so-
lution can be obtained, the solution it obtains is very close to
the optimal solution. Besides, the algorithm of this paper has
also improved its convergence speed.

Discussion and conclusion. Swarm intelligence resolves
the practical optimization problem by simulating the activi-
ties of the species in the natural world. It treats every indi-
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vidual as an intelligent agent and several agents cooperate
with each other to fulfill the search and optimization on the
objectives in a highly efficient manner. This paper integrates
the advantages of genetic algorithm and artificial bee colony
algorithm, proposes a genetic-bee colony dual-population
self-adaptive hybrid algorithm based on information entropy,
and verifies that this algorithm has excellent effectiveness
and robustness. Its specific hybrid strategies can be selected
flexibly according to different application fields and prob-
lems.
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Merta. PoiioBuii iHTEIEKT € PO3yMHOIO ITOBEIIHKOIO
IHIUBITyyMIB HEPO3yMHOTO BHAY abo0 BHIY, IO BOJOIi€
MIPOCTUM 1HTEJICKTOM, IO 3'SBIETHCS 3aBIAKH SKiii-He-
Oynb dopmi o0'enHanHs Ta B3aemomii. JlocmipkeHo 1Bo-
TOMYJISIIHHNI CaMOHAJIaroJDKyBaIbHUI T1OpHIHMI TeHe-
TUKO-OJPKOJIMHUK aJITOPUTM, [0 TIOEHYE B COO1 FeHETHY-
Huid anroput™ (GA) 1 6mxomuumnii anroputM (ABC). Ot-
pUMaHi OIIHKH pOOOYHX XapaKTEPHCTHK alTOPUTMIB PO-
HOBOTO IHTENIEKTY.

Metoauka. 3anporOHOBAHUIA JBOTOMYJIAIIMHKUN Ca-
MOHAJIArO/UKYBAIGHUN TIOPUIAHUI TCHETUKO-OIKOITHHUIA
JIITOPUTM Ha OCHOBI eHTporIii iH(opMmarii, 1o hopmye aBi
TOMYJIAIT 3 HE3aISKHOI0 EBOMIOLIEI0, a iHopMmaliiiHa
B3aEMOJIisT MK TIOMYJIAIMISIMH 3IIHCHIOETECS Yepe3 €HTPO-
miro iHdopmartii, sika 103BOJISIE MATPUMYBATH iX pi3HOMa-
HITHICTb 1, 32 HEOOXIHOCTI, TIPUCKOPEHHS TIPOIIECY CBOIIIO-
i1 MK HIMH.

PesyabraTn. BukonaHo anami3 0a30BUX CTPYKTYp i1
0COOJIMBOCTEH TEHETHYHOTO Ta OJPKOJIMHOTO aJITOPUTMIB,
Ha OCHOBI YOTO 3aIPOTIOHOBAHA MO/IBIl{HA MOITYJISIIS 3 €BO-
JIFOIIIEFO 32 TOTIOMOTOI0 0OMiHY iH(OpMAITi€ro MK HUIMH Ha
OcHOBI eHTporii. [TaparensHa fis TBOX BITHOCHO HE3aJICkK-
HUX TIOMYJISAIIN TIPUCKOPIOE TIOSBY HOBOTO HWBIAA y MPO-
TIECi CYTIEPHUIITBA MK TOMYJISIIISIMHE 1 TIOKa3ye Kparui pe-
3yJdbTaT Yy BHUPIIICHHI 3aBIaHb ONTHUMI3AIl CKJIaJHUX
GyHKITH.

HayxoBa HoBu3Ha. [IpoBeseHo koMOiHOBaHE JOCTIA-
JKEHHSI TeHETHYHOTO Ta OJDKOJIIMHOTO anropuTMiB. BrusHaue-
HO, IO NIBU/IKICTH IEPETBOPEHHS O10JIOT1YHO-1HTEIEKTyalTh-
HOTO €BOJTIOLIHOTO aJITOPUTMY 3HAYHO TTOKpaIlana, IpoTe,
3aIIPOIIOHOBAHMI ITOPUTM HE € ICAIbHUM IS 3aB/aHb
ornrruMizari cikiagHux QyHkiii. el Harpsm gociipkeHb
BUMarae rnojiajiblioro BUBYCHHSI.

IMpakTnuna 3uaunmicTb. [IpoananizoBano onTnumiza-
LIHHUI aIrOPUTM, 110 3aCTOCOBYETHCS B 0ararbox 00JIacTsIx
nociipkeHb. CydacHOIO TEHICHIIEI0 PO3BHUTKY € TIIOJIII-
IIEHHS BUXITHOTO aITOPUTMY IIIIXOM KOMOIHYBaHHS 3 iH-
TENEKTYaIbHUM aropuT™MoM. OCKUTBKU JIBOTIOMYJISIIIHHIIA
ITOPUTM TI030aBJICHHI HEIOJIKIB OHOMOIYIISILIHOTO, BiH
Kpallle MIXOIUTh /ISl CKIaHUX ONTHMI3AIIMHUX 3aBIaHb.
3akIiazieHa OCHOBA TS MOIIYKY pillleHb CKJIaJHNX PO3MOJIi-
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JICHUX 3aBJaHb 0e3 IEHTPaTi30BaHOTO KOHTPOJIIO Ta I00a-
JIHOT MOJIEITL.

KimrouoBi ciioBa: 3asoanns onmumizayii, eeHemudHuLl
aneopumm, OONCONUHULL aNCOPUMM, NOOGIUHA NONYISAYIS,
enmponisi ingpopmayii, 2iopudHULl aneopumm

Heanb. PoeBoif MHTEIIIEKT MPEACTABILET CO00I pasym-
HOE TOBEICHUE UHANBUIYYMOB HEPAa3yMHOTO BHA MM BH-
J1a, 00JIaJatoIero MpoCTEHIINM NHTEIUIEKTOM, KOTOPOe T0-
sBysieTcs Omarogapsi Kakod-mmibo ¢opme OOBeIUHEHHS |
B3auMozeiicTBus. VceaenoBan IBYXIOMYJISIIMOHHBIN camMo-
HACTPaMBAIOIIMIICS THOPHUIHBINA TeHETHKO-ITUEINHBIN aro-
PHUTM, COBMEIIAIOIINIA B ceOe reHeTndecKrii anroputm (GA)
n myenuHbIid anroput™ (ABC). TTomydeHs! oneHKH pabodux
XapaKTEPUCTHK aTTOPUTMOB POEBOTO MHTEIUICKTA.

Meroauka. [IpennoxeH AByXNOMyJISILIMOHHBIN caMOHa-
CTPaMBAIOIINICS THOPUAHBIN T€HETHKO-ITYESITNHBINA aJrOpu-
TM Ha OCHOBE SHTPOIHH HH(MOPMAIIIH, KOTOPBIA (GopMupy-
T JIBE MOIYJIIIMHU C HE3aBUCUMOM IBOJIFOLIMEH, a nHpopMa-
IIHOHHOE B3aMMOJEICTBIE MEXTy MOMJIIIUAMH OCYIIIECT-
BISIETCSL 4epe3 SHTPONUIO MH(POPMALMHK, YTO TIO3BOJISIET
TIOJUIEPKHUBATh MX Pa3HOOOpasye M, IPH HEOOXOAMMOCTH,
YCKOpPEHHE MpoLiecca SBOIOLH MEK/Ty HUMU.

PesyabTarhl. BeimonHen anamu3 0a30BBIX CTPYKTYp U
0COOEHHOCTEH TEHETUUECKOTO 1 IMUETIMHOTO aJITOPUTMOB, Ha
OCHOBE HETO TPEUIOKEHA IBOWHASI TTOMYJISILIHS C 3BOJIFOLIU-
eif mocpescTBOM 0OMeHa HH(pOpMAIIHEi MEKTy HUIMH Ha OC-
HoBe 3HTponui. [lapasensHoe 1elicTBUE IBYX OTHOCHTENb-
HO HE3aBHUCHMBIX MOIMYJIAUI YCKOPSIET MOSBICHHE HOBOTO
UHUBUJIA B MIPOLIECCE CONEPHUUYECTBA MEXKIY MOIMYIIAIMS-
MM U TTOKa3bIBaeT JTyUIINH Pe3ysbTaT B PEIICHUH 33/1a4 OIl-
THUMH3AIIHN CIIOKHBIX (PyHKIIHH.

Hayunas HoBu3Ha. [IpoBeneHO KOMOMHHPOBAHHOE HC-
CJIeIOBAaHUE TEHETHYECKOTO M IMYEIMHOTO anropuT™MoB. Or-
PEIEIICHO, YTO CKOPOCTh MPEOOpa3oBaHMsl OUOTIOTHYCCKU-
UHTEIUIEKTYaJIbHOIO HBOJIOLIMOHHOTO AJITOPUTMA 3HAYUTE-
JBHO YITyUIIIWIAch, OJTHAKO, TPEUIOKEHHBIN AJTOPUTM HE
SBJISICTCSl MICAIBHBIM TS 33/iad ONTHMH3ALMHU CIIOMKHBIX
(GyHKIMA. DTO HampaBiIeHHUE HWCCIIEIOBAHMHI TPEOyeT Iallh-
HEMIIEro H3y4yeHusl.

IIpakTHyeckasi 3HAYUMOCTb. [[poaHam3upoBaH ONTH-
MH3AIOHHBIN alITOpPUTM, TIPUMEHSIEMBII BO MHOTHX 00J1ac-
TsaX wuccnenoBanusi. COBpEMEHHOM TEHIEHUMENH pa3BUTHS
SIBJISIETCS! YIyUIIEHHE MCXO/JHOTO aJITOPUTMA ITyTeM KOMOU-
HHUPOBAaHMS C MHTEIUICKTYAIBHBIM alropuT™MoM. [Tockomibky
JIBYXTIOMYJIALMOHHBIA aJTOPUTM M30aBJIE€H OT HEIOCTATKOB
OJTHOTIOITYJISIIHOHHOTO, OH JIyYIle TIOJXOIUT AT CIIOKHBIX
ONTUMM3AIMOHHBIX 3a7ad. 3ajokeHa OCHOBA IS TTOMCKa
PpELIEeHNIT CIIOXKHBIX pacHpe/IeleHHbIX 3aa4 0e3 LeHTpau-
30BaHHOTO KOHTPOJISI ¥ INI00aIbHON MOJIENH.

KmoueBble cioBa: 3adaua onmumuszayuu, cenemuye-
CKULL an2opumm, n4eIuHblll aieopumm, OB0UHAS NONYIIAYUS,
DHMPONUsL UHGOpMayuL, 2UOPUOHBIL ANCOPUMM

Pexomenoosano 0o nybnikayii Ookm. mexH. HayK
B.1. Koprienxom. [Jlama naoxoooicennst pykonucy 03.02.15.
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