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Abstract

Considering that the existing artificial bee colony (ABC) algorithm can not give
simultaneously attention to evolution speed and solution quality, an improveq ABC,
algorithm is proposed based on nelder-mead simplex method (NMSM) in this pape
defined ad NMSM-ABC. In the process of iteration, the algorithm periodical
best individual vertex from NMSM operator into ABC, or migrates thefo
source information from ABC to NMSM can get away from\logal mini h aid of
ABC. Hence, the proposed algorithm can realize cooper %o-evol%f the two so
that the desired properties are obtained. In additi itivm\? sis of the key
parameter of NMSM-ABC is also conducted an@ st v. m%( ggested. Finally,

Numerical experiments and comparisons on 6 be ark fun are conducted with
other ABC algorithms, and the results m@\hat the osed algorithm effectively

overcomes the local minimum, and dram y enhan global searching ability
and convergence speed, and is a good ¢ ive co-, Iutlon algorithm.

Keywords: artificial bee CO|\$ N mead simplex method (NMSM);
nal¥5|®

cooperative co-evolution; sensigi obal searching

1. Introduction

Acrtificial bee calo rithm |s a new-type swarm intelligence optimization
algorithm based o y m of bees, and proposed in 2005[1,2]. The algorithm
simulates the h earchlng or of bees in nature, according to their respective
labor dIVIS od SO information sharing, to find the optimal problem solution.
The algon s well with simple structure and less parameter settings, and
attracts more and ention from scholars, and has been become one of research
hotspots in the fi ntelligent algorithms. The algorithm has been widely applied in
the field of fugCion optimization or engineering optimization [3-6]. Comparing with
other intelligence optimal algorithms, for instance, differential evolution (DE) [7], and
particle s%&soptimization (PSO) [8], ABC shows a better performance in solving many

i roblems [9,10]. In order to further improve the convergence of ABC, many

optlmlz‘:l;y
scho @ ut forward the improved methods. Dervis proposed a g-ABC algorithm which
%o

he behavior of onlooker bees to improve local search ability [11]. Li proposed an
ved ABC algorithm in which inertia weight and acceleration coefficients are
introduced into the searching process of ABC to improve convergence speed [12]. Sharma
and Pant suggested the incorporation of DE operators in the structure of basic ABC
algorithm [13]. Gao proposed an improved method which employs a Gaussian evolution
equation to generate a new candidate individual at the onlooker bee phase to improve the
exploitation ability[14]. Kiran proposed an improved method to apply five searching
strategies and counters to update the solutions so as to improve search capability[15].
For many ABC algorithms improved, the strategy applied is that the conducted
improvements are embedded to the original algorithm only to improve the performance of
the algorithm. Clearly, to do so will have some limitations, such as large amount of
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calculation or poor ability of global optimization. In fact, although some local search
algorithms fall into local optimum easily, they have many advantages such as strong
ability of local development, and faster convergence speed, and as well as higher
precision.

Based on it, to improve the evolution speed and searching precision of ABC algorithm,
further, on the basis of ABC and nelder-mead simplex method (NMSM), a new
cooperative co-evolution algorithm is proposed in this paper, and denoted as NMSM-
ABC. Other than the improved ABC algorithm mentioned above, the algorithm
periodically migrates simplex optimal vertex from NMSM to ABC, or conducts the
reverse migration from ABC to NMSM. And thus, the algorithm not only realizes parallel
searching, but also balances the global and local exploration ability, and is an effective
cooperative co- evolution algorithm.

2. Standard ABC Algorithm ’
The ABC algorithm finds the solution of the function optimization pro

the honey mechanism of bees. In the algorithm, the artificial bee colon d mto

three groups, one is employed bees, another one is onloo ees an |s scout

bees. Initialized colony is randomly set in range of the area, and thén sorts them

according to their respective fitness values. The hal |th ess values better is
selected as employed bee colony, and the rest e ac oker bee colony.
it

Clearly, the number of employed bees is same wi one of 0 er bees. The goal to

do so is to ensure that they can find the solu n the sa pace. Each employed bee
corresponds to a food source, whoge on repr a feasible solution of
optimization problem, whereas food sg ality i ermined by the fitness value of
associated solution. During bee h ﬁc i employed bees exploit their
surrounding near food sources 0 dimens ereas an onlooker bee adopts the
roulette method to choose th aI Jngividual, and implements exploiting at its

surrounding. The optimum-s ing abilit
iterations between the e yed bee looker bees. An employed bee becomes a
scout bee as its food s as been e sted, and then finds food sources once again.
In order to overc S fcolo versny, ABC algorithm adopts mutation operator of
scout bees to for variati Io Yy, whose size is same as initial colony. The essence
of evolutl BC aI ori is to keep excellent individuals and eliminate inferior
ones, cons and a ate to global optimal solution.
The funct of optl 1on problem is described by

2 ()X = (65000 ), X = X, X
where X is ension vector, and f is the aim function, and X", X" are the lower

and upper beun
The 1‘6\&9! the food source X; can be calculated by

fit(X,)=1 I+ f (X)) :(ii)ig 1
1+ F (X)) (Xi)=
where fit(X;) is the fitness value of the i" food source, and f(X;) is the aim function
value of X;.
Standarded ABC algorithm is described as follows.
1) Initialization stage. To randomly generate the initialization colony composed of N
individuals by

amatically enhanced through successive

X, =X +rand()x (X, —X,),i=12,---,N @)
th

where the X; is the position of the i individual of the population, and rand( )
generates a random number between zero to one, and N is the number of the colony.
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The total colony is then classified as the two groups with same number of individual,
one group serves as employed bee colony with fitness values better, and the other is
onlooker bee colony.

2) Employed bees exploiting stage. Employed bee exploits new honey source near its
surrounding by

\/..:x.t.+goij><(xi‘j—xt.) j=12,---D (3)

where Vj expresses the position of new honey source and x; represents the i
coordination of the honey source x;, and Xij represents the j™ coordination of the honey
source X, to be selected randomly, and gj; is a random number between -1 to 1, and the
superscript t presents the t" iteration.

To then compare the quality of the honey sources between the original and the new in
accordance with (1), and replace the original using the new one if the latter is better than
the former.

3) Onlooker bees exploiting stage. Onlooker bees choose a food sour
depending on the shared information supplied by employed bees, and w ood
source region can be selected finally according to the roulette Iaw describ e@

fit(X,) @

P:Zflt(X) Q \/

where P; represents the probablllty honey our selected and larger
0

probability value means that the chance sel s'more.

After onlooker bees reach their sel ns the h\explon them, and try to find
a richer food sources like employed b rdl

4) Scout bees searching stage. If mployed bee can not be improved

through a predetermined numige d by parameter limit, and then its
solution is abandoned and bsAe‘s a scom%-lenceforth the scout bee starts to search
for new solution generated randomly a 0(2)

5) To memorize the b lution a d so far, if the terminated conditions are met,
then export the best €olugion, a vx;enerate the two types of bee colony for all bees

according to thei t fitti es like step 1 and continue to perform iterations
operation oth

3. Simplex-Metho @

NMSM is a lo a@ploiting algorithm with higher efficiency[16]. The core idea of
NASM isto m of the concept of a simplex, that is, a special polytope constituted
by D+1 vertice necting one another in a D-dimension space[17]. For D-dimension-
variable ion minimization problems, NMSM adopts the means such as reflection,
expansi ntraction, and compression operations to obtain a new point, and compares
obje nction values of the simplex (D+1) vertices, and replaces the objective
maximum value with a new point, such that the simplex can be updated through
uous iteration, and finally the problem optimal solution can be found [18]. Figure 1
shows a two-dimension space simplex map, and Figure 2 shows the NMSM flow chart.
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: = Xhigh
Xsechi

Figure 1. Two-Dimension Simplex Map

Forming initial simplex and calculating the aim

function values y; of. simplex vertice X; VV

Determining Xhigh Xsechis Xiow, Xcenter

and calculating reflection point yyer * <

}

compressing all vertices
(except Xiow) and calculating
function values again

re 2. ion Optimum Flow Chart Based On NMSM

Function opti st based on NMSM are described as follows[19].

1) Initializa&ge. For function minimization problem with D-dimension-variable,
let Xo, X K>, ..7, Xp be D+1 points of D-dimension space, and they form the initial
en calculate the aim function value yi of each simplex vertice X;.
tion stage. In each iteration, to firstly determine the vertex Xpg with

aim function value and the second maximum value vertex Xsechi, and as well as

%inimum value vertex X And then to calculate the center point Xeener , Which the

cefiter coordinate of all vertices except Xign. Finally, the reflection point X is worked
out by

Xeet = Xcenter + a(xcenter - Xhigh) ®)

where « is the reflection coefficient larger than zero. If Yiow = Vit < Ysecni » then replace
Xnigh With X.¢; and enter into the next iteration, directly.

3) Expansion stage. If yr < Yion , then expand the reflection point and get the
expansion point Xe, by

ref

Koo = X

exp center

+ y(xref - Xcenter) (6)
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where y is the expansion coefficient larger than one. If e, < Yiow, then replace Xpig
with Xey, and expansion failure ( Yep > Yiow) Otherwise, then replace Xpign With Xeer, g0
back to step 2) and enter into next iteration.

4) Contraction stage. If Yeecni < Yrer < Ynignh , then replace Xpigh with X, and shrink the
reflection point by (7). If yret >Yhign , then shrink the maximum point directly by (7).

Xcon = Xcenter +ﬂ(xhigh - Xcenter) (7)
where £ expresses the contraction coefficient(0<f<1). If Yeon < Yhign, then replace Xpign
with X..n, go back to step 2) and enter into next iteration.

5) Compression stage. In the step 4), if Yeon > Ynigh, then contraction failure. To
compress simplex all vertices (except Xyo) by (8).

Xi = Xigw T (X; = Xo0) (8)

where J is respectively the compression coefficient(0<d<l). To calculate simplex
vertices function values again, go back to step 2) and enter into next iteration. \/’

4. NMSM-ABC C?
Like other swarm intelligent algorithm, ABC algo gm%ossess and local
t

searching ability, simultaneously, but more focus on cal ability is
poorer. When the fitness value of an employed bee t0 the loca aI point, many
onlooker bees will reach that region and exploit ne of d bees reaches the
optimal point now, the algorithm will stop sear owever, point is not the global
optimal point. Under many cases, say, mum@&ial fun optlmlzatlon the optimal
solution may be near a food source. moment, the food source to be searched
locally can increase the probability to f e glo al point, clearly. In the view of
fast optimization of ABC, the opt| t me bove is replaced by the position

lose the opportunity to expl ial area

Figure 3 shows a maximum 0 tlon problem. A bee(X;) is influenced by
current optimal bee im’é@on and e‘attracted to the area, but ignores the location

of a new bee. When the new bge er than t timal bee of swarm, the swarm will
cti

of p; more near the peak.ylf local exploration algorithm is introduced to
|mplement deepl he p1, and then the probability to find the global
r to overcome the shortcomings, based on NMSM
this paper S an i ved ABC algorithm. This algorithm periodically applies
reflection, i ,é@lon and so on NMSM law to update simplex vertices for
bee locations obtain BC algorithm, and thus the search scope is narrowed so that

the depth develo achieved, and so the local search ability is improved and the
probability to

et away from local minimum using ABC global ability. In the end, the
algorithm%posed realizes the cooperative co-evolution searching of the ABC and

NMSMO
O
Q
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A O The location of a bee at time ¢
y @® The location of a bee at time #+1
B The current optimal bee
o X1
p:@ P2 ‘
X3 X2
N
L L »
Xnin Xmax X V‘
Figure 3. Effects of the Current Optimal Bee on Algorithm Per ce

Figure 4 shows the NMSM-ABC cooperative co-evalutiop model #in Igorithm,
the initialized swarm is divided into two subgroups b&e al inn . one group
implements ABC algorithm and denoted as A-col %another%xe{erforms NMSM
algorithm and is B-colony. When A-colony mee@ migratiofcondition, the optimal
food source location information migrates to NM rom AB get away from local

minimum. Meanwhile, the best individual vesteXNmigrates NMSM to A-colony for
deeper exploration. The migration betwaen@ 0 contin | along until the algorithm
converges. \

Runing ABC

\ l e Runing NMSM
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A\
8

Figure 5. Flow Chart of NMS S(j
The algorithm consists of three parts: ABC algorlt M algbrithm, and as

well as individual migration. Individual migratio . a |mp e in terms of the
ability to balance global search and local explon‘Flgure s the NMSM-ABC
flow program.
NMSM-ABC algorithm steps are describ d |Iows’
1) To initialize two colony of A and |oned e, and make them possesses
to same colony size of N separately, a@l the m %ﬁ iterations times, and the value
ec

of parameter limit, and simplex ope€ratefs suc tion coefficient o, contraction

coefficient 3, expansion coeffigie educti |C|ent o0, and contraction times, and
as well as individual mlgratmq&\e nterva d the dimension D.
2) To calculate the aim fun |on d fitness value of the individual of two

populations. x
3) To loop the fall teps until the termination conditions is met.
(1) Torun AB MS ame time.
(2) To choos ptlmal p f ABC or the best simplex vertex of NMSM.

(3) To n‘ e individmal selected by unidirectional ring way.
(4) Torep the se ertex in NMSM or the optimal point randomly in ABC by

the migration one. @

5. Example

In thiN&gr, we design two examples to verify the performance of NMSM-ABC
algorith ollows.

E 1. There are six classical testing functions being of single modal and
al characteristics to be selected to test the performance of the improved ABC,
e testing results are compared with other ABC algorithm such as standard ABC and
Self-Adaptive Mutation Article Bee Colony (SAM-ABC)[20].

Table 1 shows the selected functions, and as well as their corresponding searching
spaces and the global optimum values, wherein f; is a high-dimensional single-mode state
function, and f,, f;, f, are high-dimensional multimodal functions having many local
minimum points, and fs is a smooth high-dimensional parabolic function with its global
optimal point being difficult to find, and fs is morbid high-dimensional function which is
hard to be minimized.
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Tablel. Classical Functions to Be Tested

Function Interval Dimension  Global Optimum
D
fL=> %7 [-100,100] 50 0
i=1
o, x2 D X,
f, = g 2050 —1;[cos [Tj +1 [-600,600] 60 0
f, = ;[xi —10cos(27z%;)+10 | 5.12.5.12] 60 0
02 |X > x2 13 cos(27zx;
f, =200 NPT _ BT o5 7108 [8232 60 0
fo = > 200(x? — 1) +(x ~1)° | [-30,30] 60 0
i=1
D
fo = > (=% sin [x[) [500,500] 30 1256049
i=1 o

NMSM-ABC parameters setting are as follows.

Let the initialized colony size N be 100, and limit be 100, and simplex @s abel,
and g be 0.5, and y be 2, and ¢ be 0.5, and contractign.times t b ndividual
migration interval 4 be 10, and the maximum iteration tj e al 1000:

Figure 6 shows the convergence performancese ee types of\algerithms. In each

, and dotted line is
izontal means iteration

time, and expressed by symbol “iter”, and ver i @s the optimal solution and
tS\JT six-test functions, wherein

re 6 and Table 2, NMSM-ABC
higher precision, and possesses

the best results have been marked in b
gets the optimal solution with faster.

better convergence performance he stand BC and SAM-ABC. For the high-
dimensional single-mode f% in sub re (a), ABC does not conduct detailed
search in the feasible region,ahd S can get the global optimal solution by

adaptive adjustment, an
feasible region so as
high-dimensional

SM-A 0 a detailed search by NMSM around the
more accufate solution with faster convergence speed. For
dal funetigns f,, fs, 4 in sub-Figure (b) to (d), SAM-ABC does
not make full usengRNABC gl earch ability such that the precision is not high, and
ABC is easy~tONfall intodocal®*optimum, but NMSM-ABC makes full use of local
developme @: globaly @h ability such that its solution precision and convergence

speed is improved qu':g atically. For f5 in sub-Figure (e), the optimal solution is in a

smooth narrow par&bodic valley, where SAM-ABC improves the solution precision in
later period by j Ing adaptive coefficient, and NMSM-ABC gets better solution by
exploring loca ion. For the morbid high-dimensional function fs in sub-Figure (f),
NMSM-%an get the ideal optimal solution with higher precision, and therefore,
NMSM@ is more suitable to solve high-dimensional complex optimization problems.

Q)O
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(a) Searching optimum process on f; (b) Searching optimum process on f,
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(c) Searching optimum process on fz O (d) Sear\ g optimum process on f,

10° e Vo

.
— NMSM-R
10°

— NMSM-IABC
— SAM-ABC
—ABC

R L L L L L L
800 900 1000 0 100 200 300 400 500 600 700 800 900 1000
iter

g optim®

(e) Searc rocess on fs (f) Searching optimum process on fg
Figure 6. %ng Optimum Processes of Diverse Functions with
Different Algorithms

Ta@ . The Optimal Solutions Obtained Under Diverse Algorithms
N

@dhm f, f, f, f, f fe
M-IABC 9.33E-18  7.33E-15 0 7.99E-15  6.76E-3

12568.48
SAM-ABC 1.06E-16 2.38E-12 8.26E-11  4.13E-12 2.35E-2 11350.26
ABC 6.98E-4 7.84E-2 9.68E-6 8.56E-7 0.13 -9986.39

Table 3 shows average running time, and average iteration time of each step, and total
average iterations times of the three algorithms. For function fy, f3, f;, fs, NMSM-ABC
average running time and iterations number are less than ones of SAM-ABC and ABC.
Especially, in terms of function f,, SAM-ABC and ABC have no convergence as being in
1000 times. For function f, and fs, SAM-ABC average iteration time is less than NMSM-

Copyright © 2016 SERSC 135



International Journal of Hybrid Information Technology
Vol. 9, No.12 (2016)

ABC and ABC, but the average running time larger than one of NMSM-ABC. For
function f, to f;, NMSM-ABC each average iteration time is least. For function fy,
NMSM-ABC one step average iteration time is slightly more than SAM-ABC due to the
amount of calculation of the simplex algorithm. However, if considering the optimization
precision in Table 2, NMSM-ABC is better than other algorithms in composite index.

Table 3. Average Running Time, Average Each-Step Iteration Time and
Average Number of Iterations under Diverse

Algorithm  Times and time fi f, fs f, fs fg
Running time(s) 7.3 7.2 125 13.3 15.1 8.2
NMSM-  Eachiteration oy o504 g6 270E-2  174E-2  270E-2  2.64E-2
IABC time (s)
Average number o5, 650 4626 7625  560.3 %
of times
Running time(s) 10.1 7.9 25.6 18.5 16 2
SAM-  Eachiteraion ) ger 5 4 o9E>  310E-2  1.85E-2
time (s)
ABC Average number
ge 602.3 8205 %obo
of times
Running time(s) 53 75.6 . 62.8
Each iteration
ABC time (s) 7.34E-2 2.44E-1 2 67E-1 6.96E-2
Average number ., 310 4302+ %000 350 902
of times
Example2. Sensitivity analysis of k Xameter |
In NMSM-ABC algorithm, th mete as a great influence on the
convergence speed and globalg o atlon abili which is applied to generate and

control the number of the scqut e Flgu¢e ows the experiment results as limit takes
different values.

From Figure 7, %@ see t Q algorithm indicates diverse convergence

Igorithm is better one of the former. When the limit equals
) local optimum in function f,. Table 4 shows the detailed
results, and the best have been marked in bold. Clearly, as limit takes NxD/2, the
algorithm possesg best property, this is because the employed bees(N/2) search

dimension by lon such that the maximum searching times does not exceeding
NxD/2. If the mum searching times is less than NxD/2, and then it is possible that
there are %ﬁdirections where the optimal value exists but not to be exploited such that
it is ign -"And conversely, if the maximum searching times is larger than NxD/2, and
possi ere exist some directions where the bees perform searching again such that the

Watent possibility condition of the searching for the employed bees in each dimension
I stroyed, and the effect to do so is similar to the former, that is, to reduce the
unexplored areas. If the maximum searching times is equal to NxD, and then although the
searching times increases, it is possible that the obtained areas in the second circle are no
better than ones in the first, and so the searching efficiency is reduced. To sum up, as the
value of limit takes NxD/2, the NMSM-ABC shows the best properties.
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iter iter
(e) Searching % process on fs (f) Searching optimum process on fg
Figure fluence of Parameter Limit on NMSM-ABC Algorithm

Sensitivity Analysis on Parameter Limit Under Diverse Functions

’ —
Ameter
|m|t fy fa fa fy fs fe
NxD/4 8.06E-18  4.97E-3 2.24E-3 8.36E-8 0.846 -12003.76
NxD/2 9.27E-18 7.33E-15 0 7.99E-15 0.036 -12568.48
3NxD/4 9.27E-18 8.29E-14 0 7.99E-15 0.053 -12568.48
NxD 8.45E-18  9.38E-5 0 7.99E-15 0.303 -12526.83
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6. Conclusions

This paper proposes a cooperative co-evolution algorithm called as NMSM-ABC based
on ABC and NMSM algorithms. The presented algorithm NMSM-ABC possesses
prominent properties both in global and local searching abilities since it effectively
combines ABC and NMSM together, that is, the algorithm periodically gets the best
individual vertex from NMSM operator and migrates to ABC, or obtains the optimal
nectar source information from ABC and migrates to NMSM during iterations, such that
ABC can improve its local exploiting capability applying NMSM, and NMSM can get
away from local minimum by ABC. Simulation results show that the proposed algorithm
possesses better convergence performance and computing accuracy than ones of SAM-
ABC and ABC. The presented algorithm can be applied to solve the all kinds of function
optimization problems and engineering application puzzles, and possesses excellent
practical applications prosperity.
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