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Abstract　Fruit  fly  optimization  algorithm  (FOA)  is  a  new  global  optimization  algorithm  inspired  by  the
osphresis  and  vision  behaviors  of  the  fruit  flies,  which  has  been  shown  to  have  a  strong  capacity  for  solving
continuous  optimization  problems.  However,  the  candidate  solutions  of  FOA  could  not  take  values  those  are
negative, and the basic FOA is also faced with the challenges of poor diversity of the swarm and weak local search
ability. To overcome these limitations synthetically, this study presents an improved FOA based on multi-strategy
evolution  and  dynamic  updating  of  swarm  optimal  information  (MDFOA),  aiming  at  well  balancing  the  global
search and local search abilities. In the proposed MDFOA, an effective candidate solution generating method and a
new  control  parameter  are  introduced  to  improve  the  convergence  performance.  Moreover,  a  real-time  update
mechanism  of  the  global  optimal  information  is  designed  to  further  improve  the  convergence  speed  of  the
algorithm. 29 complex continuous benchmark functions are used to test the effectiveness of the proposed method.
Numerical results show that the proposed MDFOA is superior to several other algorithms, such as the basic FOA,
six variants of FOA, and two state-of-the-art intelligent optimization algorithms.
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求解连续优化问题的多策略动态果蝇优化算法
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(1. 南昌大学机电工程学院　南昌　330031；2. 贵阳学院电子与通信工程学院　贵阳　550005；

3. 河北地质大学宝石与材料工艺学院　石家庄　050031)

【摘要】果蝇优化算法 (FOA)是一种新的全局优化算法，其灵感源于果蝇的嗅觉和视觉觅食行为，该算法具有很强的

连续优化问题的解决能力。然而，FOA存在算法候选解不能取负值、种群多样性差、局部搜索能力弱等缺点。为了克服上

述不足，该文提出了一种基于多策略进化和动态更新种群最优信息的改进果蝇优化算法 (MDFOA)。算法引入了一种有效的

多策略候选解生成方法和一个新的控制参数，较好的平衡了算法的全局搜索和局部搜索能力。此外，还设计了全局最优信息

的实时更新机制，提高了算法的收敛速度，采用 29个复杂的基准测试函数来检验该算法的有效性。实验结果表明，该算法

的优化性能优于 FOA、6种改进的 FOA及另外两种智能优化算法。
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Optimization  problems  are  often  encountered  in
the  fields  of  scientific  research,  engineering
technology,  and management decision.  How to obtain

the  optimal  solution  or  suboptimal  solution  of  these
problems at the minimum cost has been one of the hot
topics  for  researchers.  In  recent  years,  swarm 
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intelligent optimization algorithms, such as the genetic
algorithm[1],  the particle  swarm optimization[2],  the ant
colony  algorithm[3],  the  differential  evolution
algorithm[4],  and  the  artificial  bee  colony  algorithm[5]

are  widely  used  to  solve  the  above-mentioned
optimization  problems.  In  most  cases,  the  swarm
intelligence  optimization  algorithm  can  achieve  more
satisfactory  results  than  traditional  optimization
methods,  so  it  has  attracted  more  and  more  attention
from scholars.

Inspired  by  the  foraging  behavior  of  fruit  flies,
Ref.[6]  proposed  a  novel  swarm  intelligence-based
meta-heuristic  algorithm,  namely  the  fruit  fly
optimization  algorithm  (FOA).  Compared  with  other
swarm  intelligence-based  algorithms,  FOA  has  a
simple  algorithmic  framework  with  a  few  tuned
parameters,  which  makes  it  easily  understood  and
implemented.  As  a  novel  method  for  finding  global
optimum,  FOA  technique  has  been  obtained  much
attention  and  widely  applied  in  real-world  problems,
such  as  the  financial  distress  model  solving[6],  the
multidimensional  knapsack problem[7],  neural  network
training[8],  continuous  mathematical  function
optimization  problems[9],  power  loads  forecasting[10-11],
PID  controller  parameters  tuning[12-13],  semiconductor
final  testing[14],  joint  replenishment  problems[15-16],  as
well  as  many  other  problems  in  scientific  and
engineering fields[17-21].

However,  FOA  also  has  its  own  shortcomings.
Particularly,  the  taste  concentration  judgment  value
cannot be taken a negative value, so FOA cannot deal
with  the  optimization  problem with  negative  decision
variables.  In  addition,  with  the  iteration  of  algorithm,
the  diversity  of  the  swarm is  rapidly  lost,  making  the
algorithm  easy  to  fall  into  local  optimum.
Furthermore,  the  weak  local  search  ability  of  FOA
leads  to  low  convergence  accuracy  of  the  FOA
algorithm.  To  improve  the  convergence  performance
of  FOA,  a  series  of  improvement  studies  have  been
carried  out  by  many  scholars  at  home  and  abroad.
Ref.[22]  proposed  an  improved  FOA  by  adding  an
escaping parameter to the taste concentration judgment
value,  and  the  fruit  fly  individual  in  this  algorithm  is
searched  in  three-dimensional  space.  Ref.[23]  used  a

linear  generation  mechanism  to  generate  candidate
solutions,  instead  of  nonlinear  generation  mechanism
in basic FOA, and a new improved fruit fly algorithm
based  on  a  linear  mechanism  was  proposed.  Ref.[24]
presented  a  novel  multi-swarm  fruit  fly  optimization
algorithm,  and  the  performance  of  the  algorithm  was
greatly  improved  by  employing  the  multi-swarm
behavior. By introducing a new control parameter and
an  effective  solution  generating  method,  Ref.[9]  also
proposed an improved fruit fly optimization algorithm
for  solving  continuous  optimization  problems.
Ref.[25] introduced a novel  parameter integrated with
chaos  into  the  basic  FOA  and  put  forward  a  chaotic
fruit fly algorithm. Ref.[26] modified the expression of
the smell concentration judgment value in FOA, and a
differential  vector  was  introduced  to  replace  the
stochastic  search  mechanism.  Ref.[27]  proposed  an
improved  fruit  fly  optimization  algorithm  based  on
selecting  evolutionary  direction  intelligently.  Ref.[28]
introduced  a  multi-scale  cooperative  mutation
mechanism  and  proposed  a  multi-scale  cooperative
mutation  fruit  fly  optimization  algorithm.  Ref.[29]
added  two  sign  parameters  into  the  original  FOA  for
dealing  with  not  only  the  positive  side  of  the  search
space, but also the whole. In order to better balance the
global  search  and  local  search  abilities,  Ref.[30]
proposed  an  improved  FOA  based  on  the  hybrid
location  information  exchange  mechanism.  By
embedding  the  trend  search  strategy  into  the  original
FOA and combining with the co-evolution mechanism,
Ref.[31]  developed  a  novel  fruit  fly  optimization
algorithm.  Ref.[16]  proposed  an  improved  fruit  fly
optimization  algorithm with  a  level  probability  policy
and  a  new  mutation  parameter  aiming  at  expanding
search  space  and  skipping  local  optima.  Ref.[32]
introduced  a  normal  cloud  model  into  fruit  fly
osphresis foraging and proposed a normal cloud model
based FOA. According to historical  memory and elite
strategy  mechanism,  Ref.[33]  proposed  an  adaptive
fruit fly optimization algorithm.

The  afore-mentioned  variants  of  FOA  are  all
based on a single evolutionary strategy. However, this
single  evolutionary  model  often  lacks  an  effective
mechanism  for  maintaining  diversity  of  the  swarm,
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and  it  is  difficult  to  reasonably  balance  the  global
exploration and local exploitation of the algorithm, so
the optimization process is prone to fall into premature
convergence.  In  addition,  according  to  the  foraging
behavior  of  the  actual  fruit  fly  swarm,  the  visual
foraging  behavior  of  each  individual  fruit  fly  should
follow  its  olfactory  foraging  behavior.  In  order  to
overcome  the  shortcomings  mentioned  above,  this
article  presents  an  improved  FOA  based  on  multi-
strategy  evolution  and  dynamic  updating  of  swarm
optimal  information  (MDFOA).  The  MDFOA  is
applied to various standard optimization problems and
compared  with  the  original  FOA,  six  variants  of  the
FOA, and two state-of-the-art algorithms.

The  rest  of  the  paper  is  organized  as  follows.  In
Section 1,  the basic FOA is introduced.  The MDFOA
is described in detail in Section 2. Experimental design
and  comparisons  are  illustrated  in  Section  3.  Finally,
Section 4 gives the concluding remarks.

1　Basic FOA
The  basic  FOA  is  a  swarm  intelligence-based

meta-heuristic  algorithm  inspired  by  the  foraging
behavior of fruit flies. The fruit fly itself is superior to
other  species  in  osphresis  and  vision.  The  osphresis
organs of fruit flies can sense odors floating in the air
even  40  km  far  away  from  them.  During  hunting  for
food,  they use their  olfactory sense and find direction
to  the  food  source.  Then,  after  they  get  close  to  the
food location, they fly toward the food source by using
their visual senses. The procedure of basic FOA can be
described as follows[6]:

X_axis Y_axis

1)  Initialize  relate  parameters,  including
population  size,  the  maximum  number  of  iterations,
and the location of fruit fly swarm ( ,  ).

2)  For  each  fly  in  the  swarm,  a  random  fly
direction  and  distance  are  provided,  and  the  new
location is generated by using Eq. (1):{

Xi = X_axis+RandomValue
Yi = Y_axis+RandomValue

(1)

where  i  is  the  ith  fly  in  the  swarm.  RandomValue
represents the fly range parameter.

3)  Given the unknown food source,  calculate  the

distance between each fly and the origin by using Eq.
(2).  Calculate  the  smell  concentration  judgment  value
by using Eq. (3):

Disti =
√

Xi
2+Yi

2 (2)

S i =
1

Disti
(3)

S i

4)  Substitute  the  smell  concentration  judgment
value  ( )  into  smell  concentration  judgment  function
(or called fitness function) and the smell concentration
value is calculated by using Eq. (4):

Smelli = Fitness(S i) (4)

5)  Identify  the  best  smell  concentration  value  in
the  fruit  fly  swarm  (finding  the  minimum  value)  by
using Eq. (5):

[bestSmell bestIndex] =min(Smelli) (5)

6)  Keep  the  best  smell  concentration  value  and
the  corresponding  X  and  Y  coordinates,  and  at  this
moment, the fruit fly swarm moves toward the location
by using their vision:

Smellbest = bestSmell
X_axis = X(bestIndex)
Y_axis = Y(bestIndex)

(6)

7)  Repeat  step  2)～ 6).  Stop  when  the  iterative
number reaches the maximum iterative number.

2　Improved FOA
Due  to  its  simple  evolutionary  mechanism,  FOA

is  unable  to  effectively  balance  the  global  search  and
local search abilities of the algorithm, which makes it
difficult  to  achieve  the  ideal  optimization  results  in
dealing with complex optimization problems. Inspired
by  other  state-of-the-art  swarm  intelligence-based
algorithms,  such  as  particle  swarm  optimization
algorithm  (PSO)[34-35]  and  differential  evolution
algorithm  (DE)[36],  an  improved  version  of  FOA
(MDFOA)  is  developed  in  this  study.  We  detail  the
MDFOA as follows.
2.1　Multi-Strategy Evolution

Multi-strategy  evolution  refers  to  selecting  one
strategy  from  a  strategy  base  as  an  iterative  equation
for the current individual olfactory search of fruit flies.
Different  fly  individuals  of  the  same  generation  may
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have  different  evolutionary  strategies,  so  that  the
diversity  of  the  swarm  is  improved,  and  the  global
search  ability  of  the  algorithm  is  also  enhanced.  The
selection  of  strategies  is  a  key  factor  that  affects  the
optimization  performance  of  algorithm.  The  more
strategies  in  the  strategy  base,  the  more  powerful  the
algorithm  is  in  solving  complex  optimization
problems. With fewer strategies in the strategy base, it
may  be  difficult  for  the  algorithm  to  achieve  the
expected  convergence  quality.  After  repeated
numerical  simulation  experiments,  the  strategy  base
consists of the following strategies in this study:

Xk+1
i = Xmin+ (Xmax−Xmin)r1 (7)

Xk+1
i = Xk

i +ω(Xk
r1−Xk

r2) (8)

Xk+1
i = Pk

g+ω(Pk
r1−Pk

r2) (9)

Xk+1
i = Pk

g+ω(l1−0.5)Pk
g (10)

xk+1
i j =



pk
g j+ω(l2−0.5) j = m,m+1, · · · ,n

xk
i j others r2 < 0.5pk
g j+ω(l2−0.5) j = m

xk
i j others r2 ⩾ 0.5

(11)

Xk+1
i = (xk+1

i,1 , x
k+1
i,2 , ..., x

k+1
i,n )

Xmax Xmin

ps ps

Pk
r1

Pk
r2

Pk
g = (pk

g,1, p
k
g,2, ..., p

k
g,n)

r1 r2

ω

where    denotes  the  (k+1)th
generation  position  vectors  of  the  ith  fly;  n  is  the
dimensionality  of  the  problem;    and    are  the
upper and lower boundary vectors of the search space,
respectively;  Indices  r1  and  r2  are  random  and
mutually  different  integers  generated  in  the  range  [1,
](   presents  the  population  size),  and  they  are

different  from the  position  vector ’s  index  i  and g;
and    are  the  best  historical  position  vectors  of  the
r1th and r2th flies,  respectively; 
is the global historical best position vector of fruit  fly
swarm; l1, l2,   and   are random variables uniformly
distributed on the interval [0,1]; m is a random integer
generated in the range [1, n];   is a scaling factor that
controls the search radius.

The  five  evolutionary  strategies  of  Eq.(7)～ (11)
focus  on  the  global  search  and  local  search  of  the
algorithm,  respectively.  According  to  Eq.(7),  the
position  vector  of  the  ith  fly  is  reinitialized  randomly
within  the  search  space,  in  this  way,  the  fly  is  given

(Xk
r1−Xk

r2)

(Pk
r1−Pk

r2)

(l1−0.5)Pk
g

the ability to escape from the local optimum. In Eq.(8),
the  current  position  of  the  ith  fly  is  taken  as  the
reference  vector,  and  the  difference  vector 
is  used  to  randomly  disturb  the  reference  vector,  this
strategy  makes  full  use  of  the  difference  information
among  individuals  in  the  swarm  to  search  in  local
neighborhoods.  In  Eq.(9),  the  optimal  position  vector
of  current  fruit  fly  swarm  is  taken  as  the  reference
vector,  and  the  vector    is  used  as  the
disturbance vector of the reference vector. Like Eq.(9),
the optimal position vector of current fruit fly swarm is
the  reference  vector  and  the  vector    is  the
disturbance  vector  in  Eq.(10).  Eqs.(9)  and  (10)  learn
from  the  historical  optimal  solution  in  different  ways
to  further  improve  the  convergence  accuracy  of  the
solution  and  accelerate  the  convergence  speed  of  the
algorithm.  To  mine  potential  better  solutions,  we
randomly  choose  one  position  variant  or  (n−m+1)
position  variants,  and  a  new  solution  is  generated  by
using Eq.(11).
2.2　A  New  Parameter  and  Dynamic  Updating

Mechanism

ω

In  the  basic  FOA,  the  search  radius  is  fixed  and
cannot  be  changed  during  iterations.  This  leads  to  a
low  convergence  speed  and  a  tendency  to  fall  into  a
local optimal solution. In the early iterations, the fruit
fly  swarm  location  is  usually  far  from  the  optimal
solution,  so  the  perturbation  component  should  be
valued in a larger range to find a promising region. In
the final generations, the swarm location is close to the
optimal  solution,  and  the  perturbation  component
should be taken in a small scope to further improve the
convergence accuracy of the algorithm. Therefore, the
parameter    in  the  above  evolutionary  strategies  is
changed dynamically with iterations as the following:

ω = αexp
(
−β Iteration

Iterationmax

)
(12)

α β

α = β

Iterationmax

where   and   are two adjustment coefficients. For the
sake  of  simplicity,  we  take  the  same  value  in  this
paper,  that  is,  .  Iteration  is  the  iteration  number.

 is the maximum iteration number.
In the basic FOA, the visual search of fly is based

on the premise that the olfactory search of the fruit fly
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swarm  has  been  completed,  which  lags  the  update  of
the  optimal  position  information  of  the  swarm,  thus
reducing  the  convergence  speed  of  the  algorithm.  To
solve  this  problem,  we  propose  a  mechanism  of  real-
time  dynamic  updating  in  this  paper,  that  is,  after  the
fly completes the olfactory search, the new position is
immediately  evaluated.  If  the  new  position  is  better
than the current optimal position of swarm, the optimal
location  and  its  corresponding  information  will  be
updated,  so  the  purpose  of  updating  swarm
information in real time can be achieved.
2.3　Implement of MDFOA

The  detailed  steps  of  implementing  the  MDFOA
are described as follows.

Iterationmax α β

1)  Initialize  relate  parameters,  including
population size ps, the maximum number of iterations

,  and  adjustment  coefficients    and  .  The
position  of  each  fruit  fly  is  randomly  generated  and
evaluated,  and  the  optimal  position  is  selected  as  the
current optimal position of the swarm.

ω

2)  For  the  ith  fly,  a  strategy  selected  from
equations (7)～(11) is used as an evolutionary strategy
for its olfactory search, and the value of parameter   is
calculated by using Eq.(12).

Disti
Xi

S i = Xi

S i

3)  According  to  Eq.(13)  and  Eq.(14),  the  best
historical  position  of  the  fly  individual  and  the  best
historical position of the fruit fly swarm are updated in
real  time,  respectively.  Here,  we  abandon  the
calculation  of  the  distance  ,  and  directly  take  the
position vector   as the smell concentration judgment
value,  i.e.,  ,  which  solves  the  shortcoming  that
 cannot take a negative value in the basic FOA:

Pk+1
i =

 Xk+1
i Fitness(Xk+1

i ) ⩽ Fitness(Pk
i )

Pk
i Fitness(Xk+1

i ) > Fitness(Pk
i )

(13)

Pk+1
g =

 Xk+1
i Fitness(Xk+1

i ) ⩽ Fitness(Pk
g)

Pk
g Fitness(Xk+1

i ) > Fitness(Pk
g)

(14)

4)  If  all  flies  of  the  current  generation  complete
the  evolution  operation,  the  next  step  is  executed;
otherwise return to step 2).

5)  If  the  iterative  number  reaches  the  maximum
iterative number,  the algorithm ends;  otherwise return
to step 2).

3　Experiments and Comparisons
For  the  purpose  of  verifying  the  performance  of

MDFOA,  29  well-known  benchmark  functions  are
considered  in  this  test.  For  a  detailed  description  of
these  benchmark  functions,  please  refer  to  ref.[9].
Among  these  test  functions,  the  first  15  problems  are
unimodal functions and the remaining 14 problems are
multimodal  functions.  The  effectiveness  of  the
algorithm  is  evaluated  on  these  benchmark  functions
with varying dimensions as 30, 60, 100, 200, 300, and
400.  The  results  of  the  MDFOA  are  compared  with
those  of  the  basic  FOA,  LGMS-FOA[23],  AE-LGMS-
FOA[19],  MFOA[22],  IFFO[9],  SFOA[29],  IFOA[15],  PSO
and  DE.  All  the  proposed  algorithms  are  coded  in
MATLAB R2013a. The computation is conducted on a
personal  computer  (PC)  with  Intel  (R)  Core(TM)  i7-
7700,  3.6  GHz  CPU,  16  GB RAM,  and  Windows  10
Operational System.
3.1　Parameter Setting

The  experimental  parameters  of  the  other  nine
algorithm  are  set  according  to  the  corresponding
papers.  The parameters  setting of  different  algorithms
are described below.

ω0 = 1 α = 0.95

n = 0.005

p = 0.005 ω0 = 1 n = 10

XAv

λmax = (UB−LB)/2

λmin = 10−5

ω

ωmax = 0.9 ωmin = 0.4 c1 = c2 = 2 vmax

xmax

α = β = 6

In  LGMS-FOA,  we  set  ,  ,  and
.  The  parameters  of  AE-LGMS-FOA  are
,  ,  and  ,  and  80%  of  the  best

population  are  used  to  generate  .  For  FOA  and
MFOA,  the  random  initialization  fruit  fly  swarm
location  zone  is  [0,10],  the  random  direction  and
distance  of  iterative  fruit  fly  food searching is  [−1,1].
The  parameters  of  IFFO  are    and

, where UB and LB are the upper and lower
bounds  of  independent  variables,  respectively.  In
IFOA,  50% of  the  individuals  in  a  swarm  fly  toward
local optimal solution and the others fly randomly, and
the  perturbation  amplification  factor  ( )  is  0.3.  For
PSO,  ,  ,  , and   is set
to  be  20%  of  .  The  mutation  operator  of  DE  is
best/1,  and  the  differentiation  factor(F)  and  crossover
probability  (Cr)  are  0.5,  0.5,  respectively.  The
parameters  of  MDFOA  are  .  The  population
size of each algorithm is set to 50, and the number of
iterations is set to 500 times.
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3.2　Comparison of MDFOA with Other Algorithms
In this section, we present the optimization results

of different algorithms.
In  order  to  show  the  reliability,  stability,  and

robustness  of  the  results,  each  function  is  optimized
over 30 independent runs, and the mean value (Mean)
and  standard  deviation  (Std)  are  reported  in  Tables  1

and 2 for all functions with dimensions equal to 30 and
60,  respectively.  The  average  convergence  curves  of
the  optimization  processes  for  some  typical  functions
by  different  algorithms  are  illustrated  in  Fig.1  and
Fig.2  (To  facilitate  evaluate  and  observation,  the
fitness  of  the  objective  function  in  the  graph  is  a
logarithm with the base of 10).
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Fig. 1    Average convergence curves on some 30-dimensional functions
 

 

From  Table  1  and  2,  we  can  find  that  MDFOA

outperforms other algorithms in many respects:

1)  For  unimodal  functions  (F1-F15),  MDFOA

obtains almost all the best mean results (except F5). In

terms  of  algorithm  stability,  MDFOA  gets  13  best

results  (except  for  F2,  F5).  For  F2  with  dimensions
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equal  to  30,  AE-LGMS-FOA  gets  the  smallest
standard  deviation.  While  for  F2  with  dimensions
equal  to  60,  SFOA  gets  the  smallest  standard
deviation. For F5 with dimensions equal to 30 and 60,
IFOA  obtains  the  best  mean  result  and  the  smallest
standard  deviation,  followed  by  MDFOA.  Eight
algorithms  including  LGMS-FOA,  AE-LGMS-FOA,

MFOA,  IFFO,  SFOA,  IFOA,  DE  and  DMDFOA can
converge  to  the  theoretical  optimal  value  of  function
F11  with  dimensions  equal  to  30.  When  the
dimensions  are  increased  to  60,  six  algorithms
including  LGMS-FOA,  AE-LGMS-FOA,  MFOA,
SFOA,  IFOA  and  DMDFOA  can  converge  to  the
theoretical optimal value of function F11.
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Fig. 2    Average convergence curves on some 60-dimensional functions
 

 

2) For multimodal functions (F16-F29), MDFOA

obtains all the best mean results. In terms of algorithm

stability,  MDFOA  also  gets  13  best  results  (except

F23).  For  F23  with  dimensions  equal  to  30  and  60,

SFOA obtains the smallest standard deviation.

3)  The  increment  of  the  problem  dimension  has
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little  effect  on  the  convergence  performance  of
MDFOA. While the convergence performance of other

algorithms decreases obviously with an increase in the
dimension of the problem.

 
 

Table 1    Comparison with other algorithms on 30-dimensional functions
 

FUN*PAR** FOA LGMS-FOA AE-LGMS-FOA MFOA IFFO SFOA IFOA PSO DE MDFOA

F1
Mean 2.654 91×10−2 2.041 98×10−5 1.324 37×10−5 4.102 41×10−1 3.610 37×10−11 2.581 60×10−3 7.871 24×10−3 2.400 35×10−1 6.811 56×10−5 0

Std. 3.550 92×10−4 5.081 24×10−6 1.878 10×10−5 1.898 06×10−1 1.357 91×10−11 9.434 37×10−6 1.120 16×10−4 8.512 01×10−2 3.130 28×10−5 0

F2
Mean 1.055 87 6.670 69×10−1 6.670 30×10−1 1.307 85 1.926 01 9.816 44×10−1 8.585 17×10−1 5.467 75 1.082 54 8.791 79×10−2

Std. 2.224 28×10−1 6.147 25×10−4 3.629 64×10−4 4.773 88×10−1 1.314 89 3.292 52×10−3 7.326 63×10−2 2.471 65 2.358 78×10−1 2.803 54×10−2

F3
Mean −9.990 37×10−1 −1.000 00 −1.000 00 −9.857 76×10−1 −1.000 00 −9.999 12×10−1 −9.997 14×10−1 −9.994 74×10−1 −1.00000 −1

Std. 1.684 04×10−5 1.530 34×10−16 1.716 12×10−15 4.136 78×10−3 3.253 46×10−13 2.311 06×10−7 3.372 79×10−6 2.104 87×10−4 5.993 22×10−8 0

F4
Mean 4.984 86×10 3.894 99×103 4.000 10×103 4.803 63×102 3.509 88×104 8.390 06 4.449 66×10 6.862 43×103 2.124 92×10 0

Std. 8.449 54×10−1 2.483 79×103 3.183 33×103 1.969 34×102 2.893 41×104 4.017 54×10−1 1.213 55 3.130 06×104 8.929 25 0

F5
Mean 2.772 91×10−2 9.358 51×10−2 2.877 09×10−2 3.626 63×10−2 1.025 32×10−1 2.064 39×10−3 2.450 96×10−5 3.514 76×10−2 1.507 72×10−1 1.108 24×10−4

Std. 3.966 91×10−3 3.501 61×10−2 1.381 61×10−2 1.710 53×10−2 4.397 10×10−2 2.936 93×10−4 1.890 84×10−5 5.612 26×10−3 3.118 76×10−2 1.269 48×10−4

F6
Mean 2.899 37×10 2.812 60×10 2.829 60×10 3.085 33×10 2.678 31×102 2.873 03×10 2.832 83×10 3.526 96×102 2.349 55×102 0

Std. 1.047 93×10 4.748 08×10−1 3.352 01×10−1 7.376 63×10−1 5.276 92×102 3.387 44×10−2 2.135 70×10−1 1.763 42×102 2.296 57×102 0

F7
Mean 5.530 27×10−1 1.576 23 3.482 54×10−1 2.058 93×10−1 1.239 53×104 7.063 14×10−5 1.660 15×10−1 6.181 79×102 3.134 29×104 0

Std. 1.097 98×10−2 1.584 46 3.319 02×10−1 1.028 48×10−1 4.383 64×103 1.307 40×10−5 1.967 17×10−3 1.953 47×102 8.085 59×103 0

F8
Mean 3.219 55×10−2 9.028 51×10−2 1.658 90×10−1 7.931 00×10−2 1.846 25×10 2.267 00×10−3 1.730 55×10−3 4.404 56 6.766 26 0

Std. 4.239 52×10−3 4.011 35×10−2 3.418 84×10−2 1.143 54×10−2 7.605 24 3.517 88×10−5 7.246 46×10−5 5.282 62×10−1 4.440 89×10−15 0

F9
Mean 7.492 10×10−1 1.098 82×10−2 1.663 30×10−3 7.492 10×10−1 6.861 83×10−6 7.137 58×10−2 1.305 76×10−1 8.996 87×10−1 2.197 13×10−2 0

Std. 2.501 46×10−3 1.209 39×10−2 3.022 21×10−3 1.323 44×10−1 9.776 98×10−7 1.294 22×10−4 8.151 27×10−4 1.424 08×10−1 5.625 55×10−3 0

F10
Mean 1.926 99×10−3 1.025 40×10−17 1.861 35×10−11 2.902 97×10−2 6.245 67×10−12 1.302 18×10−4 5.724 17×10−4 1.151 13×10 4.249 09×10−3 0

Std. 4.166 31×10−5 2.095 22×10−18 1.758 86×10−11 8.543 35×10−3 2.574 07×10−12 3.003 52×10−6 8.368 76×10−6 4.260 17 1.484 47×10−3 0

F11
Mean 6.666 67×10−2 0 0 0 0 0 0 1.410 00×10 0 0

Std. 2.494 44×10−1 0 0 0 0 0 0 5.088 22×10 0 0

F12
Mean 4.004 91×10−6 2.113 60×10−8 1.054 94×10−8 2.334 20×10−5 1.643 22×10−13 2.564 74×10−6 1.078 08×10−6 4.573 30×10−15 2.620 34×10−16 0

Std. 1.163 77×10−7 3.413 93×10−8 1.620 98×10−8 2.776 45×10−5 4.084 76×10−13 1.442 21×10−8 1.877 82×10−8 1.078 50×10−14 4.216 74×10−16 0

F13
Mean 2.704 89×10−2 3.358 10×10−4 6.628 20×10−4 3.922 97×10−1 5.133 96×10−11 2.552 92×10−3 8.043 28×10−3 1.329 84 5.167 88×10−4 0

Std. 6.358 33×10−4 5.096 28×10−4 1.233 19×10−3 1.048 78×10−1 1.851 94×10−11 9.986 68×10−6 1.240 80×10−4 6.507 06×10−1 2.066 19×10−4 0

F14
Mean −4.499 98×102 −4.500 00×102 −4.500 00×102 −4.499 71×102 −4.500 00×102 −4.500 00×102 −4.499 99×102 −4.384 71×102 −4.499 96×102 −450

Std. 3.833 95×10−5 7.696 64×10−14 1.252 34×10−11 1.002 04×10−2 1.721 21×10−12 2.426 35×10−6 8.649 19×10−6 4.034 65 1.272 64×10−3 0

F15
Mean −4.494 49×102 −4.487 77×102 −4.492 05×102 −4.497 95×102 1.093 15×104 −4.500 00×102 −4.498 34×102 1.394 04×102 4.964 17×104 −450

Std. 9.923 08×10−3 1.971 83 1.506 04 9.182 83×10−2 3.608 17×103 1.859 08×10−5 2.400 25×10−3 1.758 61×102 9.514 77×103 0

F16
Mean 3.558 46×10−2 7.435 78×1010 8.409 12×10−7 1.715 34×10−1 1.539 58×10−6 9.473 78×10−3 1.852 58×10−2 1.829 05 1.936 80×10−2 8.881 78×10−16

Std. 3.999 38×10−4 8.738 05×10−11 4.461 98×10−7 3.960 04×10−2 2.815 81×10−7 4.110 99×10−5 1.373 32×10−4 4.526 29×10−1 3.154 29×10−3 0

F17
Mean 2.122 33×10−3 1.184 89×10−19 1.055 98×10−13 3.207 58×10−2 8.989 09×10−6 1.870 46×10−4 6.321 09×10−4 2.096 03×10−1 2.091 90 0

Std. 4.239 32×10−5 2.228 42×10−20 1.191 64×10−13 1.284 36×10−2 3.660 72×10−6 6.420 60×10−7 7.743 16×10−6 8.953 58×10−2 2.073 22 0

F18
Mean 1.529 48×10 1.721 17×10 1.458 87×10 1.016 53×10 4.355 33×10 5.656 14 1.664 12 4.279 37×10 2.721 49×10 0

Std. 1.009 66 2.695 98 2.811 01 9.574 89×10−1 2.353 51×10 7.199 90×10−1 2.424 83×10−2 5.089 76 3.360 34 0

F19
Mean 7.432 97×10−2 7.586 52×10−17 2.400 65×10−11 5.170 78×10−2 4.617 33 2.594 14×10−4 1.146 10×10−3 9.668 09 1.219 98×10 0

Std. 1.182 12×10−1 1.573 25×10−16 2.851 05×10−11 1.517 25×10−2 1.057 06 6.023 38×10−6 1.648 03×10−5 6.900 02×10−1 2.100 12×10−1 0

F20
Mean 1.710 92 4.780 38×10−2 6.911 40×10−3 4.469 23×10−3 6.022 69×10−14 1.557 39 1.688 02 5.602 23×10−2 9.140 49×10−3 0

Std. 3.731 78×10−2 8.697 80×10−2 2.586 01×10−2 1.679 26×10−3 3.689 89×10−14 2.158 01×10−2 1.136 68×10−4 3.974 16×10−2 7.843 11×10−3 0

F21
Mean 9.928 65×10−5 4.271 25×10−3 3.040 00×10−3 1.485 75×10−3 2.470 93×10−2 2.929 70×10−6 2.960 96×10−5 1.095 31 4.316 43×10−2 0

Std. 1.820 64×10−6 5.686 99×10−3 6.019 96×10−3 5.010 67×10−4 2.238 19×10−2 3.109 89×10−7 5.233 10×10−7 4.570 23×10−2 6.753 52×10−2 0

F22
Mean −2.841 88×10 −2.900 00×10 −2.900 00×10 −2.841 88×10 −2.102 67×10 −2.899 78×10 −2.898 89×10 −1.832 46×10 −7.860 84 −29

Std. 1.850 64 6.678 09×10−15 2.733 39×10−11 3.566 31×10−1 1.706 06 5.770 50×10−5 1.470 70×10−4 1.155 69 5.554 64×10−1 0

F23
Mean 4.990 09 −6.318 77×102 −7.347 31×102 −4.361 41×102 1.914 46×104 2.989 93×10 1.148 48×10 4.723 30×103 8.654 97×104 −4.922 99×103

Std. 3.259 43 7.624 73×10 8.727 69×10 2.339 31×10 1.385 17×104 2.052 26×10−2 2.159 12 3.200 87×103 3.658 90×104 6.301 71

F24
Mean 2.234 19 5.942 91 5.818 03 7.979 67×10−2 2.673 34 1.504 58×10−2 9.747 19×10−5 5.216 97 5.816 07 1.384 15×10−14

Std. 8.152 19×10−1 2.778 01×10−1 1.669 68×10−1 6.409 98×10−2 4.467 16×10−1 8.099 43×10−2 3.647 13×10−6 2.422 29×10−1 8.428 15×10−2 7.425 11×10−14

F25
Mean 1.328 27×10 6.927 79×10−15 7.903 25×10−12 8.625 40 7.661 18 3.432 01×10−2 1.130 56×10−1 4.658 48×10 1.547 93×102 0

Std. 1.532 45×10 3.846 95×10−15 8.580 86×10−12 6.858 25 3.137 41 1.041 57×10−4 2.009 60×10−3 1.383 97×10 9.403 70 0
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FUN* PAR** FOA LGMS-FOA AE-LGMS-FOA MFOA IFFO SFOA IFOA PSO DE MDFOA

F26
Mean 2.241 52 6.158 04×10−15 6.478 37×10−12 6.358 95 5.833 33 3.440 58×10−2 1.139 38×10−1 4.334 66×10 1.268 37×102 0

Std. 3.618 81 3.362 07×10−15 6.437 30×10−12 4.481 49 2.001 39 5.648 66×10−4 3.001 51×10−3 9.232 60 1.447 52×10 0

F27
Mean 1.032 07×10−1 9.198 73×10−1 6.598 73×10−1 9.988 07×10−2 1.719 87 3.703 75×10−3 9.987 34×10−2 9.595 61×10−1 1.031 19 0

Std. 1.795 06×10−2 1.796 29×10−1 1.254 33×10−1 7.605 82×10−6 3.208 32×10−1 6.500 75×10−5 1.230 66×10−8 1.107 18×10−1 8.918 04×10−2 0

F28
Mean 3.804 73×10 1.054 23 4.950 60×10−1 1.972 56×10 4.085 76×10−1 4.551 62×10 3.562 42 3.294 62 2.469 66×10 4.263 26×10−14

Std. 1.898 20 3.155 78×10−1 2.042 02×10−1 2.800 02 6.633 84×10−1 1.597 30 8.810 73×10−2 8.555 10×10−1 2.724 82 0

F29
Mean 7.066 57×102 6.050 03×102 5.837 67×102 4.692 89×102 1.072 16×102 4.166 18×102 4.153 27×102 1.003 79×106 1.205 26×104 0

Std. 3.537 12×10 6.860 47×10 5.681 38×10 7.557 70×10 6.957 96×10 1.027 39×10 2.966 08×10−2 9.593 76×105 1.406 34×104 0

　　* is for functions; ** is for parametric
 
 

Table 2    Comparison with other algorithms on 60-dimensional functions
 

FUN*PAR** FOA LGMS-FOA AE-LGMS-FOA MFOA IFFO SFOA IFOA PSO DE MDFOA

F1
Mean 2.032 34×10−1 4.723 39×10−3 1.759 10×10−3 2.747 05 1.944 46×10 1.116 20×10−2 6.122 21×10−2 2.192 39×10 1.856 62×10 0

Std. 3.808 53×10−3 2.424 00×10−3 8.994 76×10−4 5.041 69×10−1 2.212 21×10 2.372 33×10−5 7.609 33×10−4 4.280 44 4.029 84 0

F2
Mean 2.077 32 7.853 24×10−1 7.498 69×10−1 3.841 57 9.030 56×102 1.000 97 8.446 87×10−1 2.333 47×102 7.130 63×103 1.131 94×10−1

Std. 8.033 99×10−1 5.061 00×10−2 2.443 84×10−2 6.012 81×10−1 1.290 03×103 2.827 07×10−3 8.925 15×10−2 8.305 94×10 2.007 67×103 6.477 52×10−2

F3
Mean −9.962 88×10−1 −1.000 00 −1.000 00 −9.498 43×10−1 −1.000 00 −9.998 09×10−1 −9.988 76×10−1 −9.851 90×10−1 −9.837 26×10−1 −1

Std. 6.508 06×10−5 4.720 03×10−8 6.396 99×10−10 1.068 67×10−2 1.262 42×10−11 3.407 99×10−7 1.351 89×10−5 2.554 46×10−3 3.304 03×10−3 0

F4
Mean 1.774 84×102 1.388 39×104 7.985 99×103 2.262 75×103 7.992 24×106 1.749 69×10 1.590 45×102 3.396 37×105 1.731 10×106 0

Std. 2.681 01 8.368 48×103 4.079 95×103 8.473 96×102 3.937 53×106 5.482 24×10−1 3.392 98 3.942 34×105 4.821 07×105 0

F5
Mean 7.719 70×10−2 2.693 44×10−1 9.139 36×10−2 1.072 93×10−1 8.906 98×10−1 2.074 06×10−3 2.801 41×10−5 1.177 58×10−1 7.924 44×10−1 1.311 06×10−4

Std. 1.004 96×10−2 7.601 88×10−2 5.040 13×10−2 4.155 52×10−2 2.915 67×10−1 4.804 90×10−4 2.746 35×10−5 2.052 97×10−2 1.483 24×10−1 1.108 38×10−4

F6
Mean 6.072 93×10−1 5.808 55×10 5.813 86×10 6.787 49×10 1.203 68×105 5.848 49×10 5.798 18×10 1.390 77×104 7.781 39×105 0

Std. 2.657 87 4.263 81×10−1 3.178 53×10−1 2.328 08 1.259 52×105 4.916 70×10−2 2.241 68×10−1 4.413 45×103 2.808 27×105 0

F7
Mean 8.208 58 2.302 33×10 1.097 07×10 1.241 99 6.575 32×104 2.663 81×10−4 2.495 70 9.693 97×103 2.935 33×105 0

Std. 1.586 55×10−1 2.752 09×10 1.106 64×10 9.063 90×10−1 1.272 55×104 1.259 43×10−4 4.026 86×10−2 2.523 51×103 4.212 24×104 0

F8
Mean 7.700 65×10−2 2.925 18×10−1 3.354 07×10−1 1.104 88×10−1 5.856 78×10 2.362 07×10−2 1.541 76×10−3 1.156 03×10 1.907 67×10 0

Std. 1.033 12×10−2 3.042 21×10−2 3.565 00×10−2 1.526 45×10−2 5.340 20 2.389 64×10−5 6.006 50×10−5 1.125 88 7.105 43×10−15 0

F9
Mean 6.588 54×10−1 2.123 29×10−1 6.005 55×10−2 2.002 57 5.694 88 1.489 80×10−1 3.649 34×10−1 8.427 86 4.255 15×10 0

Std. 6.185 54×10−3 6.329 88×10−2 3.821 81×10−2 1.953 68×10−1 6.722 16 1.751 92×10−4 2.188 42×10−3 1.082 61 1.576 22×10 0

F10
Mean 7.455 67×10−3 1.768 46×10−4 1.765 27×10−5 1.086 56×10−1 1.240 33×103 2.813 39×10−4 2.251 74×10−3 2.967 98×102 3.144 57×102 0

Std. 1.415 21×10−4 2.528 11×10−4 1.277 68×10−5 1.903 35×10−2 8.659 78×102 3.796 54×10−6 2.713 63×10−5 6.279 39×10 5.895 67×10 0

F11
Mean 3.333 33×10−2 0 0 0 1.448 07×103 0 0 3.053 67×102 3.162 33×102 0

Std. 1.795 05×10−1 0 0 0 1.022 01×103 0 0 6.367 91×10 5.779 20×10 0

F12
Mean 4.059 77×10−6 1.533 68×10−8 1.298 43×10−8 2.294 69×10−5 5.229 28×10−13 2.561 84×10−6 1.122 20×10−6 1.710 89×10−13 1.527 03×10−2 0

Std. 1.314 60×10−7 2.352 55×10−8 2.689 12×10−8 3.580 26×10−5 8.709 00×10−13 1.717 23×10−8 7.066 42×10−8 2.961 39×10−13 4.616 90×10−2 0

F13
Mean 2.044 34×10−1 1.992 20×10−2 9.146 90×10−3 2.768 07 1.244 17×102 1.098 70×10−2 6.140 42×10−2 8.499 14×10 8.127 80×10 0

Std. 3.592 55×10−3 1.253 57×10−2 5.517 95×10−3 5.683 49×10−1 7.711 15×10 2.977 78×10−5 8.726 19×10−4 1.937 99×10 1.771 44×10 0

F14
Mean −4.499 93×102 −4.499 99×102 −4.500 00×102 −4.499 03×102 1.078 35×103 −4.500 00×102 −4.499 98×102 −1.333 49×102 −1.055 29×102 −450

Std. 1.251 37×10−4 6.418 47×10−4 1.183 33×10−5 2.001 44×10−2 9.562 91×102 5.017 55×10−6 3.209 91×10−5 5.646 64×10 6.530 85×10 0

F15
Mean −4.418 35×102 −4.272 13×102 −4.366 35×102 −4.488 77×102 6.647 77×104 −4.500 00×102 −4.475 06×102 8.600 60×103 2.958 22×105 −450

Std. 1.316 36×10−1 2.863 23×10 1.582 78×10 3.767 07×10−1 1.074 04×104 1.021 11×10−4 3.527 37×10−2 2.269 27×103 3.715 73×104 0

F16
Mean 5.079 46×10−2 2.500 37×10−3 7.173 44×10−4 2.591 56×10−1 5.813 44 9.881 17×10−3 2.655 14×10−2 4.384 56 4.967 09 8.881 78×10−16

Std. 5.999 59×10−4 1.996 14×10−3 2.295 39×10−4 3.950 88×10−2 2.826 31 3.830 14×10−5 2.025 18×10−4 2.536 87×10−1 2.713 66×10−1 0

F17
Mean 9.813 47×10−2 3.548 59×10−6 2.393 37×10−7 5.949 83×10−2 1.809 90×10−3 4.066 97×10−4 2.490 85×10−3 5.430 13 5.131 37×10 0

Std. 2.714 64×10−1 5.947 76×10−6 1.857 89×10−7 2.439 58×10−2 2.841 31×10−3 9.761 84×10−7 4.092 81×10−5 1.414 45 4.223 80 0

F18
Mean 3.221 46×10 3.852 05×10 3.468 89×10 2.175 68×10 2.836 05×102 1.099 73×10 3.909 86 1.750 74×102 2.990 67×102 0

Std. 1.674 12 3.116 64 3.994 06 1.622 61 2.692 19×10 1.671 09 1.849 99×10−1 1.942 14×10 1.656 79×10 0

F19
Mean 3.086 87×10−1 3.705 07×10−4 4.729 22×10−5 2.203 13×10−1 1.713 54×10 5.591 80×10−4 4.487 93×10−3 2.347 29×10 2.714 48×10 0

Std. 4.612 59×10−1 3.630 33×10−4 4.626 38×10−5 3.527 79×10−2 1.013 33 1.002 52×10−5 7.014 91×10−5 1.064 31 2.152 44×10−1 0

F20
Mean 1.469 30 1.066 87×10−1 2.227 22×10−4 8.887 61×10−3 1.436 33×10 1.339 92 1.448 69 2.763 18 5.247 73×105 0

Std. 4.387 05×10−4 5.720 45×10−2 4.975 31×10−4 1.745 68×10−3 1.004 84×10 7.734 09×10−3 1.450 98×10−4 8.313 99×10−1 5.046 76×105 0

F21
Mean 2.093 40×10−4 8.116 12×10−2 1.493 35×10−2 2.912 92×10−3 3.396 21×10 3.443 86×10−6 6.335 42×10−5 3.739 77 3.849 90 0

Std. 4.279 14×10−6 4.125 07×10−2 7.380 88×10−3 7.351 80×10−4 1.458 63×10 4.195 28×10−7 9.245 16×10−7 4.379 75×10−1 6.081 39×10−1 0
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FUN* PAR** FOA LGMS-FOA AE-LGMS-FOA MFOA IFFO SFOA IFOA PSO DE MDFOA

F22
Mean −5.222 17×10 −5.899 99×10 −5.900 00×10 −5.713 38×10 −3.114 33×10 −5.899 49×10 −5.895 59×10 −3.326 66×10 −8.961 09 −59

Std. 6.392 02 8.694 19×10−5 1.582 49×10−6 7.743 99×10−1 2.644 81 1.029 75×10−4 8.153 19×10−4 2.733 93 6.860 83×10−1 0

F23
Mean 2.137 22×10 −6.939 75×102 −7.803 90×102 −7.374 65×102 7.235 13×106 5.995 22×10 3.049 83×10 6.324 05×105 3.383 72×107 −3.484 64×104

Std. 4.850 19 3.631 43×102 2.687 89×102 4.120 47×10 2.451 36×106 9.290 76×10−3 2.444 14 1.277 45×105 7.578 94×106 1.181 81×103

F24
Mean 9.291 36 1.303 87×10 1.293 54×10 2.829 25×10 7.780 55 1.826 87×10−2 7.394 35×10−4 1.233 58×10 1.303 55×10 6.948 02×10−18

Std. 2.239 11 3.282 71×10−1 3.663 42×10−1 1.391 79×10−1 6.854 58×10−1 6.845 72×10−2 4.938 15×10−5 2.554 25×10−1 1.130 98×10−1 3.739 49×10−17

F25
Mean 7.082 010×10 1.955 54×10−4 8.255 59×10−6 2.465 99×10 1.144 53×102 7.462 94×10−2 4.356 71×10−1 1.666 98×102 4.924 83×102 0

Std. 4.927 44×10 2.554 75×10−4 4.499 40×10−6 9.116 73 2.114 60×10 1.586 75×10−4 9.308 18×10−3 2.939 72×10 1.820 84×10 0

F26
Mean 3.667 74×10 1.496 42×10−4 8.835 24×10−6 2.481 13×10 9.010 00×10 7.460 46×10−2 4.451 01×10−1 1.303 63×102 4.627 48×102 0

Std. 5.574 01×10 2.602 87×10−4 5.364 21×10−6 8.851 01 1.705 94×10 1.678 25×10−4 2.981 61×10−2 2.372 50×10 1.895 75×10 0

F27
Mean 1.865 40×10−1 1.026 54 9.598 73×10−1 9.989 02×10−2 1.420 99×10 6.241 88×10−2 9.987 33×10−2 2.817 32 5.822 70 0

Std. 3.399 35×10−2 4.493 95×10−1 4.579 67×10−1 3.129 82×10−5 1.553 14 2.806 12×10−1 6.169 16×10−9 2.078 65×10−1 3.856 29×10−1 0

F28
Mean 7.676 34×10 3.078 95 2.020 90 4.190 64×10 1.052 73×10 9.708 75×10 7.775 32 1.715 21×10 7.605 32×10 1.421 09×10−13

Std. 2.922 57 3.716 20×10−1 3.570 58×10−1 2.972 62 2.947 27 2.996 63 9.914 09×10−2 1.982 57 2.079 59 0

F29
Mean 3.070 80×103 2.773 58×103 2.659 67×103 2.230 40×103 6.001 25×1013 1.660 32×103 1.665 77×103 1.319 56×1010 1.103 47×1016 0

Std. 1.319 50×102 1.750 67×102 1.487 93×102 1.518 05×102 8.120 58×1013 1.664 96×10 4.163 24×10−1 6.880 91×109 8.076 19×1015 0

 
 

4)  For  most  of  the  29  complex  benchmark
functions,  MDFOA  can  converge  to  the  theoretical
optimal  value,  which  shows  that  MDFOA  has  strong
global  search  and  local  search  abilities,  as  well  as
strong algorithm stability.

From Fig.1 and Fig.2, it can be observed that the
evolution curves of  the MDFOA descend much faster
and  reach  lower  level  than  that  of  other  nine
algorithms,  indicating  that  MDFOA  has  the
advantages  of  fast  convergence  speed  and  high
convergence  accuracy.  The  results  in  Fig.1  and  Fig.2
also show that several other algorithms are easy to be
trapped to the local optimal.
3.3　Analysis of High-Dimensional Functions

To  test  the  ability  of  MDFOA  of  dealing  with
high-dimensional  complex  optimization  problems,  the
dimensions  of  the  benchmark  functions  increase  to
100,  200,  300,  and  400,  respectively.  The  parameter
setting and operating environment of MDFOA are kept
the  same  as  described  above.  The  mean  value  and

standard  deviation  are  calculated  based  on  the  30
independent  replications,  and the results  are  shown in
Table  3.  The  average  convergence  curves  of  the
optimization  processes  for  some  typical  functions  by
MDFOA are illustrated in Fig.3.

From Table  3,  we  can  find  that  MDFOA is  still
highly  effective  and  reliable  in  solving  high-
dimensional  complex  problems.  The  change  in  the
dimension  of  the  problems  has  little  effect  on  the
optimization performance of  MDFOA. Among the 29
100-dimensional  benchmark  functions,  MDFOA  can
converge  to  the  theoretical  optimal  value  of  23
functions.  The  same  conclusion  is  reached  when  the
dimensions  increased  to  200,  300,  and  400.  MDFOA
also  shows  high  convergence  accuracy  and  excellent
algorithm stability for benchmark functions that fail to
converge  to  the  theoretical  optimal  value.  The  above
results are further verified by Fig.3. It should be noted
that  with  an  increase  in  the  scale  of  the  problem,  the
running time of the algorithm also increases.

 
 

Table 3    High-dimensional benchmark functions optimization results of MDFOA
 

FUN* PAR** n=100 n=200 n=300 n=400

F1
Mean 0 0 0 0
Std. 0 0 0 0

F2
Mean 1.707 04×10−1 1.900 13×10−1 2.270 63×10−1 2.137 6×10−1

Std. 3.619 35×10−2 6.831 70×10−2 1.236 30×10−1 1.250 05×10−1

F3
Mean −1 −1 −1 −1
Std. 0 0 0 0
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FUN* PAR** n=100 n=200 n=300 n=400

F4
Mean 0 0 0 0
Std. 0 0 0 0

F5
Mean 1.209 81×10−4 1.108 13×10−4 1.060 77×10−4 1.456 90×10−4

Std. 1.059 54×10−4 9.601 13×10−5 1.053 27×10−4 1.570 89×10−4

F6
Mean 0 0 0 0
Std. 0 0 0 0

F7
Mean 0 0 0 0
Std. 0 0 0 0

F8
Mean 0 0 0 0
Std. 0 0 0 0

F9
Mean 0 0 0 0
Std. 0 0 0 0

F10
Mean 0 0 0 0
Std. 0 0 0 0

F11
Mean 0 0 0 0
Std. 0 0 0 0

F12
Mean 0 0 0 0
Std. 0 0 0 0

F13
Mean 0 0 0 0
Std. 0 0 0 0

F14
Mean −450 −450 −450 −450
Std. 0 0 0 0

F15
Mean −450 −450 −450 −450
Std. 0 0 0 0

F16
Mean 8.881 78×10−16 8.881 78×10−16 8.881 78×10−16 8.881 78×10−16

Std. 0 0 0 0

F17
Mean 0 0 0 0
Std. 0 0 0 0

F18
Mean 0 0 0 0
Std. 0 0 0 0

F19
Mean 0 0 0 0
Std. 0 0 0 0

F20
Mean 0 0 0 0
Std. 0 0 0 0

F21
Mean 0 0 0 0
Std. 0 0 0 0

F22
Mean −99 −199 −299 −399
Std. 0 0 0 0

F23
Mean −1.167 73×105 −4.845 14×105 −1.033 58×106 −1.741 83×106

Std. 1.002 56×104 5.355 32×104 1.497 21×105 2.543 10×105

F24
Mean 9.805 84×10−16 6.404 25×10−15 5.685 00×10−15 2.500 11×10−15

Std. 4.352 40×10−15 2.492 30×10−14 1.472 99×10−14 7.664 45×10−15

F25
Mean 0 0 0 0
Std. 0 0 0 0

F26
Mean 0 0 0 0
Std. 0 0 0 0

F27
Mean 0 0 0 0
Std. 0 0 0 0

F28
Mean 2.842 17×10−13 6.252 78×10−13 9.094 95×10−13 1.250 56×10−12

Std. 0 0 0 0

F29
Mean 0 0 0 0
Std. 0 0 0 0
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Fig. 3    Average convergence curves on some high-dimensional functions
 

 

4　Conclusions and Future Research
In  order  to  overcome  the  shortcomings  of  the

basic  FOA,  such  as  low  convergence  accuracy  and
easy  to  fall  into  local  optimum,  we  propose  a  novel
improved  fruit  fly  optimization  algorithm,  namely
multi-strategy  dynamic  fruit  fly  optimization
algorithm.  A  strategy  randomly  selected  from  the
strategy base is used as the current evolution operator
of each fruit  fly individual,  and different evolutionary
strategies  complement  each  other  to  effectively

improve  the  overall  optimization  performance  of  the
algorithm.  To  further  improve  the  convergence  speed
of  the algorithm, the algorithm employs a  mechanism
of dynamically updating the swarm information in real
time,  thus  the  non-evolutionary  individuals  of  current
generation  can  obtain  the  latest  global  optimal
information in time. Tests on 29 benchmark functions
indicate that the proposed MDFOA can perform better
than  FOA,  LGMS-FOA,  AE-LGMS-FOA,  MFOA,
IFFO,  SFOA,  IFOA,  PSO  and  DE  in  terms  of

第 5期 石建平，等：求解连续优化问题的多策略动态果蝇优化算法 729



convergence  accuracy,  convergence  speed  and
convergence  stability.  MDFOA  also  shows  good
performance  in  solving  high-dimensional  function
optimization problems.

α β

In this paper, we choose an evolutionary strategy
from the  strategy base  by  random selection.  Adaptive
strategy selection may be a better choice, and it will be
one of the research contents in the future. In addition,
the  parameters    and    in  Eq.  (12)  are  two  key
parameters that affect the convergence performance of
the  algorithm,  and  their  reasonable  settings  also  need
to be further studied in the future work.
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