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a b s t r a c t 

The Fruit Fly Optimization Algorithm (FOA) is a widely used intelligent evolutionary algorithm with a 

simple structure that requires only simple parameters. However, its limited search space and the swarm 

diversity weaken its global search ability. To tackle this limitation, this paper proposes a novel Multi- 

Scale cooperative mutation Fruit Fly Optimization Algorithm (MSFOA). First, we analyze the convergence 

of FOA theoretically and demonstrate that its convergence depends on the initial location of the swarm. 

Second, a Multi-Scale Cooperative Mutation (MSCM) mechanism is introduced that tackles the limitation 

of local optimum. Finally, the effectiveness of MSFOA is evaluated based on 29 benchmark functions. The 

experimental results show that MSFOA significantly outperforms the improved versions of FOA presented 

in recent literature, including IFFO, CFOA, and CMFOA, on most benchmark functions. 

© 2016 Elsevier B.V. All rights reserved. 
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1. Introduction 

Optimization calculation finds an optimal solution that fulfils

a set of constraints and achieves an optimal goal. When solv-

ing complex optimization problems, such as those with high di-

mensions, severe constraints, and multi-polarity, traditional opti-

mization techniques, such as integer programming [1] , dynamic

programming [2] , linear programming [3] , and graph algorithms

[4,5] suffer from computational complexity. In recent years, Swarm

Intelligence (SI) based optimization algorithms have become

more and more popular, bringing new vitality to optimization

calculation. 

Compared to traditional optimization algorithms, such as Ge-

netic Algorithm (GA) [7] , SI features simplicity and effectiveness

in solving complex optimization problems [8] . Many SI-based opti-

mization algorithms have been proposed, e.g., Particle Swarm Opti-

mization (PSO) and Ant Colony Optimization (ACO). PSO simulates

the foraging behavior of bird swarms [8,20] . PSO depends strongly

on parameter settings and is prone to converge into a local opti-

mum. ACO models the foraging behavior of ants and is inspired by

its information exchange mechanism [9] . However, ACO converges

slowly due to stagnation. Such optimization algorithms find a near-
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ptimal solution for a complex problem with a large number of

ariables and constraints [22] . In addition to SI based optimization

lgorithms that simulate animals behaviors, there are also opti-

ization algorithms that simulate physical phenomena, e.g., Grav-

tational Search Algorithm (GSA) and Kinetic Gas Molecule Opti-

ization (KGMO). GSA [10] simulates the characteristics of gravity.

t is an intelligent algorithm that combines vector calculation with

he law of universal gravitation. Kinetic Gas Molecule Optimization

KGMO) algorithm [11] simulates the dynamics of gas molecular.

t models the variation of gaseous molecular kinetic energy with

emperature and the irregular motion of gas molecules to seek

he optimal value within the searching space. However, such al-

orithms are not very popular due to their high complexity. 

The Fruit Fly Optimization Algorithm (FOA), proposed by Pan in

011 [12] , is a new SI based optimization algorithm inspired by

he foraging behavior of fruit flies. Compared with other SI-based

ptimization algorithms, FOA is easy to understand and computa-

ionally inexpensive. As a novel optimization algorithm, FOA has

ttracted a lot of researchers attention and has been applied suc-

essfully in many areas in recent years. To name a few, J. Li et al.

pplied FOA to solving the hybrid flow-shop rescheduling problem

n steelmaking systems and obtained convincing experimental re-

ults [13] . Y. Zhang et al. introduced FOA into service computing,

nd experimentally analyzed its performance [14,15] . H. Li et al.

roposed a hybrid annual power load-forecasting model that incor-

orates FOA based on generalized regression neural network [16] .

. Lin et al. employed FOA to optimize an artificial neural network
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herently, except for the X = 0 benchmark functions. �
odel for improving logistics quality, service satisfaction classifica-

ion and prediction [17] . X. Zheng et al. designed a new encoding

cheme and multi-group techniques that improve the effectiveness

nd efficiency of solving the semiconductor final testing scheduling

roblem [23] . 

However, similar to other SI based optimization algorithms, FOA

lso has its limitations. One of its major limitations is that it is

rone to converge into a local optimum because it often fails to

raverse the entire solution space [21] . To address this issue, many

esearchers have attempted to improve FOA in recent years. For

xample, L. Wu et al. proposed an improved FOA named CMFOA

ased on cloud model, and evaluated its performance on 33 bench-

ark functions [6] . However, CMFOA still converges slowly. M. Mi-

is et al. proposed a chaotic FOA (CFOA) based on chaotic opera-

ions and systematically analyzed its performance [18] . The major

imitation of CFOA is that the analysis was performed on only 6

enchmark functions, and thus failed to fully evaluate the perfor-

ance of CFOA. Q. Plan et al. proposed an improved fruit fly op-

imization algorithm (IFFO) by improving the method of individual

eneration [19] . The performance of IFFO was analyzed compre-

ensively on 29 benchmark functions. However, its convergence is

till very slow. J. Niu et al. proposed an improved FOA based on

ifferential evolution (DFOA). They modified the expression of the

mell concentration judgment value and introduced a differential

ector to replace the stochastic search [24] . The convergence of

FOA was analyzed based on 12 benchmark functions. However,

he influence on different differential vectors was not considered.

. Yuan et al. proposed an improved FOA based on multi-swarm

MFOA) [25] . The application of MFOA to several benchmark func-

ions and parameter identification of synchronous generator shows

n improvement in its performance over the original FOA tech-

ique. However, the parameters and the sub-swarm number of

FOA usually impact its search performance. 

In order to tackle the limitation of FOA, this paper presents an

mproved FOA named MSFOA based on a Multi-Scale Cooperative

utation (MSCM) mechanism with the following main contribu-

ions: 

(1) The limitations and convergence of the original FOA are ana-

lyzed theoretically. We demonstrate that the convergence of

FOA depends on the initial swarm location; 

(2) An improved fruit fly optimization algorithm, named MS-

FOA, is developed. MSFOA can escape from local optimum

and achieve much better global optimum by employing the

MSCM mechanism to mutate the position of the swarm; 

(3) Through extensive experiments, we evaluate the conver-

gence, stability, and global optimization ability of MSFOA in

comparison with the most recent improved versions of FOA,

including IFFO, CFOA and CMFOA, based on 29 benchmark

functions. 

The remainder of the paper is organized as follows. In Section 2 ,

OA and its limitation are analyzed. The convergence and the con-

ergence condition of FOA are analyzed in Section 3 . Section 4 dis-

usses the MSCM mechanism and MSFOA in detail. MSFOA are

valuated experimentally in Section 5 . Finally, Section 6 concludes

his paper. 

. Fruit Fly Optimization Algorithm 

This section first introduces the original FOA. It then analyzes

ts limitations theoretically. 

.1. FOA basics 

FOA was inspired by the foraging behaviors of fruit flies in the

ature [12] . A fruit fly determines the location of food with its
nique osphresis, its vision, and the smell concentration. The opti-

ization process of FOA consists of the following 8 steps. 

Step 1: Initialization the location of fruit fly swarm. 

x _ axis = rand(LR ) 
y _ axis = rand(LR ) 

(1) 

here LR represents the location parameter of the initial swarm. 

Step 2: Generation of the location of individual fruit flies in the

warm. 

x i = x _ axis + rand(V ) 
y i = y _ axis + rand(V ) 

(2) 

here V represents the range parameter generated by the swarm,

 and y represent the location coordinates. 

Step 3: Calculation of the distance between individual fruit fly

nd origin. 

ist i = 

√ 

x 2 
i 

+ y 2 
i 

(3) 

Step 4: Calculation of the smell concentration judgment value

f each individual fruit fly. 

 i = 

1 

Dist i 
(4) 

Step 5: Calculation of the smell concentration value of each in-

ividual fruit fly. 

mell i = Smell _ f unction (S i ) (5)

Step 6: Identification of the optimal smell concentration value

n the swarm, denoted by the maximum value. 

 bestSmell bestindex ] = max (Smell i ) (6)

Step 7: Reservation of the identified optimal smell concentra-

ion value and replacement of the swarm location. 
 

Smel l best = bestSmell 
x _ axis = x bestindex 

y _ axis = y bestindex 

(7) 

Step 8: Termination of the algorithm if the maximum number

f generation is reached; otherwise, go back to Step 2 . 

.2. Analysis of FOA 

Compared with other SI based optimization algorithms, FOA has

he advantages of simple structure and low computational com-

lexity. However, FOA cannot solve complex optimization problems

fficiently, due to its following limitations. 

imitation 1. FOA is prone to converge into a local optimum be-

ause it cannot traverse the entire solution space. 

roof. The calculation of distance ( Dist i ) in FOA is Dist i = 

√ 

x 2 
i 

+ y 2 
i 

nd the smell concentration judgment value is S i = 

1 
Dist i 

. Therefore,

ist i and S i are always greater than 0. Thus, the search space can-

ot reach the negative threshold. �

imitation 2. Fruit fly individual values are relatively monotonous

nd tend towards zero. 

roof. Step 2 to 4 presented in Section 2.1 describe the calcula-

ion of the distance and the smell concentration judgment value of

ndividual fruit flies. The calculation process is as follow. 

According to Eqs. (3) and (4) , when the problem has a large

earch space and the individual value of x or y are large, S i al-

ays tends toward zero, driving the algorithm to converge into a

ocal optimum. While the algorithm has an initial advantage at the

xtreme points X ∗ = 0 , it can result in weak swarm variation and

imited global optimization capacity. 

To conclude, FOA is prone to converge into a local optimum in-
∗
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Fig. 1. Effect of the swarm position on global optimization ability. 
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3. Convergence analysis of FOA 

In FOA, the swarm generation follows Eq. (2) . If the coordinates

of each fruit fly are convergent in the swarm, FOA is also conver-

gent. Thus, Eq. (2) can be used to analyze the convergence and

global optimization ability of FOA. Based on Eq. (2) , the generation

of individuals can be rewritten as follows: {
x i = x _ axis + rand 1 (V ) 
y i = y _ axis + rand 2 (V ) 

(8)

If we consider only the position change of the swarm and

suppose that rand 1 () = ϕ 1 , rand 2 () = ϕ 2 , there is rand 1 (V ) =
 ϕ 1 , rand 2 (V ) = V ϕ 2 . We then have the following analysis. 

(I) When V ϕ 1 and V ϕ 2 are constant, i.e., the change of each

random value is not considered, we only consider the variety of

swarm location, i.e., ( x n , y n ) represents the n th swarm location

( x _ axis, y _ axis ), Eq. (8) can be simplified as: {
x n = x n −1 + V ϕ 1 

y n = y n −1 + V ϕ 2 
(9)

Eq. (9) can be further transformed: {
x n = x 0 + nV ϕ 1 

y n = y 0 + nV ϕ 2 
(10)

There is: { 

lim 

n → + ∞ 

x n = lim 

n → + ∞ 

(x 0 + nV ϕ 1 ) = lim 

n → + ∞ 

x 0 + lim 

n → + ∞ 

nV ϕ 1 

lim 

n → + ∞ 

y n = lim 

n → + ∞ 

(y 0 + nV ϕ 2 ) = lim 

n → + ∞ 

y 0 + lim 

n → + ∞ 

nV ϕ 2 
(11)

In Eq. (11) , where V ϕ 1 and V ϕ 2 are constant, FOA does not con-

verge and thus does not guarantee a global optimum. 

(II) When V ϕ 1 and V ϕ 2 are not a constant, i.e., random change

occurs during the iteration process, V ϕ 1 and V ϕ 2 will be recorded

as V ϕ 1, t and V ϕ 2, t , indicating the random values generated by the

first t iteration. In this case, Eq. (8) can be simplified as follows: {
x n = x n −1 + V ϕ 1 ,n −1 

y n = y n −1 + V ϕ 2 ,n −1 
(12)

Eq. (12) can be further converted: ⎧ ⎪ ⎨ 

⎪ ⎩ 

x n = x 0 + V 

n ∑ 

i =1 

ϕ 1 ,i 

y n = y 0 + V 

n ∑ 

i =1 

ϕ 2 ,i 

(13)

From Eq. (13) , we obtain that 

lim 

n → + ∞ 

x n = lim 

n → + ∞ 

(x 0 + V 

n ∑ 

i =1 

ϕ 1 ,i ) = lim 

n → + ∞ 

x 0 

+ lim 

n → + ∞ 

V 

n ∑ 

i =1 

ϕ 1 ,i = x 0 + lim 

n → + ∞ 

V 

n ∑ 

i =1 

ϕ 1 ,i (14)

Similarly, 

lim 

n → + ∞ 

y n = lim 

n → + ∞ 

(y 0 + V 

n ∑ 

i =1 

ϕ 2 ,i ) = lim 

n → + ∞ 

y 0 

+ lim 

n → + ∞ 

V 

n ∑ 

i =1 

ϕ 2 ,i = y 0 + lim 

n → + ∞ 

V 

n ∑ 

i =1 

ϕ 2 ,i (15)

where ϕ 1 ,i , ϕ 2 ,i ∈ [ −1 , 1] , indicate random values within the range

of [-1, 1]. Hence, ϕ 1, i , ϕ 2, i can be simplified as ϕ i . We need only to

analyze the convergence property of lim 

n → + ∞ 

∑ n 
i =1 ϕ i in Eqs. (14) and

(15) . 

t  
Because ϕ i ∈ [ −1 , 1] is a random value, different values of ϕ i 

ppear with the same probability P . The expectation of ϕ i is 

 ϕ = 

∫ 1 

−1 

P × f (ϕ) dϕ = 

∫ 1 

−1 

P × ϕdϕ 

= P 

∫ 1 

−1 

ϕdϕ = P × 0 . 5 × ϕ 

2 | 1 −1 = 

P 

2 

(1 − 1) = 0 (16)

herefore, given lim 

n → + ∞ 

n ∑ 

i =1 

ϕ i = 0 , there is 

 

lim 

n → + ∞ 

x n = x 0 + 0 = x 0 

lim 

n → + ∞ 

y n = y 0 + 0 = y 0 
(17)

Eq. (17) shows that the coordinates of the fruit fly swarm con-

erge to the initial coordinates. Since the initial coordinates are

andomly generated, FOA does not converge and thus does not

uarantee a global optimum. According to Eq. (17) , the convergence

osition of the swarm depends strongly on the initial position of

he swarm. Hence, the initial location of the swarm affects the

bility of FOA to achieve a global optimum. The influence relation

s illustrated in Fig. 1 . 

As demonstrated in Fig. 1 , if the initial position of the swarm is

 1 , point A will be found as the extreme point. If the initial position

f the swarm is S 2 , point B will be found as the extreme point.

oint A is obviously not the global extremum. When the iteration

rocess reaches the extremum point A , the swarm position must

e adjusted with multi-scale variation in order to ensure that it

scapes the local optimum. 

. MSFOA 

This section presents MSFOA, our improved fruit fly optimiza-

ion algorithm based on a multi-scale cooperative mutation mech-

nism. MSFOA overcomes FOA’s limitation of local optimum caused

y its dependence of the initial location of the swarm. When the

lgorithm reaches a local extreme value, it mutates the position of

he swarm to escape from the local optimum. Based on the new

osition of the swarm, it then searches for a new extreme value

teratively to find the global optimum. 

.1. Multi-scale cooperative mutation 

In each iteration of MSFOA, the location of the escape is de-

ermined using the uniform mutation scale. The mutation scale al-

ows MSFOA to escape from the swarm location of the last genera-

ion. However, the distance between the local extrema of the given

enchmark function cannot be predicted. Thus, an appropriate mu-

ation scale cannot be determined in advance. In order for MSFOA
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Table 1 

Parameter settings. 

Algorithm Parameter Value Significance 

FOA V 1 The range size of fly swarm 

CFOA cos (i cos −1 (x i )) Chebyshev Chaotic map function 

CMFOA En max (Ub − Lb) / 4 Maximum entropy 

En En max × (1 − t 
iter 

) α Entropy 

He 0 .1 En Hyper Entropy 

Ex X _ axis Expectation 

IFFO λmax (Ub − Lb) / 2 Maximum radius 

λmin 10 −5 Minimum radius 

MSFOA n 0 .005 Search coefficient 

ω 0 1 Initial weight 

α 0 .95 Weight coefficient 

M 5 Scale number 
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o find an optimal solution efficiently, the following issues must be

ddressed when choosing an appropriate mutation scale. 

(1) If the mutation scale is too large, some extreme points may

be skipped, the global extremum included. 

(2) If the mutation scale is too small, a large number of iter-

ations may be required to traverse the entire search space.

This may significantly slow down the convergence of the al-

gorithm. 

To address the above issues, MSFOA employs a Gaussian muta-

ion operator with differently scaled variances to escape from local

ptimum. 

.1.1. Gaussian mutation operator 

Suppose that there are a total of M mutation scales. The vari-

nce of the Gaussian mutation operator is initialized: 

t 0 = (δt 0 
1 

, δt 0 
2 

, . . . , δt 0 
M 

) (18)

here δ
t 0 
i 

represents the variance of the i th scale in the t 0 iter-

tion, and its initial value is defined as the entire solution space.

uring the iteration process, the variance is adjusted as follows:

) the particles in the swarm are sorted according to the fitness

alue; 2) the sorted particles are grouped to generate M sub-

roups, with P = N/M particles in each subgroup with the fitness

alue of each subgroup calculated as follows: 

 it t m 

= 

P ∑ 

i =1 

f (x m 

i ) /P , m = 1 , 2 , . . . , M (19)

here F it t m 

is the fitness value of the m th subgroup in the t th it-

ration and f (x m 

i 
) indicates the fitness value of the i th particle in

he m th subgroup. Then, according to the fitness value of the sub-

roup, the standard deviation of each subgroup is adjusted dynam-

cally. The adjustment process is described as follows: 

(1) The maximum and minimum values of all subgroups are ob-

tained, denoted as Fit max , Fit min , respectively. 

(2) The fitness value of each subgroup is set in the t th iteration

according to the Eqs. (20) –(22) : 

F it max = max (F it t 1 , F it 
t 
2 , . . . , F it 

t 
M 

) (20)

F it min = min (F it t 1 , F it 
t 
2 , . . . , F it 

t 
M 

) (21)

δt 
m 

= δt−1 
m 

exp 

(
M × F it t m 

− ∑ M 

i =1 F it 
t 
i 

F it max − F it min 

)
(22) 

As the algorithm iterates, the mutation operator may be-

come very large. Therefore, the standard deviation of the

mutation operator is required to normalize the mutation op-

erator: 

δt 
m 

= | W/ 4 − δt 
m 

| , (δt 
m 

> W/ 4) (23)
where W is the definition domain of the given optimization

problem. This is repeated until δt 
m 

> W/ 4 . 

(3) According to the standard deviation of each subgroup, the

swarm location is defined as follows: 

x i = 

{
x i + rand(0 , 1) × δt 

i 
, conditional 

x i + rand(0 , 1) × W, others 
(24) 

where conditional represents f (x i + rand(0 , 1) × δt 
i 
) <

f (x i + rand(0 , 1) × W ) and f (x i + rand(0 , 1) × δt 
i 
) =

min ( f (x i + rand(0 , 1) × δt 
j 
)) , j = 1 , 2 , . . . , M, rand (0, 1)

is a random value between zero and one. 

.1.2. MSCM algorithm 

According to the description of the Gaussian mutation operator

bove, the MSCM algorithm is described in Algorithm 1 . 

lgorithm 1 MSCM () 

nput: 

the fitness value f (x i ) of each particle in swarm 

utput: 

the position of swarm 

1: sort( f (x i )) , i = 1 , 2 , . . . , sizepop

2: SubGroup j = Separation ( f (x i )) , j = 1 , 2 , . . . , M

3: Calculate the fitness of each subgroup according to Eq. (19) 

4: Calculate the standard deviation of each subgroup according to

Eq. (20) –Eq. (22) 

5: while δt 
m 

> W/ 4 , m = 1 , 2 , . . . , M do 

6: δt 
m 

= | W/ 4 − δt 
m 

| 
7: end while 

8: Determine the location of the new swarm according to (Eq. 24)

9: Return the swarm position 

Where δ represents the variance of the Gaussian mutation op-

rator at each mutation scale. 

.2. Improved Fruit Fly Optimization Algorithm based on MSCM 

The original FOA does not traverse the entire search space and

hus lacks the ability to find the global optimal solution. To over-

ome this limitation, MSFOA employs a linear generation mecha-

ism based on MSCM. The pseudo code of MSFOA is presented in

lgorithm 2 . 

In Algorithm 2 , ω 0 , α and n are the search coefficient, ini-

ial weight, and weight coefficient, respectively, function Get ( R min ,

 max ) obtains the definition domain boundary of the benchmarks

unction, function Get ( Pbest, Pi, Gbest, Gi ) obtains the local extreme

alue Pbest , the global extreme value Gbest , and the corresponding

article number Pi, Gi . 
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Table 2 

Benchmark functions. 

ID Function name Equation Global optimum Domain 

F1 Axis parallel 

hyperellipsoid 

f (x ) = 

n ∑ 

i =1 

ix 2 
i 

x ∗ = 0 and f (x ∗) = 0 −5 . 12 ≤ x i ≤ 5 . 12 

F2 Dixon-price f (x ) = 

n ∑ 

i =2 

i × (2 x 2 
i 

− x i −1 ) 
2 + (x i − 1) 2 x ∗ = 0 and f (x ∗) = 0 −10 ≤ x i ≤ 10 

F3 Exponential problem f (x ) = −exp(−0 . 5 
n ∑ 

i =1 

(x 2 
i 
)) x ∗ = 0 and f (x ∗) = −1 −1 ≤ x i ≤ 1 

F4 High conditioned 

elliptic 

f (x ) = 

n ∑ 

i =1 

(10 6 ) 
i −1 
n −1 x 2 

i 
x ∗ = 0 and f (x ∗) = 0 −10 ≤ x i ≤ 10 

F5 Quartic f (x ) = 

n ∑ 

i =1 

ix 4 
i 

+ rand() x ∗ = 0 and f (x ∗) = 0 −1 . 28 ≤ x i ≤ 1 . 28 

F6 Rosebrock f (x ) = 

n −1 ∑ 

i =1 

(100(x i +1 − x 2 
i 
) 2 + (x i − 1) 2 ) x ∗ = (1 , 1 , . . . , 1) and f (x ∗) = 0 −30 ≤ x i ≤ 30 

F7 Schwefels problem f (x ) = 

n ∑ 

i =1 

( 
i ∑ 

j=1 

x j ) 
2 x ∗ = 0 and f (x ∗) = 0 −100 ≤ x i ≤ 100 

F8 Schwefels problem 2 .21 f (x ) = max | x i | , 1 ≤ i ≤ n x ∗ = 0 and f (x ∗) = 0 −100 ≤ x i ≤ 100 

F9 Schwefels problem 2 .22 f (x ) = 

n ∑ 

i =1 

| x i | + 

n ∏ 

i =1 

| x i | x ∗ = 0 and f (x ∗) = 0 −100 ≤ x i ≤ 100 

F10 Sphere f (x ) = 

n ∑ 

i =1 

x 2 
i 

x ∗ = 0 and f (x ∗) = 0 −100 ≤ x i ≤ 100 

F11 Step f (x ) = 

n ∑ 

i =1 

(� x i + 0 . 5 � ) 2 x ∗ = 0 and f (x ∗) = 0 −100 ≤ x i ≤ 100 

F12 Sum of different power f (x ) = 

n ∑ 

i =1 

| x i | i +1 x ∗ = 0 and f (x ∗) = 0 −1 ≤ x i ≤ 1 

F13 Sum squares f (x ) = 

n ∑ 

i =1 

ix 2 
i 

x ∗ = 0 and f (x ∗) = 0 −1 ≤ x i ≤ 1 

F14 Shifted sphere f (x ) = 

n ∑ 

i =1 

z 2 
i 

+ f _ bias 1 z = x − o, o = 

(o 1 , o 2 , . . . , o n ) , x 
∗ = o

−100 ≤ x i ≤ 100 

and f (x ∗) = f _ bias 1 = −450 

F15 Shifted Schwefels 

problem 1.2 

f (x ) = 

n ∑ 

i =1 

( 
i ∑ 

j=1 

z j ) 
2 + f _ bias 2 z = x − o, o = 

(o 1 , o 2 , . . . , o n ) , x 
∗ = o

−100 ≤ x i ≤ 100 

and f (x ∗) = f _ bias 2 = −450 

F16 Ackley f (x ) = −20 exp(−0 . 2 
√ 

1 
n 

∑ n 
i =1 x 

2 
i 
) x ∗ = 0 and f (x ∗) = 0 −32 ≤ x i ≤ 32 

−exp( 1 
n 

n ∑ 

i =1 

cos (2 πx i ) ) + 20 + e 

F17 Alpine f (x ) = 

n ∑ 

i =1 

| x i sin x i + 0 . 1 x i | x ∗ = 0 and f (x ∗) = 0 −10 ≤ x i ≤ 10 

F18 Expansion of F10 f (x ) = f 10 (x 1 , x 2 ) + · · · + f 10 (x i −1 , x i ) + f 10 (x n , x 1 ) x ∗ = 0 and f (x ∗) = 0 −100 ≤ x i ≤ 100 

F19 Expanded Scaffer f (x ) = f s (x 1 , x 2 ) + f s (x 2 , x 3 ) + · · · + f s (x n , x 1 ) x ∗ = 0 and f (x ∗) = 0 −100 ≤ x i ≤ 100 

f s (x, y ) = 0 . 5 + 

sin 2 ( 
√ 

x 2 + y 2 ) −0 . 5 

(1+0 . 001(x 2 + y 2 )) 2 
F20 Generalized penalized 

function 1 

f (x ) = 

π
n 
{ 10 sin 

2 (πy 1 ) + 

n −1 ∑ 

i =1 

(y i − 1) 2 [1 + 10 sin 
2 (πy i +1 ) ]+ 

x ∗ = (−1 , . . . , −1) and 

f (x ∗) = 0 

−50 ≤ x i ≤ 50 

(y n − 1) 2 } + 

n ∑ 

i =1 

μ(x i , 10 , 100 , 4) , y i = 

1 + 0 . 25(x i + 1) 

μ(x i , α, k, m ) = 

⎧ ⎨ 

⎩ 

k (x i − α) m , x i > α

0 , −α ≤ x i ≤ α

k (−x i − α) m , x i < −α

F21 Griewank f (x ) = 

1 
40 0 0 

n ∑ 

i =1 

x 2 
i 

−
n ∏ 

i =1 

cos ( x i √ 
i 
) + 1 x ∗ = 0 and f (x ∗) = 0 −600 ≤ x i ≤ 600 

F22 Inverted cosine wave f (x ) = −
n −1 ∑ 

i =1 

(exp(− x 2 
i 
+ x 2 

i +1 
+0 . 5 x i x i +1 

8 
)) x ∗ = 0 and f (x ∗) = 1 − n −5 ≤ x i ≤ 5 

× cos (4 
√ 

x 2 
i 

+ x 2 
i +1 

+ 0 . 5 x i x i +1 )) 

F23 Neumaier 3 problem f (x ) = 

n ∑ 

i =1 

(x i − 1) 2 −
n ∑ 

i =2 

x i x i −1 x ∗ = i (n + 1 − i ) and 

f (x ∗) = − n (n +4)(n −1) 
6 

−n 2 ≤ x i ≤ n 2 

F24 Pathologic f (x ) = 

n −1 ∑ 

i =1 

(0 . 5 + 

sin 2 
√ 

100 x 2 
i 
+ x 2 

i +1 
−0 . 5 

1+0 . 001(x 2 
i 
−2 x i x i +1 + x 2 i +1 

) 2 
) x ∗ = 0 and f (x ∗) = 0 −100 ≤ x i ≤ 100 

F25 Rastrigin f (x ) = 

n ∑ 

i =1 

(x 2 
i 

− 10 cos (2 πx i ) + 10) x ∗ = 0 and f (x ∗) = 0 −5 . 12 ≤ x i ≤ 5 . 12 

F26 Non-continuous 

rastrigin 

f (x ) = 

n ∑ 

i =1 

(y 2 
i 

− 10 cos 2 πy i + 10) x ∗ = 0 and f (x ∗) = 0 −5 . 12 ≤ x i ≤ 5 . 12 

y i = 

{
x i , | x i | < 0 / 5 

round(2 x i ) / 2 , | x i | ≥ 0 . 5 

F27 Salomon f (x ) = 1 − cos (2 π

√ 

n ∑ 

i =1 

x i ) + 0 . 1 
n ∑ 

i =1 

x 2 
i 

x ∗ = 0 and f (x ∗) = 0 −100 ≤ x i ≤ 100 

F28 Weierstrass f (x ) = 

n ∑ 

i =1 

{ k max ∑ 

k =0 

[ a k cos (2 πb k (x i + 0 . 5)) ] } x ∗ = 0 and f (x ∗) = 0 −0 . 5 ≤ x i ≤ 0 . 5 

−n 
k max ∑ 

k =0 

a k cos (2 πb k × 0 . 5) , a = 0 . 5 , b = 3 , k max = 30 

F29 Whitley f (x ) = 

n ∑ 

k =1 

n ∑ 

j=1 

( 
y 2 

jk 

40 0 0 
− cos y jk + 1) x ∗ = (1 , . . . , 1) and f (x ∗) = 0 −100 ≤ x i ≤ 100 

y jk = 100(x k − x 2 
j 
) 2 + (1 − x 2 

j 
) 2 
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Fig. 2. Results of unimodal functions on D = 30 . 
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. Experimental evaluations 

This section compares MSFOA with FOA and 3 existing im-

roved version of FOA, including IFFO, CFOA and CMFOA. 

.1. Experimental setup and parameter configuration 

The experiments were conducted on a machine running Win-

ows7 64 bit with Intel Core i7 3.6 GHz and 16 G memory. The

arameters of each algorithm are listed in Table 1 . 
.2. Benchmark functions 

We implemented MSFOA and evaluated the its performance

n 29 scalable benchmark functions with 30 and 50 dimensions,

hich have been widely used for evaluating global optimization

lgorithms [16,18,19] . Table 2 summarizes those functions. Among

hese functions, the first 15 ones are unimodal and the other are

ultimodal. Using these functions, we can comprehensively evalu-

te the performance of MSFOA. 
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Fig. 3. Results of multimodal functions on D = 30 . 
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5.3. Experimental results 

To compare the algorithm in a fair and objective manner, we

used a same set of randomly generated initial swarms for all algo-

rithms. The swarm size is 50 and the number of iteration is 300.

The algorithms stop after achieving constant results from 50 runs

and the results are averaged. The root mean square error (RMSE)

is calculated for each experimental result x i and the minimum x opt 

given in Table 2 according to Eq. (25) , where n is the total number
 s  

5

 

m  
f runs. 

MSE = 

√ ∑ n 
i =1 (x i − x opt ) 2 

n 

(25)

o evaluate the stability and the global optimization ability of

he algorithms, the experiments were conducted with dimensions

 = 30 and D = 50 , Tables 3–6 present the experimental results,

here the fit is the average fitness value of the experimental re-

ults, RMSE measures the stability of the results averaged across

0 runs and minfit measures the optimal results of the 50 runs. 

Table 3 presents many interesting findings. Among the 15 uni-

odal benchmark functions with D = 30 , MSFOA finds 9 signifi-
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Fig. 4. Results of unimodal functions on D = 50 . 
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antly better solutions than CFOA, CMFOA and IFFO, whose bench-

ark functionsare F3/5/6/7/8/9/12/13/15. In addition, with bench-

ark function F11, MSFOA and CMFOA both obtain the optimal

olution, which is superior to CFOA and IFFO. FOA demonstrates

 different pattern. Although it is able to find the optimal solu-

ion easily in specific scenarios where X ∗ = 0 , it limitations sig-

ificantly weakens its ability, as analyzed in Section 2.2 . Gen-

rally, the success rate of MSFOA outperforms FOA, CMFOA and

FFO in unimodal benchmark functions. For non-optimal bench-

ark functions, functions F1/2/10/14 find near-optimal solutions.

he success rate of MSFOA in finding near-optimal solutions is

 / 5 = 80% . Table 4 demonstrates that out of the 14 multimodal
enchmark functions with D = 30 , MSFOA obtains better solutions

or functions F17/18/19/22/23/27/28. The solutions found by MS-

OA for the other multimodal benchmark function with D = 30

re near-optimal, including functions F16/20/21/25/26/29. It can

e seen that for the unimodal benchmark functions with D = 30 ,

he success rate of MSFOA outperforms CFOA, CMFOA and IFFO by

 / 14 = 50% on average. As for the non-optimized benchmark func-

ions, the success rate of MSFOA in finding the near-optimal solu-

ion is 6 / 7 = 85 . 7% . Overall, with D = 30 , MSFOA outperforms the

ther algorithms by 17 / 29 = 58 . 6% . For the non-optimized bench-

ark functions, the success rate of MSFOA finding the near-optimal

olution is 10 / 12 = 83 . 3% . 
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Fig. 5. Results of multimodal functions on D = 50 . 
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Table 5 presents the experimental results for unimodal func-

tions with D = 50 . Among the 15 unimodal benchmark functions,

MSFOA finds 8 significantly better solutions than CFOA, CMFOA,

IFFO and FOA, including functions F3/5/6/7/8/9/12/13/15, and 5

near-optimal solutions for functions F1/6/10/13/14. Table 6 shows

that MSFOA finds the optimal solution, which is 10 times better

than the other algorithms for unimodal benchmark functions, in-

cluding F16/17/18/19/21/22/25/26/27/28. For functions F20/29, MS-

FOA finds near-optimal solutions. Overall, MSFOA outperforms the

other algorithms by 10 / 14 = 71 . 4% with D = 50 . In addition, for

the other non-optimized benchmark functions, the success rate of

MSFOA in finding the near-optimal solution is 2 / 4 = 50% . Based
 3
n discussion above, with D = 50 , MSFOA can increase the suc-

ess rate by 19 / 29 = 65 . 5% based on the experimental results. Be-

ides, the success rate of MSFOA in finding near-optimal solutions

s 7 / 10 = 70% . The experimental results show that, as the number

f dimensions increases, MSFOA is more likely to outperform the

ther algorithms. 

.4. Convergence analysis 

To evaluate ability of MSFOA to escape local optima, Figs. 2–

 illustrate the convergence curves for obtained mean values from

00 iterations of each algorithm in different sets of experiments. 
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Table 3 

Results based on unimodal functions with D = 30 . 

MSFOA CFOA CMFOA IFFO FOA 

fit RMSE minfit fit RMSE minfit fit RMSE minfit fit RMSE minfit fit RMSE minfit 

F1 0.2159 0.2204 0.1343 660.2475 678.5074 373.4377 0.0269 0.0296 0.0105 1300.736 1369.589 584.1743 0.0747 0.0747 0.0697 

F2 0.8978 0.8983 0.8104 2379.321 5255.79 0.745 0.2319 0.2394 0.041 37160.19 45964.49 0.16033 0.3886 0.3898 0.3255 

F3 −0.9999 9.03E −05 −0.9999 −0.4796 0.5342 −1.6222 −0.9998 0.0 0 01 −0.9999 −0.1875 0.8159 −0.4079 −0.997 0.0029 −0.9972 

F4 2.3677 2.6623 5.30E −09 8.0325 8.2833 3.7178 0.6291 4.4461 1.1973 0 0 0 4.378 4.3793 4.1928 

F5 7.60E −08 7.96E −08 2.10E −08 4.3621 4.98 1.3566 3.35E −07 4.17E −07 3.48E −08 63.7886 6.90E+01 5.5663 8.37E −07 8.43E −07 6.56E −07 

F6 28.9084 28.9084 28.8697 29.1372 29.1374 28.8973 28.3267 28.3273 27.7986 49.9864 67.943 19.3741 27.7722 27.773 27.1817 

F7 3.0875 4.0459 4.2744 9506.081 1.74E+04 0.0175 2995.407 3954.645 0 50038.07 62948.34 0 0.334 0.3342 0.2929 

F8 0.4171 0.4179 0.341 58.1084 58.3499 44.5589 14.6682 15.3765 3.4493 81.5304 81.8814 53.6711 0.01 0.01 0.009 

F9 2.46E −05 2.46E −05 2.15E −05 0.071 7.10E −02 0.0558 0.0057 0.0078 4.13E −05 0.2819 0.417 0.0146 0.3767 0.3767 0.3685 

F10 1.7005 1.7212 1.0415 15773.3 16318.49 9295.579 0.0928 0.1 0.0357 33563.36 35286.16 10 0 0 0 0.0012 0.0012 0.0011 

F11 0 0 0 16032.82 1.65E+04 8272 0 0 0 34054.14 35127.86 10 0 0 0 0 0 0 

F12 1.60E −09 2.49E −09 1.63E −12 0.0528 8.14E −02 0.004 6.04E −06 1.56E −05 2.84E −08 0.3682 4.21E −01 0.0178 1.12E −05 1.12E −05 1.05E −05 

F13 0.2514 2.56E −01 0.1837 2336.439 2.42E+03 1489.376 0.0593 0.0629 0.0229 4881.062 5121.91 2376.668 0.0676 0.0676 0.0641 

F14 −448.26 1.8145 −448.675 14580.82 1.55E+04 8442.303 −449.916 0.0896 −449.967 33165.12 35250.1 10 0 0 0 −449.998 0.0012 −449.999 

F15 −447.014 3.1573 −448.479 11500.54 1.95E+04 −449.985 1388.562 3068.412 −450 100353 107688.3 10 0 0 0 −449.666 0.3342 −449.707 

Table 4 

Results based on multimodal functions with D = 30 . 

MSFOA CFOA CMFOA IFFO FOA 

fit RMSE minfit fit RMSE minfit fit RMSE minfit fit RMSE minfit fit RMSE minfit 

F16 0.5921 5.98E −01 0.3303 16.6651 1.68E+01 11.8807 0.1205 0.1235 0.0584 18.1089 18.12 16.3887 0.047 0.047 0.0454 

F17 0.0536 5.42E −02 0.0378 35.1172 3.55E+01 24.8742 0.1313 0.1536 0.0116 8.297 9.1585 1.7174 0.0426 0.04266 0.0416 

F18 22.1398 2.22E+01 20.2797 237.2154 2.38E+02 188.7896 110.3349 117.4436 25.1415 195.7356 197.3435 133.5441 4.1584 4.4621 3.8426 

F19 3.5532 3.634 1.5463 1023.277 1.08E+03 2.53 1386.112 1386.339 1312.543 1764.08 1767.256 1481.51 0.0025 0.0025 0.0021 

F20 0.5585 5.68E −01 0.2763 0.7418 7.66E −01 0.377 0.0 0 02 0.0 0 04 5.66E −05 1.7906 1.7943 1.6718 1.7081 1.7081 1.706 

F21 0.9661 9.67E −01 0.8753 140.4681 1.48E+02 83.1875 0.2594 0.2759 0.0802 298.8661 309.5331 85.2268 5.84E −06 5.85E −06 5.01E −06 

F22 −28.9297 7.15E −02 −28.961 −5.8429 2.32E+01 −9.2334 −23.0247 6.1269 −26.5912 −12.0985 17.0523 −17.6643 −22.0844 8.457 −28.8958 

F23 15.9872 4.95E+03 0.2277 15.5299 4.95E+03 1.3874 827.128 4103.259 953.333 148346.8 182416.9 10 0 0 0 28.5484 4 958.54 8 27.8234 

F24 4.4591 4.4884 2.8701 2.5011 2.6854 2.2566 2.5451 2.5777 1.3086 2.6405 2.6745 1.7569 0.0 0 05 0.0 0 05 0.0 0 04 

F25 0.882 9.00E −01 0.5586 269.4565 2.72E+02 57.4233 0.3156 0.3368 0.1033 143.975 148.2346 62.425 65.8715 78.3757 8.0881 

F26 0.9228 9.45E −01 0.5585 245.5428 2.47E+02 171.8963 0.2949 0.3393 0.1093 134.9764 138.4007 80.3198 41.2627 57.4151 2.5246 

F27 0.1965 1.97E −01 0.1029 13.6886 1.38E+01 10.0998 1.4198 1.4512 0.5998 18.8718 19.0456 12.8998 0.0289 0.0289 0.0249 

F28 2.0606 2.065 1.7414 36.5615 3.67E+01 25.6295 2.2385 2.2534 1.7347 26.3136 26.6626 18.091 47.5008 47.5375 41.82 

F29 413.9529 413.9529 416.9529 445.7681 448.7133 309.0915 255.5357 257.1731 198.8975 189084.8 731768.4 57.3266 415.8849 415.8901 410.1574 
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Table 5 

Results based on unimodal functions with D = 50 . 

MSFOA CFOA CMFOA IFFO FOA 

fit RMSE minfit fit RMSE minfit fit RMSE minfit fit RMSE minfit fit RMSE minfit 

F1 0.7774 0.7886 0.4438 1851.076 1920.386 1230.201 0.3307 0.3487 0.136 3876.2845 3984.373 2012.9023 0.3373 0.3374 0.3231 

F2 0.9339 0.934 0.9141 0.8788 0.8792 0.8139 0.2677 0.2715 0.1918 0.2136 0.2233 0.16 0.502 0.5034 0.4045 

F3 −0.9998 0.0 0 01 −0.9998 −0.2486 0.7546 −0.4004 −0.9991 0.0 0 08 −0.9995 −0.0569 0.9437 −0.1819 −0.9919 0.008 −0.9923 

F4 1.44E −08 1.64E −08 6.60E −09 14.114 1.44E+01 7.221 0.0014 0.004 2.48E −08 0 0 0 4.3658 4.3672 4.1956 

F5 2.82E −07 2.91E −07 1.36E −07 14.9252 1.72E+01 5.6223 2.11E −05 2.85E −05 2.57E −06 1.94E+02 2.01E+02 9.29E+01 4.07E −06 4.11E −06 3.06E −06 

F6 48.9021 48.9021 48.8121 49.3252 49.3254 49.0511 48.4185 48.4192 47.7928 82.6729 106.5196 44.3654 47.9556 47.9564 47.5122 

F7 1.24E −08 2.09E −08 1.33E −08 0.2305 3.19E −01 0.0539 0.0065 0.0218 0 15.0457 92.15 0 2.0564 2.058 1.8584 

F8 0.4507 4.51E −01 0.3945 63.948 6.41E+01 53.3332 45.9334 46.2545 32.3353 89.6021 89.6765 76.4056 0.0122 0.0122 0.0109 

F9 4.41E −05 4.41E −05 4.03E −05 0.1323 1.33E −01 0.112 0.0081 0.0114 3.6519 0.2107 0.3059 0.0037 0.7885 0.7886 0.7697 

F10 0.7952 1.70E+00 5.18E −09 656.6867 4643.09 0.0402 0.0234 0.1581 7.13E −07 3536.6438 12616.33 0.0229 0.0028 0.0028 0.0025 

F11 0 0 0 776.24 5.49E+03 0 0 0 0 1898.62 9596.356 0 0 0 0 

F12 1.88E −09 3.04E −09 7.49E −12 0.077 1.00E −01 0.0094 2.10E −05 6.43E −05 1.37E −08 0.5109 5.83E −01 0.0097 1.26E −05 1.27E −05 1.16E −05 

F13 0.8039 8.11E −01 0.5637 6823.169 7.03E+03 4604.183 0.8132 0.8392 0.4653 14408.155 14676.83 8206.3354 0.2939 0.2939 0.2723 

F14 −448.739 1.95 −450 343.6726 3.97E+03 −449.971 −449.976 0.1578 −450 61180.984 63232.59 10 0 0 0 −449.997 0.0028 −449.997 

F15 −450 1.24E −08 −450 −449.791 3.07E −01 −4 49.94 4 −449.982 0.04273 −450 273933 287470.6 10 0 0 0 −447.959 2.0429 −448.257 

Table 6 

Results based on multimodal functions with D = 50 . 

MSFOA CFOA CMFOA IFFO FOA 

fit RMSE minfit fit RMSE minfit fit RMSE minfit fit RMSE minfit fit RMSE minfit 

F16 0.6643 6.68E −01 0.4973 18.3905 1.84E+01 13.1238 0.4458 0.4561 0.2705 18.3673 18.3759 16.3262 0.05795 0.0579 0.0557 

F17 0.1002 1.01E −01 0.0784 68.3847 6.93E+01 34.385 0.4735 0.5149 0.0702 16.9073 17.8582 6.6449 0.0918 0.0918 0.0898 

F18 39.3483 3.94E+01 35.2296 413.1082 4.14E+02 331.7594 259.6809 262.2488 164.805 333.8484 335.0115 264.6297 7.1659 7.1741 6.6083 

F19 6.7695 6.86 4.0319 1705.063 1.81E+03 119.2348 2321.455 2321.712 2241.511 3123.4775 3128.798 2721.8541 0.0055 0.0055 0.005 

F20 0.7694 7.74E −01 0.5546 0.857 8.68E −01 0.548 0.0 0 05 0.0 0 09 0.0 0 01 1.5572 1.5595 1.4737 1.5167 1.5167 1.5147 

F21 1.0144 1.01E+00 0.9533 251.0033 2.58E+02 168.37 38.3089 41.2859 911663 571.729 582.862 306.8883 7.27E −06 7.30E −06 5.86E −06 

F22 −48.864 1.37E −01 −48.9086 −7.7466 4.13E+01 −11.8059 −38.6263 10.5073 −44.1906 −18.7337 30.3893 −23.3547 −32.1087 18.1223 −46.2982 

F23 37.1414 2.21E+04 27.913 65.325 2.21E+04 27.1035 −647.13 21402 −823.366 −914.6715 21139.83 −1794.305 48.8665 22098.87 47.9129 

F24 9.6389 9.65 8.4221 4.6271 4.84 1 5.3249 5.3461 4.2536 5.4477 5.4673 4.5098 0.0017 0.0017 0.0013 

F25 1.7125 1.73 1.1719 522.8578 5.25E+02 389.7509 2.2831 2.3771 1.1714 255.6745 259.3706 171.4577 164.2982 173.3458 15.8443 

F26 1.7402 1.76 1.1827 453.1223 4.58E+02 118.8136 2.0501 2.1484 1.0664 240.4316 244.5045 137.7445 131.1847 153.5999 5.1885 

F27 0.2037 2.05E −01 0.1998 18.3381 1.85E+01 13.5998 3.7217 3.8141 2.1999 25.9018 26.0572 18.4998 0.0624 0.0632 0.0535 

F28 3.7172 3.72E+00 3.3112 64.903 6.50E+01 53.161 5.5468 5.5752 4.4716 46.2691 46.7507 29.8591 83.1681 83.2089 75.0286 

F29 1149.869 1149.869 1149.869 1364.441 1367.508 1083.201 834.2366 836.2195 684.892 206719.77 661386.8 434.7899 1160.898 1160.9 1155.175 



Y. Zhang et al. / Knowledge-Based Systems 114 (2016) 24–35 35 

Algorithm 2 MSFOA 

Input: 

benchmarks function and definition domain 

Output: 

functional minimum value 

1: Get(R min , R max ) 

2: Set(iter, sizepop, ω 0 , α, n ) 

3: for each t ≤ iter do 

4: ω = ω 0 × αt 

5: for each i ≤ sizepop do 

6: for each j ≤ dim do 

7: x t 
i, j 

= X t 
j 
+ ω × rand(R min , R max ) 

8: S t 
i, j 

= Dist t 
i, j 

= x t 
i, j 

9: end for 

10: Cal cul ate (Smel l t 
i 
) 

11: end for 

12: Get (P best , P i, Gbest, Gi ) 

13: X = x G i 
14: if �Gbest = 0 then 

15: times + + 

16: end if 

17: if times ≥ dim/ 2 then 

18: X = M SCM () 

19: end if 

20: end for 

21: Return Gbest 
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Figs. 2 and 4 show that for unimodal benchmark functions, MS-

OA steadily and gradually approaches the global optimum, espe-

ially for functions F8/9/10/11/12/14. In those cases, MSFOA has

he best convergence. For other benchmark functions, it also con-

erges fast. Figs. 3 and 5 demonstrate that for multimodal bench-

ark functions, MSFOA gradually approaches the optimal solution

fter taking several turns. This explicitly illustrates MSFOAs ability

o escape local optima and gradually approach global optima. For

enchmark functions F15/25/26/28 in particular, MSFOA achieves

he best solutions and fastest convergence. The experimental re-

ults indicate that MSFOA outperforms IFFO, CFOA, CMFOA and the

riginal FOA in global convergence ability. 

. Conclusions 

In this paper, by analyzing FOA, we showed that the conver-

ence of FOA depends on the initial location of the swarm, and

hat the randomness of the initial location of the swarm usually

esults in a local optimum. To address this issue, we proposed MS-

OA, a novel multi-scale cooperative mutation Fruit Fly Optimiza-

ion Algorithm. When reaching a local optimum, MSFOA triggers

he MSCM mechanism that generates a new swarm location to

scape the local optimum. The experimental results based on 29

idely used benchmark functions demonstrate that MSFOA signif-

cantly outperforms FOA and three most recent improved versions

f FOA, i.e., IFFO, CFOA and MCFOA 36 out 54 cases, especially in

igh-dimensional cases. In the future, we are planning to further

mprove the performance of MSFOA. Specifically, we are going to

xtend it to multi-objective optimization and apply it to solve real-

orld engineering problems. 
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