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Abstract: A swarm based nature-inspired optimization algorithm namely fruit fly optimization
algorithm (FOA) has simple structure and ease of implementation. However, FOA has a low
success rate and a slow convergence because FOA generates new positions around the best location
using fixed search radius. Several improved FOAs have been proposed. But their exploration
ability is questionable. To make the search process to transit from the exploration phase to the
exploitation phase smoothly, this paper proposes a new FOA constructed from a cooperation of the
multileader and the probabilistic random walk strategies (CPFOA). It has two population types
working together. CPFOA's performance is evaluated by 18 well-known standard benchmark, and
30 CEC’2017 functions. The results showed that CPFOA outperforms both the original FOA and its
variants in terms of convergence speed and performance accuracy. The results base on CEC'2017
show that CPFOA can achieve a very promising accuracy when compared with the well-known
competitive algorithms. CPFOA is applied to optimize two applications; the MLPs classifying real
datasets and extracting parameters of T-S fuzzy system for modelling Box and Jenkins gas furnace
data set. CPFOA can find parameters having a very high quality compared with the best known
competitive algorithms.
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39 1. Introduction

40 Over the last few decades, researchers have started adapting knowledge from natural
41  phenomena for the development of optimization techniques. The main concepts of the aptly named
42 sources mature-inspired algorithms' have been observed within successful biological systems.
43 Accordingly, most nature-inspired algorithms are biologically inspired, or bio-inspired, and mimic
44 specific behavior in nature. Examples of such popular nature-inspired algorithms include the
45  particle swarm optimization algorithm (PSO) [1], which was inspired by the social behavior of
46  flocking birds, or schooling fish; the ant colony optimization algorithm (ACO) [2], which mimics an
47  antcolony's behavior in their search for food; the artificial bee colony algorithm (ABC) [3], motivated
48 Dby the intelligent behavior of a honey bee swarm; the cuckoo search algorithm (CS) [4], inspired by
49  the parasitic bio-interactions of a cuckoo species that lays their eggs in the nests of other host birds;
50  and the bat-inspired algorithm (BA) [5], which was inspired by the echolocation behavior of bats, to
51  namebut a few. However, each nature-inspired algorithm has different capabilities when it comes to
52 finding solutions, which depend on the personal ability of the living things in nature. Developing a
53 successful, modern nature-inspired algorithm is a challenging task, even today, as there is no one
54  particular nature-inspired algorithm capable of solving every scientific problem. Hence the
55  continual development of a new algorithm is required. As can be seen the details and the broadly
56  classified the nature-inspired algorithms, which presented the development of algorithms into the
57  current modern literatures [6,7].

58 In 2011, a swarm intelligence method-based stochastic optimization technique namely the fruit
59  fly optimization algorithm (FOA) was proposed by Pan [8]. It is based upon the foraging behavior of
60  fruit flies. FOA is very user-friendly because of its simplicity and shortness. FOA can be easily
61  understood by most researchers in this field. This also means that it can be easily implemented into
62  program code, when compared with other well-known algorithms such as differential evolution
63 (DE) [9], genetic algorithm (GA) [10] and particle swarm optimization (PSO). The FOA has achieved
64  success in several applications; including research into optimization problems [11-14], neural
65  network parameters optimization [15-17], swarm techniques for mini autonomous surface vehicles
66  (ASVs) [18], identification of dynamic protein complexes based on fruit fly optimization algorithm
67  [19], support vector regression with fruit fly optimization algorithm for seasonal electricity
68  consumption forecasting [20], efficient truss optimization using the contrast-based fruit fly
69  optimization algorithm [21] and improved fruit fly optimization algorithm for application to
70 structural engineering design optimization problems [22,23], a prediction model for China
71 agricultural output value based on the optimization of neural network [24], and a novel phase
72 angle-encoded fruit fly optimization algorithm with mutation adaptation mechanism applied to
73 UAV path planning [25].

74 Pan’s FOA has a good structure and mechanism for the solution finding of optimization
75  problems. However, the algorithm is prone to trapping into a local extreme and premature
76  convergence, since FOA generates new fruit flies swarm around the current best solution by using
77  random uniform distribution with a fixed radius. Especially when FOA deals with
78  multi-dimensional and complex optimization problems.

79 The drawback caused by the fixed radius updating has encouraged many researches effort into
80  various dynamic radius updating techniques to improve the FOA, e.g., an improved fruit fly
81  optimization algorithm for solving optimization problems (LGMS-FOA) [11], an improved fruit fly
82  optimization algorithm for continuous function optimization problems (IFFO) [12], a novel
83  multi-swarm fruit fly optimization algorithm (MFOA) [14], a novel multi-scale cooperative mutation
84  fruit fly optimization algorithm (MSFOA) [26], and a novel fruit fly optimization algorithm with
85  trend search and co-evolution (CEFOA) [27].

86 There is one remaining imperfection that is caused by the single leader usage, although the
87  FOA variants showed that the dynamic radius updating can improve the quality of the produced
88  solutions. The single leader usage makes FOA to lack of diversity when the search process has to
89  deal with a multi-dimensional or a complex optimization problem. In this paper, we proposed a
90  novel FOA that uses a multileader instead a single leader and the probabilistic random walk radius
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91  updating instead of random uniform dynamic radius updating (CPFOA). The details of proposed
92  CPFOA are described as in section 3.

93 The remaining of the paper are as follows: Section 2 presents the FOA; Section 3 presents the
94 strategies for CPFOA construction, the multileader, and the probabilistic random walk strategies;
95  Section 4 explains the evaluation process of algorithms and settings; Section 5 shows the
96  experimental results and discussion; Section 6 shows two applications of CPFOA; and lastly, Section
97 7 concludes the paper.

98 2. The Fruit Fly Optimization Algorithm

99 The drosophila optimized algorithm or fruit fly optimization algorithm (FOA) was developed

100 in 2011 by Pan [8]. FOA determines global optimization based on the foraging behavior of fruit flies.
101  Compared to other species, the fruit fly possesses a keener sense of smell and sight in the search for
102 their food. Their drosophila olfactory organ can detect a food source as far as 40 kilometers away,
103 which triggers a flight reaction toward the target location. For the intelligent sense of fruit flies, the
104  novel FOA optimization algorithm is inspired and established through the simple behavior of fruit
105 flies” search for food.
106 The FOA’s process is similar to as with the other swarm optimization algorithms. The first
107  phase of the fruit flies’ quest for food is initiated with a random uniform distribution [6,28-32], with
108  no specific position or direction. In the second phase, the fruit fly with the best sense of smell or the
109 best fitness from the first phase within the group is determined. The fruit fly with the best sense of
110 smell is used to be a center for generating the new populations in the next generation. Figure 1
111 illustrates the pattern of the fruit flies’ search for food. Figure 1 (Initial phase), X_axis® is the fruit
112 fly with the best sense of smell that is determined in current generation. In the latter generation, the
113 X_axis® is used to be the center for generating a new position of each individual fruit fly. The
114 computational steps of FOA method are summarized in Algorithm 1.

Initial phases Update phases

Figure 1. The simulation state of the FOA's single leader.
115
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Algorithm 1. The FOA algorithm

Step 1. Initialize FOA’s parameters: random location(X_axis,Y_axis), size of population(popsize),
and the maximum iteration(Max_iter).

Step 2. Give the random position and fly direction of an individual fruit fly in their search for food.

X; = X_axis +rand ()

Y; =Y_axis + rand ()

Step 3. Calculate the distance (Dist) to the food’s origin, as the exact position of the food’s location is
not known at this stage.
Dist; = /x? +y}
Step 4. Calculate the smell concentration judgment value (S;).
=1
' Dist;
Step 5. Calculate the fitness: the smell concentration judgment of the individual fruit fly, obtained
from Step 4, is calculated by substituting Si into the smell concentration judgment function (also
called fitness function), in order to find the optimal smell.
Smelli = objective function (S;)
Step 6. Determine the fruit fly with the optimal smell concentration judgment among the fruit fly
group.
[bestSmell, bestindex] = find_the_best (Smell)
Step 7. Keep the best (x, y) position and the optimal concentration value; and use this position as the
center of flying towards the next location (in step 2).
Smellbest = bestSmell

X_axis = X(bestIndex)

Y_axis = Y(bestIndex)
Step 8. Repeat steps 2-7 and determine whether the smell concentration is better than the previous
iterative smell concentration. If yes, go to step 7. The process will stop if either the smell
concentration no longer changes or the iterative number reaches the maximum iteration

number(Max_iter). The output are X_axis and Y_axis.

2.1. An Analysis of the Original FOA and the FOA Variants

2.1.1. Analysis of the Original FOA

There are problems of FOA that makes the algorithm unsuitable to deal with multi-dimensional
and complex optimization problems. The problems are investigated in [11,12,14,26,27,33,34] and are
briefly described as follows.

1. Problems regarding the smell value S;, in according to Step 4, cannot appropriately evaluate
the “objective function (S;)” when there are negative numbers in the domain because
S; =1/Dist; > 0 so that the function cannot determine S; as negative [11,14,33,34].

2. The fixing radius with random uniform distribution within the initial process limited the
convergence of FOA in procedure of the exploration and exploitation process [11,12,14,26,27].

d0i:10.20944/preprints201809.0495.v1
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135 2.1.2 Analysis of the FOA Variants

136 To overcome the disadvantages of the original FOA, researchers have developed continuously
137  new strategies to improve the FOA for solving high-dimensional function optimization problems.
138  Therecently proposed FOAs can be found in the two categories. The first category is defining each of
139 fruit flies through the random initial base point of X_axis,¥_axis and the positions of X; and Y;
140  as in the original FOA for updating the new generation of populations. The other functions, such as
141 smell value (S;) and the evaluating of the objective function (S;), are modified with including the
142 extra mechanisms. The second category is trying to solve these the problems by (i) omitting ¥, (ii)
143 defining each of fruit flies through X € R¥*?, where D is the number of decision variables (or
144 dimensions), and N is the population size, i.e., x; = (xl-l,xl,xz, ., XP ) € R?, and (iii) removing the
145  distance Dist; and smell concentration judgment function S;. The fitness value is now calculated
146 by substituting x; into the smell concentration judgment function with Smelli = objective_function
147  (x;). The position of the fruit fly having the minimal concentration value, X_axis, is the base point
148  for flying towards the next location. A brief summary of the two categories improved FOAs are as

149  follows.
150  The first category is as follow.

I51 e Babalik et al. [35] proposed an improvement in fruit fly optimization algorithm by using sign
152 parameters (SFOA). The algorithm presents the improvement method by using two sign
153 variables r and g vectors in order to determine a sign for each decision variable of fruit flies.

154 o CEFOA [27] proposed by Han et al. revealed that the simple structure of FOA limited the search

155 space and made the fruit flies to be trapped into a local minimum easily. To overcome the
156 drawback, the CEFOA used two mechanisms; the trend search strategy and the co-evolution
157 mechanism. The trend search enhances the local search capability of swarm. The co-evolution
158 mechanism is employed to avoid the premature convergence and to improve the global
159 searching ability. However, the key of the CEFOA is the multi-scales equation for updating fruit
160 fly swarm. To set the variable capacity of each fruit fly connecting with its food quality, the
161 CEFOA used the variance of the multi-level evolutionary operator. The search radius is
162 dynamically adjusted through X;(t) = X;(t—1) + LR x N(0,6;(t)) and Y;(t) =Y;(¢—1) +
163 LR XN (0, 8; (t)), where 8;(t) are the multi-scale factor of i-th fruit fly.

164  The second category is as follow.

165 o LGMS-FOA, proposed by Shan et al. [11], presented two parameters to tune up the search

166 radius by adding the weight parameter w when the radius is changed with respect to time. A
167 new fruit fly location is generated as x{ = X_axis? + w x rand[0,1), w = wy X a®, where
168 wo=1, a=0.95, t = iteration index, and X _axis is the best position obtained during
169 iterations.

170 e IFFO, proposed by Pan et al. [12], introduced a new control parameter to adjust the search

171 radius adaptively. The search radius is dynamically changed during iterations through 4 =
172 Anax X €XP08(Amin/ Amax) X t/tmax), Where 4 is the radius variants in each iteration, 4,,,, =
173 (UB—LB)/2, UB is the upper bound and LB is the lower bound of domain problems,
174 Amin = 1075, t is the iteration index and t,,,, is the maximum iteration number (Max_iter).

175 o MFOA, proposed by Yuan et al. [14], presented a multi-swarm fruit fly that employed

176 sub-swarm to explore the solutions in the search space simultaneously. Moreover, MFOA
177 shrinks the search radius through R(t) = (UB — LB/2) X (Gpax — G/Gmax)?, where t is the
178 iteration index, UB is the upper bound, LB is the lower bound, G is the number of
179 sub-swarms and G,,,4, is the maximum number of sub-swarms.

180 e MSFOA, proposed by Zhang et al. [26], presented a strategy to analyze the convergence and
181 showed that the convergence depends on the initial positions of swarms. MSFOA used the
182 Gaussian mutation operator rather than the uniform random number (as can be seen the more
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183 details in [26]). For a fruit fly flying, MSFOA used a linear generation mechanism, through the
184 equation of xi; = X} + @ X rand(R,un, Rinax), Where @ = wg X a', wg=1,a=0.95, t is
185 current iteration, w is the search coefficient, a is the initial weight and R, Rinmax are
186 obtained from the domain boundary of the problem.
187 To recap, the improved FOAs such as SFOA, CEFOA, LGMS-FOA, IFFO, MFOA and MSFOA

188  were proposed strategies to enhance the search ability. The search radius was a main tackle point in
189  several proposed. However, only the dynamical mechanism of the search radius itself might not
190  enough efficient for overwhelming the lacking of diversity and premature convergence because
191  these FOA variants still used only one leader as the flying base point. The single leader strategy
192 might affect to FOA in to be trapped in a local optimum easily when to optimize a multi-dimensional
193 optimization problem. In this paper, the proposed CPFOA comprises of two strategies. The first
194  strategy focuses on the enhancement of search ability based on the multileader fruit fly. The latter is
195  a probabilistic dynamic search radius with adaptive normalization. These two mechanisms are
196  different from the existing FOA variants. The details of proposed CPFOA are presented in the next
197  section.

198 3. The Proposed CPFOA

199 This section presents a cooperation of multileader fruit flies and a probability search of random
200  walk for FOA to solve the unconstrained optimization problems (CPFOA). The CPFOA consists of
201 (i) the cooperation strategies called the multileader, and (ii) the probabilistic search by a random
202  walk. The multileader strategy used a main leader and several other leaders as the flying bases. The
203  probabilistic search by a random walk changes the search radius for controlling the search spaces of
204  the main leader.

205  3.1. Multileader Strategy

206 Contrary to FOA that uses a single leader fruit fly, the CPFOA uses multileader fruit flies.
207  Suppose that there is a swarm of fruit fly X € RVN*?, where D is the number of decision variables (or
208  dimensions), and N is the number of fruit flies, i.e., x; = (x},x%,x2,...,xP) € RP. The multileader
209  strategy generating has four computational steps as follow.

210 Step 1. Sort X in ascending order, based on the individual fitness values, to be
X={X,X; ... Xy }. (1)
211 Step 2. Divide X into M disjoint sub-swarms as Equation (2).
X ={i %, or X Ju {X%H,X%“, orXa Ju.u {X(M;)NH, Xorzn, o Ko ] @
212 where M is the total number of sub-swarms (aka the number of leaders).
213 Step 3. Compute leader, ..., leader;, by Equation (3).
" ®)
leader: =MZX-_ Jj = 1,2,...,ﬁ,d =1,..,D
JaT N - G=DN1a J M
214 Step 4. Generate M new fruit flies based on leader;, ..., leadery; by Equation (4).
M_C; = — Xgis ® leader; x rand[0,1), j =13, % @)
215 where  is the Hadamard product.
216 The multileader strategy generates M new fruit flies from M leaders. These fruit flies are

217  generated from the shared information and might result in the improvement of the search ability.
218  Moreover, CPFOA controls the shrinking of search radius (8), in step 4, through the probability of
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219 Ps. There are two types of radius; the normal scope (Ny.op.) and high scope (Hy.ope). The generation
220  of B iscontrolled by Ps as follow:

g = {Nswpe, if Ps>0.1 (5)
"~ Hgeoper  Otherwise
Ps =t/Max_iter 6)

221 where Max_iter is the maximum number of iteration, ¢ is the iteration index and 0 <t < Max_iter.
Nyeope = max(UB) + min(UB) @)

222 where Ub =upper-bound, Lb =lower-bound of domain search problems.
Hscope = max(Xgxis) + min(Xgys) 8)

223

224 Base on Equation (6), the radius of fruit fly search is probabilistically large if Ps is a small value
225  (or tis at the early phase of the optimization). Otherwise, it is probabilistically a small value if the
226  iteration is in the latter phase of the optimization.

227  3.2. Probabilistic Search StrateQy Based on Random Walk

228 As mentioned in the section 2.1.1, FOA uses the random uniform distribution with a fixed
229  radius of search. In this paper, CPFOA will employ a random walk generation which is inspired
230  from the ant lion optimizer [36], and a probabilistic control of the search radius. The random walk is
231  a process of mathematical equation which can provide the series of consecutive random steps
232 [37,38].

233 The value generated from a random walk at time #>0 is done by a recursive formula as follow:
R" = Rn1 + x™ (9)
234  where x™ is a random value extracted from a random number generator, and R° = 0.

235 Equation (9) shows that the changing state of R™ is attached to previous state of R"* and
236  every step obtained from current iteration to the next iteration. The details of random walk in
237  CPFOA strategy can be described in this section.

238 1. The fruit fly with the best fitness (X_axis) is determined after the first generation of evaluation.
239  X_axis is used to be a center for update the N-M candidate solutions in the next generations.

240 2. For the updating step, CPFOA uses the random walk to generate N-M individual fruit flies. The
241  characteristics of the populations of random walk movements are described as:

XRt = XR™1 4 pxt (10)

242 where p is a function that controls the direction of fruit fly in any changing step and XR° = 0.
243 In the proposed CPFOA, p is either -1 or 1 and is determined as

p=2rt—1 (11)
ot {1, if rand > 0.5 (12)
— o, otherwise

244 where t denotes the iteration that came to a halt, r(t) is a stochastic function and rand is a
245  random uniform point in [0, 1). In order to match the values generated from Eq. (10) with the
246  boundaries of the problem and, furthermore, to make the search process to transit from the

247  exploration phase to the exploitation phase smoothly, Eq. (10) is adaptively normalized as follow:
XRf, —a') x (dt =t 13
P_XRfd=( fa = @) X )+ct,i=1,...,N,d=1,...,D (13

3 bt — at

248  where a is the minimum of {XR® ..,XR'}, b is the maximum of {XR® ..,XR'}, ¢ and d is the
249  minimum and maximum radius at #-th iteration to control the scope of search space during in the
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250  optimization steps, respectively. The value of ¢ and d are determined through the changing values
251  of L asfollows:

ot = {X_axist + LBY, if rand < 0.5 (14)
X _axist — LB, otherwise '
gt = {X_axist + UB?Y, if rand < 0.5 (15)
X _axist — UBt,  otherwise
252  where
LBt (16)
LBt = —
L
UBt 17
UBt = T ( )

253 L is a special constant parameter determined from the probability of Ps variable. The parameter of
254 L and Ps can calculate as follow:

Ps =t/Max_iter (18)
255 where t is the current iteration, Max_iter is the maximum number of iterations, and L = Ps x 10?
256  when Ps > 0.25, L = Ps X 103 when Ps > 0.5, L = Ps x 10* when Ps > 0.75, L = Ps x 105, when
257 Ps>08, and L = Ps x 10°, when Ps > 0.9. In the proposed CPFOA, the constant L is used to
258  adjust the accuracy level of exploitation.
259 The Equation (14) through Equation (18) performs the probabilistic control of the search radius
260  for CPFOA, which is different from the mechanism in FOA variants. Figure 2 shows the simulation
261  state of the cooperation of FOA’s leader and CPFOA’s co-leaders. Figure 3 (a) shows a graph of
262  search radius generated during CPFOA is optimizing “Exponential function” (fl in Table 1), and
263  Figure 3 (b) shows the example graph of the search radius generated by IFFO. We have observed
264  that the search radiuses in the two figures are very different. The behavior of the search radius in
265  CPFOA is very similar to that of the chaotic gravitational constants in the gravitational search
266  algorithm (GSA) [39]. This kind of behavior should help CPFOA in transiting from exploration stage
267  to exploitation smoothly.
268
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Figure 2. The simulation state of the cooperation of FOA’s leader and CPFOA's co-leaders.
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Figure 3. A graph of search radius generated from function Exponential, (a) is generated by CPFOA and (b) is
the example graph of dynamic search radius generated by IFFO.
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293 3.3. The Proposed CPFOA

294 The structure of CPFOA is similar to that of the IFFO in that the function Dist; and the smell
295  concentration judgment value (S;) are eliminated. The pseudo code of CPFOA is presented in
296  Algorithm 2.

Algorithm 2. CPFOA

Input:
popsize, Max_iter, Lb, Ub, dim, benchmark function (Smell)
Output: X_axis(Max_iter), bestSmell(Max_iter)

1: Initial random position of an individual fruit fly (X;)

2: Compute S = {Smell(X?)},i =1,...,N

3: bestindex(0) = ArgMin(S,{1,...,N})

4. bestSmell(0) = S(0)pestindex(o)

5 X_axis(0) = X(0)pestindex(o)

6: fort=1to Max_iter do

7 Generate N-M fruit flies (called P_XR") based on X_axis using random walk by the

Equation (13)

8: Sort X based on S
Generate M leaders by the Equation (3)
10: Generate M cooperative fruit flies based on M leaders (called M_candidate®) by the
Equation (4)
11: X' = M_candidate® U P_XR"
12: Compute S ={Smell(X))|i=1,..,N}
13: bestindex(t) = ArgMin(S,{1,...,N})
14: bestSmell(t) = S(O)pestimaex(t)
15: X_axis(t) = X(Opestindex(t)
16: If bestSmell(t) > bestSmell(t — 1)
17: bestSmell(t) = bestSmell(t — 1)
18: X_axis(t) = X_axis(t — 1)
19: End If
20:  end for
Note: ArgMin(f,X) gives a position X,,;, at which fis minimized.
297
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299
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306 Table 1. The 18 standard benchmark functions (f1-f10 are the uni-modal, f11-f18 are the multi-modal functions).

No. Function Xi fx)
f1 f(x) = —exp(=0.537, x7) 1,1 -1
2 F(x) = ¥, ix* +rand(0,1) (-128,128) 0
J&; fO) =TTy x)? (-100,100) 0
f4 f(x) = max(|x;|) (~100, 100) 0
o f) =X lx| + T %] (10, 10) 0
fé f(x) =X, x? (-100,100) 0
17 fO) =Xkl -1,1) 0
f8 fl) =Xk, ix? (-10, 10) 0
f f(x) = XL, x7-450 (-100,100)  -450
flo ) =T (Xj=1%)*-450 (-100,100)  -450
Al —exp(—0.2 % n, xiz)—ZOexp(%Z?=2 cos(2mx?)) (=32,32) 0
f12 f) = Xiqlxsin(x) + 0.1x;] (-10, 10) 0
f13 0 @)= — Ty cos(D +1 (~600,600) 0
fi4 f)=-3, exp(—795"2er"z’“1;0'59“%"“)cos(4\/xi2 +x2 1 +0.5x;%;44) (=59) (1-n

nn+4)(1-n)

f15 ) =X, — 1)? - Die1 XiXiq (-n%, n?) 6

f16 N sin?( /100xi2+xi2+1—0.5) (=100, 100) 0
fo = 2i=1(0'5 + 140.01(X7—2X;X;41+X} )

i+1)

f17 () =", (x? — 10cos(2mx;) + 10) (-5.12,512) 0

8 -100, 100 0
fl f(x)=1-cos2n(_|X,x% ) +0.1 [ %%, ( )
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316 Table 2. Summary of the CEC’17 benchmark test functions (search range = [-100, 100], dimension = 50 and 100).

Function Type Function Name Optimum
fl Uni-modal Shifted and Rotated Bent Cigar Function 100
2 Uni-modal Shifted and Rotated Sum of Different Power Function 200
3 Uni-modal Shifted and Rotated Zakharov Function 300
f4 Simple multi-modal Shifted and Rotated Rosenbrock’s Function 400
il Simple multi-modal Shifted and Rotated Rastrigin’s Function 500
fo Simple multi-modal Shifted and Rotated Expanded Scaffer’s F6 Function 600
7 Simple multi-modal Shifted and Rotated Lunacek Bi_Rastrigin Function 700
b Simple multi-modal Shifted and Rotated Non-Continuous Rastrigin’s Function 800
o Simple multi-modal Shifted and Rotated Levy Function 900

f10 Simple multi-modal Shifted and Rotated Schwefel’s Function 1000
fl1 Hybrid Functions Hybrid Function 1 (N=3) 1100
fl12 Hybrid Functions Hybrid Function 2 (N=3) 1200
f13 Hybrid Functions Hybrid Function 3 (N=3) 1300
fl4 Hybrid Functions Hybrid Function 4 (N=4) 1400
f15 Hybrid Functions Hybrid Function 5 (N=4) 1500
fl6 Hybrid Functions Hybrid Function 6 (N=4) 1600
f17 Hybrid Functions Hybrid Function 6 (N=5) 1700
f18 Hybrid Functions Hybrid Function 6 (N=5) 1800
f19 Hybrid Functions Hybrid Function 6 (N=5) 1900
120 Hybrid Functions Hybrid Function 6 (N=6) 2000
21 Composition Functions Composition Function 1 (N=3) 2100
f22 Composition Functions Composition Function 2 (N=3) 2200
123 Composition Functions Composition Function 3 (N=4) 2300
24 Composition Functions Composition Function 4 (N=4) 2400
125 Composition Functions Composition Function 5 (N=5) 2500
126 Composition Functions Composition Function 6 (N=5) 2600
27 Composition Functions Composition Function 7 (N=6) 2700
128 Composition Functions Composition Function 8 (N=6) 2800
129 Composition Functions Composition Function 9 (N=3) 2900
30 Composition Functions Composition Function 10 (N=3) 3000
317
318

319
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320 Table 3. The initial parameters of the FOA variants.

Algorithm  Strategy Reference

FOA A new Fruit Fly Optimization Algorithm: Taking the financial distress Pan [40]
model as an example

LGMS LGMS-FOA: An Improved Fruit Fly Optimization Algorithm for Solving Shan [11]
Optimization Problems

IFFO An improved fruit fly optimization algorithm for continuous function Pan [12]
optimization problems

MFOA On a novel multi-swarm fruit fly optimization algorithm and its Yuan [14]
application

MSFOA A novel multi-scale cooperative mutation fruit fly optimization algorithm Zhang [26]

CEFOA Novel fruit fly optimization algorithm with trend search and co-evolution Han [27]

321 Table 4. The initial parameters of the six meta-heuristic algorithms.

Algorithm Strategy Reference

PSO Particle swarm optimization Kennedy [1]

DE Differential Evolution — A Simple and Efficient Heuristic for global Storn [9]
Optimization over Continuous Spaces

GSA GSA: A Gravitational Search Algorithm Rashedi [41]

HS A new meta-heuristic algorithm for continuous engineering Lee [42]

optimization: harmony search theory and practice
BA A New Metaheuristic Bat-Inspired Algorithm Yang [5]
FA A comprehensive review of firefly algorithms Fister [43]

322 Table 5. The initial parameters of six modified meta-heuristic algorithms.

Algorithm Strategy Reference
BLPSO Biogeography-based learning particle swarm optimization Chen [44]
CLPSO Comprehensive learning particle swarm optimizer for global Liang [45]

optimization of multimodal functions

CoDE Differential Evolution With Composite Trial Vector Generation Wang [46]

Strategies and Control Parameters

MGWO A Modified Mean Gray Wolf Optimization Singh [47]
JADE JADE: Adaptive Differential Evolution With Optional External Archive Zhang [48]
MFPA A Modified Flower Pollination Algorithm for Global Optimization Nabil [49]

323

324

325

326
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327 4. The Experiments and Evaluations

328 There are three groups of competitive algorithms. The first group, shown in Table 3, is the FOA
329  variants including FOA, LGMS, IFFO, MFOA, MSFOA, and CEFOA. The second group, shown in
330  Table 4, comprise of CEFOA and six meta-heuristic algorithms; PSO, DE, GSA, HS, BA, and FA. The
331  third group, shown in Table 5, comprise of CEFOA and six other meta-heuristic algorithms; BLPSO,
332 CLPSO, CoDE, JADE, MGWO, and MFPA.

333 The performances of the proposed algorithm and that of the competitive algorithms are
334  evaluated through two groups of benchmark functions; 18 scalable functions taken from [27] and 30
335  complex functions taken from CEC'2017 [50]. The definition of the functions in the first group and
336  their global optima are listed in Table 1; f1 - f10 are the uni-modal functions, and f11 - f18 are the
337  multi-modal functions. Table 2 showed the details of CEC’2017 functions; f1 - f3 are the uni-modal
338  functions, f4 - f10 are the simple multi-modal functions, f11 - 20 are the hybrid functions and f21 - 30
339  are the composite functions, respectively. The CEC’ 2017 benchmark functions are very challenging
340  asthey are harder than that from the first problems set.

341 The experimental environment is MATLAB 9.2.0 (R2017a) that ran on a personal computer with
342  a3.2 GHz CPU, 8 GB RAM. The operating system is Microsoft Windows 7 operating system (64-bit).

343 4.1 Parameters and Settings

344 There are three experiments, each of which is as follows.

345 1. The first experiment, the proposed CPFOA is compared with the competitive algorithms from
346  the first group, i.e., CPFOA and the FOA variants are competing. The comparison is conducted on
347 the 18 scalable functions taken from [27]. The dimension of each problem is set to three values; 30, 50,
348  and 1000.

349 2. The second experiment, the proposed CPFOA is compared with the competitive algorithms
350  from the second group, i.e., CPFOA and the original version of some state-of-the-art algorithms are
351  competing. The comparison is based on the 18 scalable functions taken from [27]. The dimension of
352  each problem is set as of the first experiment.

353 3. The third experiment, the proposed CPFOA is compared with the competitive algorithms from
354  the third group, ie, CPFOA and more recent challenging algorithms are competing. The
355 comparison is conducted on 30 scalable functions taken from CEC’2017 [50]. The dimension of each
356  problem is set to two values; 50 and 100.

357 The following settings are set to comply with that of the existing CEFOA; the maximum
358  iteration (Max_iter) of each algorithm is fixed to 500, the population sizes (popsize) is 30, and the
359  average (ave) and the standard deviations (std) of the final objective values are computed from 50
360  replications. The other parameters of each competitive algorithm are set in accordance with their

361 original literature, which are listed in Table 3, Table 4 and Table 5.

362
363
364
365
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366
367 4.2 Performance Criteria
368 The criteria for performance evaluation of the competing algorithms are the quality, the

369 robustness, the success rate, and the statistical test, where each of which is as follow.

370 1. The quality of algorithms is determined by the average value (ave) and standard deviation (std)
371  of the final objective values. A lower value is better. Moreover, the decision can be supported by the
372 convergence graph.

373 2. The robustness of algorithm is presented by the boxplot diagram. The narrow box plot
374  represents a better distribution of final solution produced from algorithm.

375 3. The success rate (SR) determines by the number of successful runs over the total number of
376  runs. A run is a successful run if the algorithm finds a feasible solution x, represented by f(x) —
377  f(x*) < 1le — 10, within the maximum number of function calls (the terminated condition of each
378 run(Maxypg)), where x is a feasible optimal solution of the function, and x* is the best known
379  solution of a specific problem f. A higher average SR,,. indicates a better performance. The average
380  success rate (SR,,,) is written as:

number of successful runs 19)

SR =
ave total number of runs

381 4. Statistical test, to investigate the significant of difference between CPFOA’s outcome and the
382  competitive algorithm’s outcome, the Wilcoxon signed rank test with the significance level of 0.05
383  is conducted to judge whether the 50 runs of CPFOA are statistically better than that of another
384  competitor. The h values signifying the results of the Rank-sum test are indicated in Table 6 — 13 by

e

385  one of three symbols; “+”, or “=". Where the “+” symbol means that the solutions produced by

“u_rr

386  the competitive algorithm are better than, the symbol means the outcomes of the competitive

"y

387  algorithm are comparable to or similar to, and the symbol means that the outcomes of the

388  competitive algorithm are worse than those of CPFOA. To conclude the statistical test, the total & is
389 represented as #1/#2/#3, where #1, #2, and #3 represents the number of wins, ties, and loss for the
390  algorithm, respectively.

391 5. Results and Discussion

392 5.1 Convergence Behavior of CPFOA

393 This section will provide consistent information about the convergence behavior of CPFOA
394  when the problem has an unknown number of local optima. The contours of the Egg holder function
395  [51] and Schaffer function [52] are plotted in Figure 4 and Figure 5, respectively. In addition, the
396  artificial fruit flies, appeared at several iterations, are also scattered in the different plots of the two
397  functions. The optimal points of the two functions are located at near the top right corner, and at the
398  origin, respectively. The starting points are far from the optimal points. We have observed from
399  Figure 4 and Figure 5 that CPFOA has the capability of successfully optimizing the multimodal
400  functions without trapping in local optima. The experiment has been repeated for 50 runs and every
401  run reaches the optimal point. Now we can conclude that CPFOA has a balance between
402  diversification (diversification) and intensification (exploitation), since it has not trapped in local

403  optima.
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Figure 4. Convergence behavior of CPFOA on Egg holder function.
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Figure 5. Convergence behavior of CPFOA on Schaffer function.

411
412
413
414
415
416
417
418
419
420
421
422
423


http://dx.doi.org/10.20944/preprints201809.0495.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 26 September 2018 d0i:10.20944/preprints201809.0495.v1

18 of 55

424 5.2 Computational Time of CPFOA

425 Optimization problem should be solved in short time. Therefore, a good meta-heuristic
426  optimization should have a short computational time. Figure 6 shows the average computational
427  time consumed by eights algorithms when they optimized 18 of the scalable functions taken from
428  [27]. From the figure, we found that CPFOA consumes quite short computational time compared to
429  the other algorithms, especially when the dimension of problem is 1000. Therefore, CPFOA can be
430  used effectively in optimizing a large scale problem.
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Figure 6. Comparison of the average computational time from 50 runs based on 18 benchmark functions (500

iterations).
431 5.3 The First Experiment: Compare CPFOA to Six FOA Variants

432 The average (ave) and standard deviation (std) of the final objective values as well as h and SR
433 values produced by seven algorithms performing 18 benchmark functions with the dimension of
434 30,50 and 1000 are shown in Table 6, 7, and 8, respectively. The algorithms having the lowest ave or
435  the lowest std in any case are highlighted in boldface. To conclude the table, the totals of i and

436  average of SR values are shown in the last rows.

437 As can be seen from Table 6 and Table 7, CPFOA shows excellent performance with the total of
438  his of 11/6/1; for the uni-modal functions f1- f10, it has 5 wins, 4 ties, and 1 loss, for the multi-modal
439  functions f11-f18, it has 6 wins, 2 ties, and 0 loss. Moreover, from the last row of Table 6 and 7,
440  CPFOA has the highest the average SR value (0.94).
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441 For the large scale problem, the results are shown in Table 8. CPFOA still shows a very good
442 performance with the total of & is of 9/8/1; for the uni-modal functions f1- f10, it has 3 wins, 5 ties, and
443 1 loss, for the multi-modal functions f11-f18, it has 6 wins, 3 ties, and 0 loss. In addition, from the last
444  row of Table 8, CPFOA has the highest the average SR value (0.83).

445 To confirm the efficiency of the CPFOA, the convergence graphs of all seven algorithms when
446  they are optimizing 18 benchmark test functions with dimension = 1000 are shown in Figure 7,
447  where the red lines are the convergence graph of CPFOA. The graph is plotted in the log-log scale,
448  where the x-axis is the number of iterations, and the y-axis is the average fitness values obtained at
449  the corresponding iterations from the algorithms. From the graphs, CPFOA can reach the best

450  solution faster than the other six FOA variants.

451 The box plots can reveal the distribution of final objective values produced by the algorithms.
452  Figure 8 (a) is generated from f4, f5 (dimension = 30) and Figure 8 (b) is generated from f4, f5
453 (dimension = 50), Figure 8 (c) is generated from f4, f5 (dimension = 1000). These box plots reveal that
454  CPFOA is very robust to the increment of problem dimension as its final objective values
455  distribution is very narrow when the problem dimension increases.

456
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Table 6. Solution quality comparisons of the CPFOA and variant FOAs performing 18 benchmark functions
(Dimension = 30). The / values signify the results of the Rank-sum test. The total / is represented as #1/#2/#3,
where #1, #2, and #3 represents the number of wins, ties, and loss for the algorithm, respectively. The SR is the

success rate. For each function, the lowest of ave and std values, and the highest of SR value are highlighted with

the boldfaces.
Function  Criteria FOA LGMS IFFO MFOA MSFOA CEFOA  CPFOA
ave -328E-3 4.56-E-2 1- -1.86E1 -1 -1 -1
f std 1.65E-3  1.39E-2 1.85E-5 1.62E-9 1.62E-16 0.00 0.00
SR 0 0 1 0 1 1 1
h - - - - - = NA
ave 3.00E2  3.39E1 3.14E-3 3.36E-3 1.08E-1 1.02E-4  1.00E-3
std 8.92E1 6.99E1 1.84E-3 1.90E-3 3.25E-2 1.98E-4 9.21E4
2 SR 0 0 0 0 0 0 0
h - - - - - + NA
ave 242E5  143E3 2.32E1 3.15E-2 4.60E3 7.29E-14  0.00
std 147E5  3.87E2 3.07E1 2.19E-2 3.48E3 1.98E-12  0.00
3
SR 0 0 0 0 0 1 1
h - - - - - - NA
ave 9.55E1 1.01E1 1.48E-1 2.14E-3 1.64E1 1.98E-9  0.00
std 451E1 8.10E-2 1.14E-1 1.11E-3 6.42E1 3.46E-8  0.00
A SR 0 0 0 0 0 0 1
h - - - - NA
ave 1.34E3  1.29E1 1.21E1 4.38E-2 1.53E1 2.67E-9  0.00
std 191E2  1.53E1 6.26E-1 2.64E-2 2.49E1 1.06E-6  0.00
5
SR 0 0 0 0 0 0 1
h NA
ave 9.82E4  7.88E1 4.70E-1 1.09E-4 1.13E-17 1.95E-12  0.00
std 1.56E4  1.27E1 5.35E-1 1.22E-4 2.20E-18 2.08E-10  0.00
% SR 0 0 0 0 1 1 1
h NA
ave 2.54 3.00E-27 3.59E-45 8.64E-40 0.00 1.45E-12  0.00
std 5.68 1.64E-26 1.97E-44 1.93E-46 0.00 1.94E-11  0.00
17
SR 0 0 1 0 1 1 1
h - - - - - - NA
ave 298E3  9.09E1 1.08E-2 2.52E-6 3.45E1 0.00 0.00
std 6.20E2  8.95E1 1.20E-2 2.38E-6 5.75E1 0.00 0.00
8
SR 0 0 0 0 0 1 1
h - - - - - = NA
ave 9.03E4  -4.42E2 -4 49E2 -4.40E2 -4.50E2 -450E2  -4.50E2
std 2.33E4  1.31El 3.78E-1 1.78E-4 8.18E-14 0.00 0.00
P SR 0 0 0 0 0 1 1

h - - - - - - NA
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110 ave 456E5  8.79E2 -4.48E2 -4 45E2 4.93E3 -450E2  -4.50E2
std 396E5  4.90E2 4.37E1 2.89E-2 3.44E3 0.00 0.00
SR 0 0 0 0 0 1 1
h - - - - - = NA
ave 2.05E1 3.46E1 1.80E-1 143 2.76E1 1.60E-10  8.88E-16
std 1.84E-1 1.33E-1 1.34E-1 1.96 4.60E1 4.01E-10 0
M SR 0 0 0 0 0 1 1
h - - - - - - NA
ave 6.96E1 6.78E1 1.56E-2 1.21 7.64E1 9.15E-14  0.00
std 1.20E1 6.26E-1 1.15E-2 2.70 2.92E1 1.55E-12  0.00
2 SR 0 0 0 0 0 1 1
h - - - - - - NA
ave 8.51E2 1.01E1 2.27E-1 1.52E-4 1.09E-02 8.89E-16  0.00
std 2.76E2 1.98E-2 2.57E-1 7 46E-5 1.29E-02 4.70E-15  0.00
/3 SR 0 0 0 0 0 1 1
h - - - - - - NA
ave -3.17 1.80-E1 2.13-E1 -2.14E1 -8.54E1 -2.73E1 -2.70E1
std 1.08 1.30E1 8.91E-1 2.82E-4 1.77E1 1.05 2.80E-2
T SR 0 0 0 0 0 1 1
h - - - - - - NA
ave 6.04E6  -5.18E2 5.30E1 3.06E1 3.19E4 -1.89E4  -3.12E3
std 7.89E5  8.13El 2.67E1 3.67E-1 2.82E4 3.60E3 5.79E1
i SR 0 0 0 0 0 0 1
h - - - - - NA
ave 1.33E1  8.40E1 9.12E-1 9.51E-7 1.23E1 0.00 0.00
std 426E-1 7.17E-1 2.71E-1 1.89E-6 3.84E-1 0.00 0.00
sie SR 0 0 0 0 0 1 1
h - - - - - = NA
ave 4.19E2  4.19E2 1.17E-1 1.05E2 1.33E2 1.46E-8  0.00
std 527E1  2.06E1 1.58E-1 1.31E2 3.90E1 447E-8  0.00
7 SR 0 0 0 0 0 0 1
h - - - - - - NA
ave 3.72 6.60E-2 1.81E-4 9.99E-2 6.48E-14 0.00 0.00
std 3.90 4.97E-2 2.55E-4 3.45E-7 7.76E-14 0.00 0.00
118
SR 0 0 0 0 1 1 1
h - - - - - = NA
+ 0 0 0 0 0 1 11
total
- 18 18 18 18 18 11 1
" = 0 0 0 0 0 6 6
Average SR 0.00 0.00 0.11 0.00 0.22 0.72 0.94
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Table 7. Solution quality comparisons of the CPFOA and variant FOAs performing 18 benchmark functions
(Dimension = 50). The h values signify the results of the Rank-sum test. The total / is represented as #1/#2/#3,
where #1, #2, and #3 represents the number of wins, ties, and loss for the algorithm, respectively. The SR is the

success rate. For each function, the lowest of ave and std values, and the highest of SR value are highlighted with

the boldfaces.
Function  Criteria FOA LGMS IFFO MFOA MSFOA CEFOA CPFOA
ave -5.05E-4 4.17E-3 -1 -9.92E-1 -1 -1 -1
std 1.21E-4 2.44E-3 3.03E-5 3.18E-9 2.96E-8 0.00 0.00
fl
SR 0 0 1 0 1 1 1
h - - - - - = NA
ave 7.69E2 1.29E2 4.99E-03 3.80E-3 5.38E-1 9.52E-5 1.03E-3
std 1.09E2 1.76E1 3.39E-03 1.56E-3 1.88E-1 2.08E-4 8.76E-4
2
SR 0 0 0 0 0 0 0
h - - - - - + NA
ave 1.22E6 6.49E3 4.12E1 7.52E-2 5.06E4 1.02E-13 0.00
std 1.03E6 1.68E3 4.45E1 3.17E-2 1.89E4 2.10E-12 0.00
s
SR 0 0 0 0 0 1 1
h - - - - - - NA
ave 9.69E1 1.07E1 1.95E-1 1.26E-3 4.70E1 1.99E-9 0.00
std 2.37 7.91E-2 1.49E-1 2.08E-4 7.62E1 3.50E-8 0.00
f4
SR 0 0 0 0 0 0 1
h - - - - - - NA
ave 2.42E3 2.23E1 1.71E1 8.01E-2 1.64E2 1.97E-29 0.00
std 1.80E2 1.63E1 1.01E1 5.92E-2 6.57E1 1.01E-6 0.00
5
SR 0 0 0 0 0 1 1
h - - - - - - NA
ave 1.59E5 1.53E1 2.08E-1 1.32E-4 8.76E-5 1.02E-12 0.00
std 1.73E4 1.90E 2.58E-1 1.14E-4 4.37E-4 1.88E-10 0.00
fo
SR 0 0 0 0 1 1 1
h - - - - - - NA
ave 2.57E-1 5.19E-53 2.91E-22 4.98E-44 0.00 1.95E-12 0.00
std 4.33E-1 2.84E-52 2.00E21- 3.50E-43 0.00 1.48E-11 0.00
17
SR 0 1 1 0 1 1 1
h - - - - - - NA
ave 9.81E3 2.82E2 2.57E-2 1.38E-5 6.24E1 0.00 0.00
std 3.15E3 2.27E1 4.39E-2 1.09E-5 4.80E1 0.00 0.00
8
SR 0 0 0 0 0 1 1
h - - - - - = NA
ave 1.65E5 -4.46E2 -4.48E2 -4.45E2 -4.50E2 -4.50E2 -4.50E2
std 1.90E4 5.82E-1 2.23E 9.61E-5 1.88E-4 0.00 0.00
»
SR 0 0 0 0 1 1 1

h - - - - - - NA
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110 ave 3.51E6 -2.53E2 -2.60E1 -4.35E2 4.80E4 -4.50E2 -4.50E2
std 2.99E6 3.50E2 4.23E2 1.45E-1 1.64E4 0.00 0.00
SR 0 0 0 0 0 1 1
h - - - - - = NA
ave 2.06E1 3.53E1 1.19E-1 2.50E-3 1.15E1 1.69E-10 8.88E-16
std 1.68E-1 1.12E-1 1.17E-1 6.19E-4 7.12E1 2.13E-10 0.00
M SR 0 0 0 0 0 1 1
h - - - - - - NA
ave 1.29E2 1.21E1 1.93E-2 1.57E-3 2.03E1 1.05E-15 0.00
std 1.71E1 9.39E-1 1.83E-2 7.03E-4 5.40E1 1.95E-13 0.00
2 SR 0 0 0 0 0 1 1
h - - - - - - NA
ave 1.37E3 1.04E1 2.01E-1 2.47E-4 3.23E-2 1.09E-17 0.00
std 2.77E2 8.73E-3 2.05E-1 1.17E-4 1.55E-2 8.70E-14 0.00
/3 SR 0 0 0 0 0 1 1
h - - - - - - NA
ave -6.00 2.83-E1 3.38E1 -3.62E1 -1.27E1 -2.58E1 -4.45F1
std 1.80 1.41E1 1.15E1 3.77E-4 2.04E1 1.52 1.56
T SR 0 0 0 0 0 0 1
h - - - - - - NA
ave 8.73E7 1.03E3 3.90E8 5.47E1 9.22E5 -1.69E4 -8.60E3
std 2.00E7 5.99E2 5.16E8 2.60 447E5 2.64E3 2.02E2
f15
SR 0 0 0 0 0 0 1
h - - - - - - NA
ave 2.30E1 1.65E1 9.40E-1 1.12E-6 2.18E1 0.00 0.00
std 4.12E-1 9.15E-1 3.19E-1 1.38E-6 5.77E-1 0.00 0.00
sie SR 0 0 0 0 0 1 1
h - - - - - = NA
ave 7.63E2 9.15E2 1.92E-1 4.01E-5 1.47E4 1.06E-8 0.00
std 6.98E1 3.24E1 1.95E-1 3.32E-5 2.21E2 2.27E-8 0.00
17
SR 0 0 0 0 0 0 1
h - - - - - - NA
ave 2.14 3.53E-2 1.60E-4 9.99E-2 6.47E-14 0.00 0.00
std 3.72 4.68E-2 2.51E-4 2.09E-6 6.24E-14 0.00 0.00
A1 SR 0 0 0 0 1 1 1
h - - - - - = NA
+ 0 0 0 0 0 1 11
total
- 18 18 18 18 18 11 1
" = 0 0 0 0 0 6 6
Average SR 0.00 0.05 0.11 0.00 0.27 0.72 0.94

495
496
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497 Table 8. Solution quality comparisons of the CPFOA and variant FOAs performing 18 benchmark functions
498 (Dimension = 1000). The & values signify the results of the Rank-sum test. The total / is represented as #1/#2/#3,
499 where #1, #2, and #3 represents the number of wins, ties, and loss for the algorithm, respectively. The SR is the
500 success rate. For each function, the lowest of ave and std values, and the highest of SR value are highlighted with
501  the boldfaces.

Function  Criteria FOA LGMS IFFO MFOA MSFOA CEFOA CPFOA
ave -1.87E-35 7.20E-62 -1.00 -9.98E-6 -3.14E-54 -1 -1
std 4.74E-35 8.73E-62 1.62E-4 2.07E-06 8.37E-54 0.00 0.00
fl
SR 0 0 0 0 0 1 1
h - - - - - = NA
ave 4.01E5 7.36E4 2.21E-2 1.24E-2 1.60E5 0.00 2.53E-4
std 1.85E4 2.29E3 1.28E-2 4.92E-3 5.16E3 0.00 2.55E-4
2
SR 0 0 0 0 0 1 0
h - - - - - + NA
ave 1.24E9 7.01E7 4.96E2 5.33E3 3.26E7 0.00 0.00
std 1.16E9 3.02E6 7.53E2 4.70E3 9.74E6 0.00 0.00
s
SR 0 0 0 0 0 1 1
h - - - - - = NA
ave 9.99E1 1.36E1 1.49E-1 4.71E-3 9.71E1 1.80E-9 0.00
std 1.90E-1 1.47E-2 1.10E-1 1.91E-3 5.75E-1 1.06E-8 0.00
fA
SR 0 0 0 0 0 0 1
h - - - - - - NA
ave 4.98E4 5.02E2 1.12E1 4.45 4.13E3 0.00 0.00
std 8.52E2 1.01E1 8.06E1 3.26 6.01E1 0.00 0.00
5
SR 0 0 0 0 0 1 1
h - - - - - = NA
ave 3.35E6 3.67E2 2.34E1 1.98E-2 2.53E6 1.74E-12 0.00
std 7.07E4 8.96E1 3.61E1 2.50E-2 4.64E4 3.28E-10 0.00
fo
SR 0 0 0 0 0 1 1
h - - - - - - NA
ave 1.92 0.00 0.00 7.57E-1 0.00 1.15E-13 0.00
std 1.11 0.00 0.00 1.88E-5 0.00 1.72E-11 0.00
17
SR 0 1 1 0 1 1 1
h _ = = - = - NA
ave 4.46E6 1.41E5 2.97E1 3.66E-2 3.06E6 0.00 0.00
std 8.13E4 2.37E3 3.97E1 3.60E-2 7.01E4 0.00 0.00
8
SR 0 0 0 0 0 1 1
h - - - - - = NA
ave 3.35E6 -3.66E2 -4.48E2 -4.40E2 2.52E6 -4.50E2 -4.50E2
std 7.25E4 3.21E1 2.23E1 2.05E-2 5.85E4 0.00 0.00
»
SR 0 0 0 0 0 1 1

h - - - - - - NA
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110 ave 1.57E9 6.34E5 4.23E2 4.66E3 7.77E6 -4.50E2 -4.50E2
std 2.72E9 1.14E6 1.22E2 4.36E3 3.64E4 0.00 0.00
SR 0 0 0 0 0 1 1
h - - - - - = NA
ave 2.11E1 3.81E1 5.96E-2 2.86 2.07E1 7.64E-11 8.88E-16
std 2.71E-2 1.60E-2 5.02E-2 1.59 2.66E-2 2.00E-10 0.00
M SR 0 0 0 0 0 1 1
h - - - - - - NA
ave 2.93E3 3.06E2 2.00E-1 3.01E-2 2.18E3 1.15E-14 0.00
std 4.12E1 3.75E1 1.58E-1 1.41E-2 5.35E1 1.51E-12 0.00
2 SR 0 0 0 0 0 1 1
h - - - - - - NA
ave 2.96E4 1.81E1 1.76E-1 3.16E-3 2.26E4 2.09E-16 0.00
13 std 8.47E2 1.98E-2 2.08E-1 1.40E-3 4.17E2 3.79E-15 0.00
SR 0 0 0 0 0 1 1
h - - - - - - NA
ave -2.31E1 4.52E2 -5.29E2 -7.37E2 -1.11E2 -2.32E1 -9.23E2
std 3.91E1 8.21E1 6.83E 8.41E-3 1.29E1 1.05 6.45
T SR 0 0 0 0 0 0 0
h - - - - - - NA
ave 3.37E14 8.36E9 3.90E8 1.00E5 2.23E14 -1.29E4 -1.02E6
std 1.29E13 3.83E8 5.16E8 3.39E4 6.18E12 2.54E3 1.64E3
i SR 0 0 0 0 0 0 0
h - - - - - - NA
ave 4.89E2 4.63E2 3.25E1 3.86E-4 4.78E2 0.00 0.00
std 1.14E1 3.87E1 4.74E1 7.92E-4 4.52E1 0.00 0.00
sie SR 0 0 0 0 0 1 1
h - - - - - = NA
ave 1.79E4 1.02E4 1.39E1 7.96E2 1.47E4 1.14E-8 0.00
std 3.77E2 1.15E2 1.25E1 4.45E2 1.61E2 3.27E-8 0.00
17
SR 0 0 0 0 0 0 1
h - - - - - - NA
ave 3.93E1 4.05E-2 1.02E-4 9.99E-2 9.33E-14 0.00 0.00
std 3.99E1 4.73E-2 9.30E-5 1.88E-5 9.48E-14 0.00 0.00
A1 SR 0 0 0 0 0 1 1
h - - - - - = NA
+ 0 0 0 0 0 1 9
total
- 18 17 17 18 17 9 1
" = 0 1 1 0 1 8 8
Average SR 0.00 0.05 0.05 0.00 0.05 0.77 0.83

502
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Figure 8. Box plots of the optimal solutions which evaluated from standard benchmark function f4 and f5
(1=CPFOA, 2=CEFOA, 3=FOA, 4=LGMS, 5=IFFO, 6=MFOA, 7=MSFOA).

505 5.4 The Second Experiment: Comparison of the CPFOA and Meta-Heuristics Algorithms

506 This section presents a comparison of the CPFOA to the six meta-heuristics algorithms: PSO,
507  DE, GSA, HS, BA, FA and including CEFOA. The average (ave) and standard deviation (std) of the
508  final objective values as well as h and SR values produced by the competitive algorithms
509 performing 18 benchmark functions with the dimension of 30, 50 and 1000 are shown in Table 9, 10,
510  and 11, respectively. To conclude the table, the totals of i and average of SR values are shown in the
511  lastrows.

512 Table 9 and Table 10, CPFOA shows the best performance with the total of / is of 11/6/1; for
513 the uni-modal functions f1- f10, it has 5 wins, 4 ties, and 1 loss, for the multi-modal functions f11-f18,
514 it has 6 wins, 2 ties, and 0 loss. Moreover, from the last row of Table 9 and 10 CPFOA has the highest

515  the average SR value (0.94).

516 For the large scale problem set, the results are shown in Table 11. CPFOA still shows a very
517  promising performance with the total of & is of 9/8/1; for the uni-modal functions f1- f10, it has 3
518 wins, 6 ties, and 1 loss, for the multi-modal functions f11-f18, it has 6 wins, 2 ties, and 0 loss. In
519  addition, from the last row of Table 11, CPFOA has the highest the average SR value (0.83).

520
521
522
523
524
525
526
527
528
529
530
531
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Table 9. Solution quality comparisons of the CPFOA and the meta-heuristic algorithms performing 18
benchmark functions (Dimension = 30). The & values signify the results of the Rank-sum test. The total / is
represented as #1/#2/#3, where #1, #2, and #3 represents the number of wins, ties, and loss for the algorithm,
respectively. The SR is the success rate. For each function, the lowest of ave and std values, and the highest of SR

value are highlighted with the boldfaces.

Function  Criteria PSO DE GSA HS BA FA CEFOA CPFOA
ave -0.99 -1 -1 -9.83E-1 -1 -9.99E-1 -1 -1
std 3.75E-3  0.00 0.00 4.11E-3 1.51E-6 6.34E-4 0.00 0.00
A SR 0.03 0.73 1 0 1 0 1 1
h - = = - = - = NA
ave 794E-2  2.12E-1 8.34E-2 1.99E-1 9.95E1 3.59E-2 1.02E-4 1.00E-3
std 4.07E-2  8.95E-2 3.02E-2 5.29E-2 5.92E1 1.86E-2 1.98E-4 9.21E-4
2 SR 0 0 0 0 0 0 0 0
h - - - - - - + NA
ave 8.28E2 6.89E2 9.49E2 2.11E4 529E4 1.16E3 7.29E-14 0.00
std 1.05E3 4.97E2 3.11E2 5.78E3 2.27E4 447E2 1.98E-12 0.00
p SR 0 0 0 0 0 0 1 1
h - - - - - - - NA
ave 1.59E1 2.65E1 7.15E1 2.25E1 5.18E1 8.37E-2 1.98E-9 0.00
std 7.79E1 6.47E1 2.41E1 2.34E 7.41E1 1.84E-2 3.46E-8 0.00
A SR 0 0 0 0 0 0 0 1
h - - - - - - - NA
ave 1.87E2 1.18E1 1.95E2 1.81E1 5.41E33 1.51E1 2.67E-9 0.00
std 1.26E2 3.90E1 4.77E1 4.22E 2.27E34 2.13E1 1.06E-6 0.00
s SR 0 0 0 0 0 0 0 1
h - - - - - - - NA
ave 1.65E2 7.90E1 7.94E-3 3.21E2 2.12E4 5.71E-3 1.95E-12 0.00
std 2.30E2 1.98E1 4.35E-2 8.92E1 5.47E3 2.43E-3 2.08E-10 0.00
s SR 0 0 0 0 0 0 1 1
h - - - - - - - NA
ave 0.00 0.00 0.00 0.00 0.00 0.00 1.45E-12 0.00
std 0.00 0.00 0.00 0.00 0.00 0.00 1.94E-11 0.00
17
SR 1 1 1 1 1 1 1 1
h = = = = = = - NA
ave 3.20E1 523E-1 3.10E-15  8.23E1 2.51E2 3.89E-1 0.00 0.00
std 5.52E1 1.79E1 1.90E-15 1.97El 1.38E2 4.01E-1 0.00 0.00
s SR 0 0.03 1 0 0 0 1 1
h - - - - - - = NA
ave -3.37E2 -4.37E2 -4.50E2 -1.40E2 1.93E4 -4.50E2 -4.50E2 -4.50E2
std 1.14E2 3.08E1 3.17E-14  5.78E1 7.05E3 2.30E-3 0.00 0.00
P SR 0.3 0.96 0 0 0 0 1 1

h - - - - - - - NA
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110 ave 3.81E2 2.46E2 5.14E2 2.00E4 6.53E4 6.84E2 -4.50E2 -4.50E2
std 7.24E2 4.14E2 3.39E2 6.05E3 3.58E4 4.32E2 0.00 0.00
SR 0 0 0 0 0 0 1 1
h - - - - - - = NA
ave 4.41E1 2.47E 3.85E-2 5.15E1 1.62E1 4.11E-2 1.60E-10 8.88E-16
std 1.53E1 2.24E 2.11E-1 5.67E-1 9.90E-1 1.46E-2 4.01E-10 0
M SR 0 0 0 0 0 0 1 1
h - - - - - - - NA
ave 8.51E-1 7.52E-3 3.25E-3 9.89E-1 2.17E1 3.16E-2 9.15E-14 0.00
std 7.59E-1 1.43E-2 2.88E-3 2.42E-1 5.31E1 2.14E-2 1.55E-12 0.00
2 SR 0 0 0 0 0 0 1 1
h - - - - - - - NA
ave 1.53E1 3.34E-1 2.75E1 3.81E1 2.01E2 3.59E-3 8.89E-16 0.00
std 1.07E1 5.58E-1 6.78E1 6.52E-1 6.38E1 9.05E-4 4.70E-15 0.00
/3 SR 0 0 0 0 0 0 1 1
h - - - - - - - NA
ave -1.70E1 ~ -1.35E1 -2.25E1 -2.63E1 -1.02E1 -2.32E1 -2.73E1 -2.75E1
std 2.05E1 3.40E 1.86E1 5.13E-1 3.20E1 1.47E 1.05 2.80E-2
T SR 0 0 0 0 0 0 1 1
h - - - - - - - NA
ave 6.35E4 9.45E13 8.22E5 521E4 1.63E6 -1.02E3 -1.89E4 -3.12E3
std 5.76E4 9.75E13 1.19E5 1.92E4 5.80E5 2.25E3 3.60E3 5.79E1
i SR 0 0 0 0 0 0 0 1
h - - - - - - - NA
ave 1.02E1 4.74E1 1.00E1 5.90E1 1.28E1 1.10E1 0.00 0.00
std 7.62E-1 1.35E1 1.04E1 4.98E-1 4.30E-1 6.30E-1 0.00 0.00
sie SR 0 0 0 0 0 0 1 1
h - - - - - - = NA
ave 7.13E1 1.44E12 2.95E1 2.11E1 9.26E1 2.78E1 1.46E-8 0.00
std 1.99E1 3.41E11 8.19E1 3.99E1 3.40E1 8.13E1 4.47F-8 0.00
fl7 SR 0 0 0 0 0 0 0 1
h - - - - - - - NA
ave 6.26E-54  0.00 3.72E-4 2.05E-4 1.73E-1 3.46E-7 0.00 0.00
std 1.24E-53  0.00 8.54E-4 2.45E-4 1.34E-1 3.68E-7 0.00 0.00
/18 SR 1 1 0 0 0 1 1 1
h - = - - - - = NA
+ 0 0 0 0 0 0 1 11
total
- 17 15 16 17 16 16 11 1
" = 1 3 2 1 2 2 6 6
Average SR 0.12 0.20 0.16 0.05 0.11 0.11 0.72 0.94
537
538

539
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540 Table 10. Solution quality comparisons of the CPFOA and the meta-heuristic algorithms performing 18
541  benchmark functions (Dimension = 50). The / values signify the results of the Rank-sum test. The total / is
542 represented as #1/4#2/#3, where #1, #2, and #3 represents the number of wins, ties, and loss for the algorithm,
543 respectively. The SR is the success rate. For each function, the lowest of ave and std values, and the highest of

544 SR value are highlighted with the boldfaces.

Function  Criteria PSO DE GSA HS BA FA CEFOA CPFOA
ave -8.91E-1  -9.88E-1 -1 -8.13E-1 -1 -9.88E-1 -1 -1
std 7.14E-2 1.46E-2 296E-6  2.74E-2 4.27E-6  3.79E-3 0.00 0.00
/ SR 0 0 0 0 0 0 1 1
h - - - - - - = NA
ave 4.59E-1 4.13E-1 3.31E-1 1.82E1 2.21E1 6.48E-2 9.52E-5 1.03E-3
std 2.99E-1 1.78E-1 1.10E-1  4.16E-1  9.78El 3.35E-2 2.08E-4 8.76E-4
2 SR 0 0 0 0 0 0 0 0
h - - - - - - + NA
ave 9.62E3 6.75E3 3.24E3 9.61E4 1.48E5 5.41E3 1.02E-13 0.00
std 3.58E3 2.23E3 9.46E2 1.24E4 5.98E4 1.46E3 2.10E-12 0.00
p SR 0 0 0 0 0 0 1 1
h - - - - - - - NA
ave 3.67E1 5.99E1 1.23E1 4.36E1 5.79E1 1.13E1 1.99E-9 0.00
std 7.64E 2.74E1 2.31E1 2.49E1 9.36E 6.65E-1 3.50E-8 0.00
A SR 0 0 0 0 0 0 0 1
h - - - - - - - NA
ave 7.84E2 5.14E1 3.90E2 1.03E2 3.82E56  8.28E1 1.97E-29 0.00
std 2.12E2 6.07E1 3.43E1 1.63E1 1.63E57 5.11E1 1.01E-6 0.00
s SR 0 0 0 0 0 0 1 1
h - - - - - - - NA
ave 1.71E3 1.23E2 2.14E2 3.93E3 3.32E4 4.27E-2 1.02E-12 0.00
std 1.08E3 1.14E2 1.44E2 5.43E2 7.92E3 1.11E-2 1.88E-10 0.00
s SR 0 0 0 0 0 0 1 1
h - - - - - - - NA
ave 0.00 0.00 0.00 0.00 0.00 0.00 1.95E-12 0.00
std 0.00 0.00 0.00 0.00 0.00 0.00 1.48E-11 0.00
17
SR 1 1 1 1 1 1 1 1
h = = = = = = - NA
ave 1.47E2 1.57E1 1.29E1 2.11E2 1.13E3 2.99E1 0.00 0.00
std 8.35E1 1.89E1 1.26E1 3.94E1 6.72E2 1.21E1 0.00 0.00
s SR 0 0 0 0 0 0 1 1
h - - - - - - = NA
ave 1.55E3 -3.05E2 -2.37E2  3.59E3 3.59E4 -4.50E2 -4.50E2 -4.50E2
std 1.09E3 1.37E2 1.77E2 7.50E2 1.41E4 9.56E-3 0.00 0.00
P SR 0 0 0 0 0 0 1 1
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110 ave 8.40E3 5.87E3 2.76E3 9.69E4 1.57E5 5.78E3 -4.50E2 -4.50E2
std 2.70E3 1.64E3 9.91E2 1.32E4 8.08E4 1.45E3 0.00 0.00
SR 0 0 0 0 0 0 1 1
h - - - - - - = NA
ave 9.26E1 5.52E1 1.63E1 1.05E1 1.67E1 1.30E-1 1.69E-10 8.88E-16
std 2.20E1 2.97E1 6.29E-1 5.63E-1 883E-1  252E-2 2.13E-10 0.00
M SR 0 0 0 0 0 0 1 1
h - - - - - - - NA
ave 7.70E1 3.29E-1 2.09E-1 7.14E 4.20E1 2.05E-1 1.05E-15 0.00
std 3.72E1 2.79E-1 3.37E-1 9.85E-1 7.84El 1.18E-1 1.95E-13 0.00
2 SR 0 0 0 0 0 0 1 1
h - - - - - - - NA
ave 1.87E1 3.40E1 1.28E2 3.75E1 3.48E2 1.28E-2 1.09E-17 0.00
std 8.63E1 3.85E1 1.43E1 5.20E1 1.13E2 3.12E-3 8.70E-14 0.00
/3 SR 0 0 0 0 0 0 1 1
h - - - - - - - NA
ave 2.40E1 -1.43E1 -3.63E1 -4.09E1 -1.67E1  -3.79E1 -2.58E1 -4.45F1
std 2.72E1 2.42E1 2.48E1 1.24E1 4.74E1 2.33E1 1.52 1.56
T SR 0 0 0 0 0 0 0 1
h - - - - - - - NA
ave 1.95E6 2.99E5 4.62E7 2.89E6 2.01E7 1.54E4 -1.69E4 -8.60E3
std 8.42E5 1.64E5 5.81E6 5.24E5 6.01E6 1.72E4 2.64E3 2.02E2
i SR 0 0 0 0 0 0 0 1
h - - - - - - - NA
ave 1.98E1 9.93E1 1.71E1 1.38E1 2.23E1 1.97E1 0.00 0.00
std 9.25E-1 1.07E1 1.46E1 6.27E-1 5.77E-1  6.80E-1 0.00 0.00
sie SR 0 0 0 0 0 0 1 1
h - - - - - - = NA
ave 1.72E2 3.07E2 6.12E1 8.20E1 1.36E2 5.70E1 1.06E-8 0.00
std 3.34E1 7.58E1 1.15E1 8.57E1 4.96E1 9.44E1 2.27E-8 0.00
7 SR 0 0 0 0 0 0 0 1
h - - - - - - - NA
ave 722E-54  0.00 1.19E-3 2.86E-4 1.73E-1 3.47E-7 0.00 0.00
std 2.23E-53  0.00 425E-3 491E-4  144E-1  3.65E-7 0.00 0.00
/18 SR 1 1 0 0 0 1 1 1
h - = - - - - = NA
+ 0 0 0 0 0 0 1 11
total
- 17 16 17 17 17 16 11 1
" = 1 2 1 1 1 2 6 6
Average SR 0.11 0.11 0.05 0.05 0.05 0.11 0.72 0.94

545
546
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Table 11. Solution quality comparisons of the CPFOA and the meta-heuristic algorithms performing 18
benchmark functions (Dimension = 1000). The / values signify the results of the Rank-sum test. The total  is
represented as #1/#2/#3, where #1, #2, and #3 represents the number of wins, ties, and loss for the algorithm,
respectively. The SR is the success rate. For each function, the lowest of ave and std values, and the highest of SR

value are highlighted with the boldfaces.

Function  Criteria  PSO DE GSA HS BA FA CEFOA CPFOA
ave -1.36E-28 -1.01E-14 -4.42E-13 -7.28E-38 -3.33E-7 -6.34E-5 -1 -1
std 7.05E-28 5.51E-14 1.09E-12  6.62E-38  1.44E-6 4.02E-5 0.00 0.00
/ SR 0 0 0 0 0 0 1 1
h - - - - - - = NA
ave 5.96E4 2.43E5 5.38E3 9.42E4 6.24E3 1.35E3 0.00 2.53E-4
std 6.61E3 6.28E3 5.64E2 2.48E3 3.44E3 1.63E2 0.00 2.55E-4
2 SR 0 0 0 0 0 0 1 0
h - - - - - - + NA
ave 8.10E6 1.44E7 6.35E6 4.53E7 7.27E7 3.43E6 0.00 0.00
std 1.40E6 2.70E6 3.01E6 6.72E6 3.54E7 5.22E5 0.00 0.00
p SR 0 0 0 0 0 0 1 1
h - - - - - - = NA
ave 8.79E1 9.96E1 3.28E1 9.66E1 7.78E1 4.85E1 1.80E-9 0.00
std 1.15E 1.52E-1 1.53E 1.70E-1 7.27E 1.69E 1.06E-8 0.00
A SR 0 0 0 0 0 0 0 1
h - - - - - - - NA
ave 2.86E4 4.08E4 8.95E3 3.21E4 2.31E4 9.60E3 0.00 0.00
std 7.51E2 5.12E2 2.28E2 3.69E2 3.05E3 2.82E2 0.00 0.00
s SR 0 0 0 0 0 0 1 1
h - - - - - - = NA
ave 1.39E6 2.90E6 1.25E5 1.73E6 791E5 1.50E5 1.74E-12 0.00
std 5.28E4 7.53E5 4.92E3 2.62E4 1.86E5 1.21E4 3.28E-10 0.00
s SR 0 0 0 0 0 0 1 1
h - - - - - - - NA
ave 0.00 0.00 0.00 0.00 0.00 0.00 1.15E-13 0.00
std 0.00 0.00 0.00 0.00 0.00 0.00 1.72E-11 0.00
17
SR 1 1 1 1 1 1 1 1
h = = = = = = - NA
ave 1.70E6 1.72E6 1.52E5 2.07E6 8.87E5 1.81E5 0.00 0.00
std 7.82E4 1.47E6 1.12E4 3.91E4 2.61E5 1.31E4 0.00 0.00
s SR 0 0 0 0 0 0 1 1
h - - - - - - = NA
ave 1.36E6 2.81E6 1.23E5 1.71E6 8.18E5 1.51E5 -4.50E2 -4.50E2
std 5.93E4 8.27E5 5.06E3 3.18E4 2.17E5 9.18E3 0.00 0.00
P SR 0 0 0 0 0 0 1 1
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110 ave 7.95E6 1.46E7 7.66E6 4.71E7 5.64E7 3.22E6 -4.50E2 -4.50E2
std 1.19E6 3.66E6 3.73E6 5.54E6 3.04E7 5.05E5 0.00 0.00
SR 0 0 0 0 0 0 1 1
h - - - - - - = NA
ave 1.99E01  1.86E1 1.09E1 2.03E1 1.78E1 1.28E1 7.64E-11 8.88E-16
std 9.78E-2 7.49E-1 1.69E-1 4.16E-2 7.21E-1 2.59E-1 2.00E-10 0.00
M SR 0 0 0 0 0 0 1 1
h - - - - - - - NA
ave 1.59E3 9.62E2 4.57E2 1.74E3 1.34E3 5.44E2 1.15E-14 0.00
std 7.39E1 4.90E1 2.46E1 2.56E1 1.50E2 2.32E1 1.51E-12 0.00
2 SR 0 0 0 0 0 0 1 1
h - - - - - - - NA
ave 1.26E4 2.61E4 2.05E4 1.55E4 7.71E3 1.35E3 2.09E-16 0.00
std 8.42E2 6.83E3 2.83E2 2.82E2 2.22E3 7.89E1 3.79E-15 0.00
/3 SR 0 0 0 0 0 0 1 1
h - - - - - - - NA
ave -1.82E2  -8.67E1 -5.10E2 -1.11E2 -1.87E2 -4.84E2 -2.32E1 -9.23E2
std 1.51E1 3.13E1 1.58E1 5.52E 4.06E1 1.35E1 1.05 6.45
T SR 0 0 0 0 0 0 0 0
h - - - - - - - NA
ave 1.11E14  5.34E13  3.04E14 1.87E14  8.44E13 1.12E13 -1.29E4 -1.02E6
std 7.06E12  540E12  6.30E12  3.98E12 2.31E13 8.49E11 2.54E3 1.64E3
i SR 0 0 0 0 0 0 0 0
h - - - - - - - NA
ave 4.79E2  2.79E2 4.82E2 4.84E2 4.70E2 4.48E2 0.00 0.00
std 5.99E1 1.30E1 1.43E 1.49E 7.36E 3.35E 0.00 0.00
sie SR 0 0 0 0 0 0 1 1
h - - - - - - = NA
ave 1.14E4 8.31E3 6.63E3 1.24E4 8.06E3 6.10E3 1.14E-8 0.00
std 3.50E2 3.09E2 1.62E2 1.27E2 5.30E2 1.78E2 3.27E-8 0.00
7 SR 0 0 0 0 0 0 0 1
h - - - - - - - NA
ave 5.09E-54 0.00 4.99E-3 1.97E-4 2.27E-1 2.88E-7 0.00 0.00
std 2.44E-53  0.00 1.84E-2 2.35E-4 2.03E-1 3.19E-7 0.00 0.00
A1 SR 1 1 0 0 0 0 1 1
h - = - - - - = NA
+ 0 0 0 0 0 0 1 9
total
- 17 16 17 17 17 17 9 1
" = 1 2 1 1 1 1 8 8
Average SR 0.11 0.11 0.05 0.05 0.05 0.05 0.77 0.83

552

553
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554 5.5 The Third Experiment: CPFOA Optimizes the CEC’2017 Problems

555 The CEC’2017 problems are harder than the problem in the previous two sub-section. Our
556 CPFOA, the recently proposed CEFOA, and 6 meta-heuristics including BLPSO, CLPSO, CoDE,
557  JADE, MGWO, MFPA are evaluated based on this problem, with the dimension of 50 and 100. The
558  winning algorithms are judged from average (ave) and standard deviation (std) of the final objective
559  values, where lower is better. For an easy inspection, the aves of the row are sorted from low to
560 high—rank first is the best, rank last is the worst. As can be seen from Table 12, the lowest of aves,
561  stds and Ranks values are highlighted with the boldfaces.

562 The total / values are obtained from the p-values of 29 functions which indicate that all the
563  p-values are less than 0.05. From Table 12 (dimension = 50), CPFOA ranks sixth, based on the total h
564  values and the average of Rank. The first to fifth are CoDE, BLPSO, JADE, MFPA and MGWO
565  respectively. From Table 13 (with dimension = 100), CPFOA get a better rank, it ranks forth, based on
566 the total & values and the average of Rank. The first to third are BLPSO, CoDE and JADE,
567  respectively. These results mean that CPFOA works efficiently when the number of dimension is

568  high.

569 We conclude from the benchmarking results that CPFOA outperforms FOA variants and can
570  compete with the other meta-heuristic algorithms in finding solutions of unconstrained optimization
571  problems.

572
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Table 12. Solution qualities comparisons of the CPFOA and seven meta-heuristic algorithms based on
CEC’2017 benchmark functions (Dimension = 50). The & values signify the results of the Rank-sum test. The
total & is represented as #1/#2/#3, where #1, #2, and #3 represents the number of wins, ties, and loss for the
algorithm when it is competed with CPFOA, respectively. The ave values of the row are sorted from low to
high—rank first is the best, rank last is the worst. For each function, the lowest of Rank, ave and std values

are highlighted with the boldfaces.

Function  Criteria BLPSO CLPSO CoDE JADE MGWO MFPA CEFOA CPFOA
ave 3.46E3 3.35E9 4.87E3 5.16E3 1.15E10 1.12E9 1.36E11 3.00E3
fl std 3.31E3 5.62E8 6.67E3 5.68E3 4.29E9 1.16E9 8.56E7 2.92E3
h - - - - - - - NA
Rank 2 6 3 4 7 5 8 1
2 Excluded from the experiment
ave 1.83E5 2.70E5 6.42E3 1.45E5 1.28E5 1.31E5 1.86E14 1.55E5
3 std 3.11E4 4.20E4 2.23E3 6.64E4 2.35E4 4.39E4 5.81E12 4.62E4
h - - + + + + - NA
Rank 6 7 1 4 2 3 8 5
ave 5.90E2 1.68E3 5.26E2 5.46E2 1.52E3 9.03E2 5.73E4 5.82E2
fA std 3.97E1 2.74E2 4.72E1 4.73E1 5.58E2 3.61E2 2.88E1 4.38E1
h - - + + + - - NA
Rank 4 7 1 2 6 5 8 3
ave 7.40E2 9.20E2 6.04E2 7.40E2 7.46E2 8.38E2 1.37E3 8.27E2
5 std 1.86E1 2.58E1 4.18E1 2.23E1 3.57E1 5.38E1 1.24E2 3.84E1
h + - + + + - - NA
Rank 2 7 1 3 4 6 8 5
ave 6.00E2 6.23E2 6.00E2 6.01E2 6.73E2 6.52E2 7.48E2 6.62E2
f6 std 1.93E-2 4.15E 7.36E4 6.53E-1 5.25E 8.32E 6.92E-1 4.92E
h + + + + - + - NA
Rank 1 4 2 3 7 5 8 6
ave 1.07E3 1.26E3 9.47E2 1.03E3 1.33E3 1.75E3 2.21E3 1.19E3
f7 std 1.77E1 3.11E1 6.31E1 3.15E1 6.04E1 1.97E2 2.83E 1.19E2
h + - + + - - - NA
Rank 3 5 1 2 6 7 8 4
ave 1.04E3 1.22E3 9.20E2 1.04E3 1.45E3 1.17E3 1.71E3 1.15E3
18 std 1.77E1 2.82E1 5.79E1 2.23E1 3.94E1 4.66E1 1.85E 4.26E1
h + - + + - - - NA
Rank 2 6 1 3 7 5 8 4
ave 9.15E2 2.03E4 9.07E2 1.52E3 9.24E3 2.08E4 7.84E4 1.31E4
M std 1.03E1 4.13E3 1.14E1 7.02E2 4.03E3 2.06E3 1.89E3 9.08E2
h + - + + + - - NA

Rank 2 6 1 3 4 7 8 5
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f10 ave 1.04E4 1.04E4 1.02E4 1.05E4 8.54E3 1.04E4 2.18E4 7.62E3
std 4.66E2 5.09E2 1.97E3 6.26E2 2.57E3 1.15E3 7.80E1 1.03E3
h - - - - - - - NA
Rank 4 5 3 7 2 6 8 1
ave 1.39E3 9.74E3 1.16E3 1.68E3 6.25E3 2.82E3 1.83E6 1.36E3
fl1 std 4.72E1 2.22E3 1.75E1 9.98E2 3.04E3 1.32E3 2.81E5 6.03E1
h + - + - - - - NA
Rank 3 7 1 4 6 5 8 2
ave 9.44E6 1.61E9 4.93E5 1.46E6 8.66E8 7.21E7 1.43E11 3.77E7
f12 std 2.82E6 4.19E8 2.98E5 1.25E6 8.01E8 1.22E8 1.41E8 2.85E7
h + - + + - - - NA
Rank 3 7 1 2 6 5 8 4
ave 3.24E3 3.64E8 6.12E3 8.11E3 1.60E8 1.86E5 1.14E11 1.75E5
f13 std 2.18E3 1.53E8 5.02E3 6.07E3 1.55E8 4.46E5 2.56E8 1.33E5
h + - + + - - - NA
Rank 1 2 3 4 7 6 8 5
ave 4.49E5 6.90E6 1.50E3 1.85E5 1.31E6 1.90E5 1.47E9 1.75E5
fl4 std 3.99E5 3.87E6 9.04E1 4.26E5 1.50E6 1.44E5 1.71E6 1.05E5
h - - + - - - - NA
Rank 5 7 1 3 6 4 8 2
ave 7.29E3 5.01E7 2.05E3 7.15E3 1.25E7 1.96E4 2.39E10 3.88E4
f15 std 6.37E3 3.62E7 5.75E2 6.22E3 2.70E7 1.66E4 1.77E7 3.31E4
h + - + + - + - NA
Rank 3 7 1 2 6 4 8 5
Ave 2.97E3 4.44E3 2.57E3 3.55E3 3.85E3 3.76E3 2.47E4 3.70E3
fl6 Std 2.34E2 3.02E2 3.36E2 2.73E2 5.01E2 5.01E2 2.84F1 4.94E2
h + - + + - - - NA
Rank 2 7 1 3 6 5 8 4
ave 2.78E3 3.91E3 2.43E3 3.20E3 2.89E3 3.39E3 1.78E5 3.26E3
fl7 std 1.76E2 3.42E2 1.75E2 1.81E2 2.80E2 4.54E2 1.27E3 2.71E2
h + - + + + - - NA
Rank 2 7 1 4 3 6 8 5
ave 2.72E6 2.37E7 2.74E4 2.05E5 9.73E6 2.20E6 2.12E9 1.81E6
f18 std 9.79E5 1.50E7 2.16E4 6.14E5 1.33E7 2.14E6 1.30E7 1.46E6
h - - + + - - - NA
Rank 5 7 1 2 6 4 8 3
ave 1.65E4 7.51E6 2.03E3 6.93E3 8.80E6 2.39E4 1.40E10 1.69E6
f19 std 8.24E3 6.60E6 1.56E2 9.09E3 1.39E7 3.14E4 9.06E6 1.21E6
h + - + + - + - NA

Rank 3 6 1 2 7 4 8 5
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20 ave 2.76E3 3.44E3 2.59E3 3.36E3 2.97E3 3.43E3 5.45E3 3.12E3
std 1.79E2 2.17E2 2.26E2 2.37E2 3.15E2 3.43E2 2.99E1 3.22E2
h + - + - + - - NA
Rank 2 7 1 5 3 6 8 4
ave 2.55E3 2.76E3 2.40E3 2.53E3 2.74E3 2.67E3 4.35E3 2.61E3
21 std 1.93E1 2.53E1 3.96E1 2.23F1 4.05E1 7.08E1 2.75E 8.44E1
h + - + + - - - NA
Rank 3 7 1 2 6 5 8 4
ave 8.91E3 1.22E4 1.02E4 1.24E4 9.76E3 1.16E4 2.12E4 9.54E3
f22 std 4.44E3 9.66E2 2.95E3 7.48E2 1.23E3 1.42E3 7.10E1 1.66E3
h + - - - - - - NA
Rank 1 6 4 7 3 5 8 2
ave 2.99E3 3.25E3 2.81E3 2.98E3 3.60E3 3.23E3 9.67E3 3.14E3
f23 std 2.23E1 3.35E1 2.81E1 2.53E1 8.74E1 1.42E2 2.85E1 6.88E1
h + - + + - - - NA
Rank 3 6 1 2 7 5 8 4
ave 3.16E3 3.44E3 2.97E3 3.13E3 3.39E3 3.34E3 6.85E3 3.26E3
f24 std 2.32F1 3.24E1 1.90E1 3.49E1 1.00E2 1.72E2 2.11E 6.37E1
h + - + + - - - NA
Rank 3 7 1 2 6 5 8 4
ave 3.07E3 3.99E3 3.03E3 3.06E3 3.75E3 3.30E3 2.00E4 3.07E3
f25 std 2.58E1 1.59E2 3.35E1 2.55E1 2.67E2 1.50E2 1.63E1 2.99E1
h + - + - - - - NA
Rank 2 7 1 3 6 5 8 4
ave 6.22E3 8.81E3 4.61E3 6.20E3 7.04E3 9.65E3 2.03E4 3.54E3
f26 std 2.30E2 4.13E2 2.45E2 2.81E2 7.07E2 1.33E3 8.30E 1.84E2
h - - + - - - - NA
Rank 3 6 2 5 4 7 8 1
ave 3.47E3 4.06E3 3.24E3 3.35E3 3.71E3 3.68E3 1.93E4 3.68E3
27 std 3.75E1 9.16E1 1.75E1 5.89E1 1.17E2 1.63E2 2.36E1 1.53E2
h + - + + - = - NA
Rank 3 7 1 2 5 4 8 6
ave 3.34E3 5.66E3 3.29E3 3.32E3 4.80E3 4.35E3 2.03E4 3.33E3
28 std 2.95E1 2.38E2 2.26E1 2.47E1 6.26E2 1.54E3 1.33E1 3.32E1
h - - + + - - - NA
Rank 4 7 1 2 6 5 8 3
ave 4.05E3 6.14E3 3.52E3 4.30E3 4.83E3 5.31E3 6.75E6 5.97E3
29 std 1.65E2 4.24E2 1.98E2 1.79E2 3.34E2 6.06E2 4.27E4 5.71E2
h + - + + + + - NA

Rank 2 7 1 3 4 5 8 6
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130 ave 5.72E6 2.52E8 7.40E5 1.17E6 1.48E8 6.34E6 2.50E10 6.99E7
std 2.07E6 8.30E7 9.01E4 3.62E5 1.26E8 7.35E6 3.98E7 1.92E7
h + - + + - + - NA
Rank 3 7 1 2 6 4 8 5

+ 21 1 26 21 7 6 0
total
8 28 2 8 21 22 29
h
= 0 0 0 0 0 1 0

Average Rank 2.82 6.34 1.37 3.13 5.31 5.10 8 5.72
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Table 13. Solution qualities comparisons of the CPFOA and seven meta-heuristic algorithms based on
CEC’2017 benchmark functions (Dimension = 100). The & values signify the results of the Rank-sum test. The
total & is represented as #1/#2/#3, where #1, #2, and #3 represents the number of wins, ties, and loss for the
algorithm when it is competed with CPFOA, respectively. The ave values of the row are sorted from low to
high—rank first is the best, rank last is the worst. For each function, the lowest of Rank, ave and std values

are highlighted with the boldfaces.

Function  Criteria BLPSO CLPSO CoDE JADE MGWO MFPA CEFOA CPFOA
ave 5.89E3 4.48E10 1.38E4 2.15E7 5.48E10 3.58E10 2.98E11 1.84E5
fl std 4.31E3 5.46E9 7.99E3 2.77E7 8.03E9 9.69E09 1.35E8 1.10E5
h + - + - - - - NA
Rank 1 6 2 4 7 5 8 3
§ Excluded from the experiment
ave 7.60E4 6.73E5 1.18E5 4.74E5 4.28E5 4.09E5 1.52E14 3.39E5
3 std 1.80E4 8.21E4 1.85E4 1.08E5 6.87E4 8.30E4 2.63E12 2.52E4
h + - + - - - - NA
Rank 1 6 2 5 4 7 8 3
ave 5.20E2 9.40E3 6.83E2 8.10E2 5.88E3 4.56E3 1.60E5 8.07E2
fA std 1.24E1 1.24E3 4.18E1 6.42E1 1.66E3 2.92E3 1.42E2 7.97E1
h + - - - - - - NA
Rank 1 7 2 4 6 5 8 3
ave 7.08E2 1.72E3 7.80E2 1.28E3 1.21E3 1.50E3 2.38E3 1.28E3
5 std 1.40E1 4.47E1 7.76E1 5.85E1 6.49E1 1.08E2 1.13E1 6.71E1
h + - - = + - - NA
Rank 1 7 2 4 3 6 8 5
ave 6.00E2 6.57E2 6.00E2 6.12E2 6.44E2 6.67E2 7.40E2 6.66E2
f6 std 5.28E-2 5.47E 3.33E2 2.49E 4.17E 5.92E 3.54E-1 3.07E
h + + + + + - - NA
Rank 1 5 2 3 4 7 8 6
ave 1.42E3 2.50E3 1.41E3 1.86E3 2.13E3 3.92E3 4.36E3 3.22E3
f7 std 8.49E1 1.18E2 1.99E2 9.85E1 1.75E2 3.91E2 1.96E1 1.80E2
h + + + + + - - NA
Rank 2 5 1 3 4 7 8 6
ave 9.58E2 2.03E3 1.09E3 1.57E3 1.51E3 1.84E3 2.84E3 1.69E3
18 std 1.90E1 4.86E1 1.17E2 4.71E1 8.61E1 1.04E2 5.63E 8.06E1
h + - + + + - - NA
Rank 1 7 2 4 3 6 8 5
ave 6.66E3 8.58E4 4.80E3 1.72E4 4.16E4 3.14E4 1.16E5 2.59E4
M std 2.95E2 9.69E3 2.15E3 7.96E3 1.27E4 4.81E3 1.23E3 7.19E2
h + - + + - - - NA

Rank 2 7 1 3 6 5 8 4
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f10 ave 5.15E3 2.48E4 2.46E4 2.64E4 1.79E4 2.25E4 3.67E4 1.53E4
std 3.99E2 8.11E2 5.31E3 2.00E3 3.95E3 2.42E3 2.83E1 1.92E3
h + - - - - - - NA
Rank 1 6 5 7 3 4 8 2
ave 8.02E3 2.01E5 3.01E3 4.94E4 7.66E4 6.97E4 2.69E13 1.61E4
fl1 std 5.25E3 3.75E4 5.79E2 3.48E4 1.56E4 2.98E4 2.13E11 5.71E3
h + - + - - - - NA
Rank 2 7 1 4 6 5 8 3
ave 5.83E8 1.65E10 6.73E6 2.76E7 1.19E10 4.06E9 2.61E11 2.58E8
f12 std 1.11E6 3.32E9 2.24E6 1.63E7 5.61E9 5.07E9 1.48E8 8.72E7
h - - + + - - - NA
Rank 3 6 1 7 5 4 8 2
ave 1.10E9 1.34E9 5.63E3 7.24E3 1.24E9 4.17E7 6.57E10 4.58E4
f13 std 3.20E2 2.65E8 3.58E3 4.23E3 9.03E8 1.26E8 3.14E7 1.10E4
h - - + + - - - NA
Rank 5 7 1 2 6 4 8 3
ave 8.84E4 4.97E7 1.25E5 3.94E5 8.71E6 4.66E6 1.48E9 1.83E6
fl4 std 1.21E5 2.45E7 8.51E4 3.14E5 5.61E6 3.76E6 3.81E6 1.67E6
h + - + + - - - NA
Rank 1 7 2 3 6 5 8 4
ave 8.62E3 2.98E8 3.89E3 6.12E3 2.59E8 2.44E6 4.14E10 5.04E4
f15 std 4.74E3 1.12E8 3.13E3 5.00E3 2.74E8 4.59E6 1.84E7 2.03E4
h + - + + - - - NA
Rank 2 7 1 3 6 5 8 4
ave 2.51E3 1.16E4 4.88E3 7.52E3 6.53E3 6.96E3 3.59E4 6.88E3
fl6 std 2.37E2 7.62E2 5.58E2 4.67E2 7.98E2 9.67E2 2.60E1 7.77E2
h + - + - + - - NA
Rank 1 7 2 6 3 5 8 4
ave 1.91E3 1.03E4 4.18E3 5.87E3 522E3 6.25E3 1.81E8 5.41E3
fl7 std 7.38E1 1.35E3 3.79E2 3.93E2 1.05E3 6.67E2 4.13E5 9.63E2
h + - + - + - - NA
Rank 1 7 2 5 3 6 8 4
ave 4.62E5 6.87E7 5.44E5 9.65E5 7.13E6 6.68E6 1.50E9 2.67E6
f18 std 2.67E5 2.38E7 2.53E5 1.04E6 4.03E6 3.99E6 3.13E6 1.09E6
h + - + + - - - NA
Rank 1 7 2 3 6 5 8 4
f19 ave 1.17E4 2.96E8 4.31E3 5.13E3 2.29E8 5.54E6 4.18E10 7.23E6
std 2.16E4 1.21E8 2.56E3 3.01E3 2.75E8 1.57E7 2.63E8 4.07E6
h + - + + - + - NA

Rank 3 7 1 2 6 4 8 5
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20 ave 2.29E3 6.63E3 4.13E3 6.45E3 5.56E3 5.70E3 3.95E4 521E3
std 6.04E1 3.98E2 4.35E2 4.47E2 1.16E3 6.24E2 2.60E1 6.24E2
h + - + - - - - NA
Rank 1 7 2 6 4 5 8 3
21 ave 2.42E3 3.61E3 2.60E3 3.11E3 3.06E3 3.62E3 1.11E4 3.42E3
std 1.66E1 5.60E1 1.32E2 6.28E1 1.14E2 1.76E2 1.71E1 9.76E1
h + - + + + - - NA
Rank 1 6 2 4 3 7 8 5
f22 ave 2.50E3 2.77E4 2.74F4 2.84E4 2.10E4 2.50E4 4.08E4 1.83E4
std 1.10E3 7.58E2 4.25E3 1.57E3 3.05E3 2.53E3 2.55E1 1.96E3
h + - - - - - - NA
Rank 1 6 5 7 3 4 8 2
f23 ave 2.78E3 4.24E3 3.38E3 3.54E3 3.64E3 4.04E3 1.64E4 3.85E3
std 1.70E1 6.88E1 1.37E2 6.23E1 9.47E1 1.75E2 6.78E1 1.02E2
h + - + + + - - NA
Rank 1 7 2 3 4 6 8 5
f24 ave 2.95E3 5.13E3 3.53E3 4.09E3 4.39E3 491E3 1.68E4 4.80E3
std 1.71E1 1.40E2 6.10E1 7.70E1 1.69E2 2.68E2 9.04E 2.17E2
h + - + + + - - NA
Rank 1 7 2 3 4 6 8 5
f25 ave 2.89E3 9.67E3 3.34E3 3.51E3 6.87E3 6.55E3 3.59E4 3.47E3
std 6.65E 8.41E2 5.07E1 6.74E1 9.11E2 1.35E3 2.37E1 7.69E1
h + - + - - - - NA
Rank 1 7 2 4 6 5 8 3
f26 ave 4.75E3 2.25E4 8.22E3 1.40E4 1.68E4 2.32E4 6.64E4 1.72E4
std 3.89E2 1.14E3 5.22E2 7.31E2 1.49E3 3.27E3 1.38E1 5.58E3
h + - + + + - - NA
Rank 1 6 2 3 4 7 8 5
27 ave 3.25E3 5.62E3 3.39E3 3.61E3 4.20E3 4.27E3 2.57E4 3.98E3
std 6.17E 2.53E2 2.95E1 8.49E1 1.85E2 2.14E2 4.52E1 3.08E2
h + + + + - - - NA
Rank 1 4 2 3 6 7 8 5
28 ave 3.24E3 1.63E4 3.48E3 3.64E3 9.33E3 1.01E4 4.36E4 3.53E3
std 1.42E1 1.15E3 3.65E1 7.99E1 1.29E3 3.29E3 4.56E 4.81E1
h + - + - - - - NA
Rank 1 7 2 4 5 6 8 3
29 ave 3.71E3 1.51E4 5.71E3 8.02E3 9.07E3 8.77E3 8.91E6 9.10E3
std 1.10E2 1.31E3 4.75E2 4.43E2 9.20E2 8.70E2 3.04E4 8.89E2
h + - + + + + - NA

Rank 1 7 2 3 4 5 8 6
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30 ave 1.49E5 1.08E9 1.07E4 6.65E4 1.21E9 5.20E7 6.12E10 5.82E7
std 1.13E5 2.53E8 2.36E3 3.81E4 1.22E9 6.24E7 2.46E7 3.18E7
h + - + + - + - NA
Rank 3 6 1 2 7 4 8 5
+ 27 3 25 17 11 3 0
total
2 26 4 11 18 26 29
" = 0 0 0 1 0 0 0
Average Rank 1.48 6.48 1.93 3.93 4.72 5.41 8 4.03
642
643 6. Applications
644 6.1 Bio-Medical Real Life Classification Problems
645 In this section, the proposed CPFOA is applied for training the Multi-Layer Perceptron (MLP)

646 by solving five datasets. The datasets are a synthesis dataset, 3-bits XOR, a small dataset, Iris, and
647 three bio-medical datasets; Balloon, Breast cancer and Heart. The details of these datasets and
648  parameter setting including the MLP structure for solving these dataset are taken from the literature
649  [53,54]. The brief details of dataset for the implementation and comparison performance of
650  algorithms are presented in Table 14. CPFOA is compared with six meta-heuristic algorithms; JADE,
651 BLPSO, CLPSO, GWO, MGWO and HAGWO [54]. HAGWO was successfully test with these five
652  datasets. It is a hybrid nature-inspired optimization technique that has been constructed using a
653  hybridization of Mean Grey Wolf Optimizer (MGWO) and Whale Optimizer Algorithm (WOA). The
654  parameters of GWO and HAGWO are set as they are in [53,54]. Each algorithm is coded and run in
655  MATLAB environment. The convergent graphs based on five datasets are shown in Figure 9, where
656  the red line represents the graph of CPFOA. From Figure 9, CPFOA can produce the lowest MSE in
657  every dataset. To confirm our claim, the statistical results in term of minimum objective function
658  value, maximum objective function value are extracted and are shown in Table 15. A lower objective
659  function value is better. In addition, the average and the standard deviation of the classification rate

660  are shown in Table 15 as well. A higher classification rate with a lower standard deviation is better.

661 The results from Table 15 are as follow:

662 (i) XOR dataset contains 8 training and 8 testing samples; each sample has 3 input
663 attributes and 1 output. The outputs of the XOR dataset are as same as the input
664 values. After encoding, the dimension of a fruit fly is 36. As can be from Table 15
665 that the highest accuracy of 100% could be obtained by GWO, MGWO, HAGWO
666 and CPFOA. However, CPFOA is the best as it produces the lowest of the Best MSE
667 Value (1.97E-09), Worst MSE Value (2.43E-04), ave (2.59E-05), and std (5.45E-05)
668 compared with those of the others algorithms.

669 (if) Iris dataset contains 150 samples; each sample has 4 attributes and 3 classes. The
670 training and the testing sets are the same. This problem is harder than XOR as it has
671 three output classes. After encoding, the dimension of a fruit fly is 75. The results
672 show that CPFOA can produce the highest classification rate (93.733%), showed in
673 the boldface. The second and third best competitors are two improved versions of

674 GWO, HAGWO and MGWO, that could obtain an accuracy of 93.00%, and 91.334%,


http://dx.doi.org/10.20944/preprints201809.0495.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 26 September 2018 d0i:10.20944/preprints201809.0495.v1

45 of 55
675 respectively. The original GWO ranks forth with the accuracy of (91.333%).
676 Furthermore, CPFOA produces the lowest average MSE (5.39E-02) compared with
677 those of the six competitive algorithms.
678 (iii) Balloon dataset contains 18 training, 18 testing samples; each of samples has 4 input
679 attributes and 2 output classes. After encoding, the dimension of a fruit fly is 55.
680 Obviously seen from Table 15 that this dataset is quite simple because the several
681 algorithms can produce the highest accuracy of 100%, except CLPSO’s accuracy is of
682 89.75%. However, CPFOA produces the lowest of Best MSE Value (1.87E-20), Worst
683 MSE Value (2.82E-08), ave (1.51E-09) and std (6.29E-09) of MSE, compared with those
684 of the six competitive algorithms.
685 (iv) Breast cancer dataset contains 599 training, 100 testing samples, each of which has 9
686 input attributes and 2 output classes. After encoding, the dimension of a fruit fly is
687 209. Therefore, the computational time per iteration is quit long. However, the
688 results confirm that CPFOA can produce the highest accuracy and the lowest values
689 of Best MSE Value (1.21E-03), Worst MSE Value (1.70E-03), ave (1.67E-03) and std
690 (1.19E-04) of the MSE.
691 v) Heart dataset, is the hardest problem among the four classification problems,
692 contains 80 training, 187 testing samples, each of sample has 22 input attributes and
693 2 classes. After encoding, the dimension of a fruit fly is 1081. It is a large scale
694 problem. As can be seen from Table 15, several algorithms could produce low
695 accuracies; the accuracy of JADE, BLPSO, CLPSO, GWO, MGWO and HAGWO are
696 77.50%, 67.20%, 68.125%, 75.00 %, 88.375%. HAGWO produces a very low accuracy
697 of 47.625%. However, the CPFOA showed a very promising result as it can reach the
698 highest accuracy of 90.333%. Therefore, CPFOA outperforms the other algorithms.
699 To summarize, CPFOA has the ability and is suitable for applying to train the Multi-Layer
700  Perceptron (MLP) in order to solve real life classification problems.
701
702
703
704
705

706
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Figure 9. Convergence curves of XOR, Iris, Balloon, Cancer and Heart dataset that compare JADE, BLPSO,
CLPSO, GWO, MGWO, HAGWO and CPFOA.
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709  Table 14. The classification datasets [53,54].

Classification Number of Number of Number of Number of
datasets attributes training samples test samples classes

3-bits XOR 3 8 8 as training samples 2

Balloon 4 16 6 as training samples 2

Iris 4 150 150 as training samples 3

Breast cancer 9 599 100 2

Heart 22 80 187 2

710 Table 15. Experimental results of Bio-Medical real life problems. The column having the V symbol means
711  lower is better, whereas the column having the A symbol means higher is better. The best value of each
712 measure is highlighted with the boldfaces.

(i) XOR dataset problem
Algorithm  Best MSEvalue”  Worst MSE value’  ave MSE value”  std MSE value’  Classification Rate®

JADE 2.03E-06 1.61E-03 5.04E-04 5.43E-04 76.875%
BLPSO 8.81E-04 1.42E-02 4.89E-03 3.79E-03 58.125%
CLPSO 3.17E-09 8.71E-02 3.36E-02 2.17E-02 60.833%
GWO 8.27E-06 1.33E-01 1.56E-02 3.75E-02 100%
MGWO 5.06E-05 2.16E-01 3.48E-02 6.34E-02 100%
HAGWO  4.27E-02 2.30E-01 2.90E-03 4.69E-02 100%
CPFOA 1.97E-09 2.43E-04 2.59E-05 5.45E-05 100%

(ii) Iris dataset problem

Algorithm Best MSE value”  Worst MSE value¥  ave MSE value”  std MSE value”  Classification Rate®

JADE 2.02E-02 3.10E-02 2.52E-01 2.89E-03 75.266%
BLPSO 3.51E-02 8.17E-02 5.68E-02 1.45E-02 43%
CLPSO 1.36E-01 3.67E-01 2.59E-01 6.35E-02 47.333%
GWO 6.67E-01 8.76E-01 6.71E-01 2.49E-02 91.333%
MGWO 6.67E-01 8.13E-01 6.79E-01 1.54E-02 91.334%
HAGWO 6.67E-01 8.81E-01 6.73E-01 2.81E-02 93.00%
CPFOA 1.81E-02 3.42E-01 5.39E-02 1.01E-01 93.733%

(iii) Balloon dataset problem

Algorithm Best MSE value”  Worst MSE value¥  ave MSE value”  std MSE value”  Classification Rate®

JADE 4.44E-18 3.37E-08 2.24E-09 7.62E-09 100%
BLPSO 1.42E-11 9.61E-08 1.37E-08 2.42E-08 100%
CLPSO 7.45E-06 3.18E-03 9.71E-04 8.77E-04 89.75%
GWO 3.51E-17 1.17E-01 6.40E-03 2.61E-02 100%
MGWO 2.25E-15 5.56E-02 7.10E-03 1.73E-02 100%
HAGWO 1.64E-05 1.80E-01 1.43E-02 4.38E-02 100%

CPFOA 1.87E-20 2.82E-08 1.51E-09 6.29E-09 100%
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(iv) Breast cancer dataset problem

Algorithm Best MSE value”  Worst MSE value¥  ave MSE value”  std MSE value”  Classification Rate®

JADE 3.79E-03 7.98E-03 6.28E-03 1.30E-03 67.90%
BLPSO 4.56E-03 8.34E-03 6.63E-03 1.07E-03 92.40%
CLPSO 2.26E-02 3.90E-02 3.39E-02 3.91E-03 60%
GWO 1.40E-03 4.64E-02 6.50E-03 9.30E-03 99.00%
MGWO 1.70E-03 3.87E-02 6.60E-03 9.60E-03 99.11%
HAGWO 1.30E-03 4.64E-02 2.60E-03 4.20E-03 100%
CPFOA 1.21E-03 1.70E-03 1.67E-03 1.19E-04 100%

(v) Heart dataset problem

Algorithm Best MSE value”  Worst MSE value¥  ave MSE value”  std MSE value”  Classification Rate®

JADE 8.49E-02 1.13E-01 9.86E-02 8.35E-03 77.50%
BLPSO 1.65E-01 2.33E-01 2.01E-01 2.30E-02 67.20%
CLPSO 1.98E-01 2.48E-01 2.23E-01 1.80E-02 68.125%
GWO 4.69E-02 8.13E-02 6.44E-02 1.07E-02 75.00 %
MGWO 4.69E-02 7.81E-02 5.88E-02 8.69E-03 88.375%
HAGWO 9.02E-02 1.42E-01 1.12E-01 1.78E-02 47.625%
CPFOA 5.63E-02 1.06E-01 8.17E-02 1.14E-02 90.333%

713

714 6.2 T-S Fuzzy System Parameter Extraction

715 CPFOA is applied to estimate the T-S fuzzy system parameters. This T-S fuzzy system
716  parameter estimation had been done in several literary works, and seven of existing works are
717  shown in Table 16 to compare with CPFOA. The dataset is Box and Jenkins gas furnace data set [55].
718 It consists of 296 input and output measurements of a gas-furnace process. It is the collection of
719  recorded data from a combustion process of a methane-air mixture. At each sampling time k, the
720  input x(k) is the gas flow rate and the output y(k) is the output CO- concentration.

721 To compare CPFOA with the other novel algorithms, we borrow a procedure from the
722 literature namely “Parameter estimation of Takagi-Sugeno fuzzy system using heterogeneous
723 cuckoo search algorithm” [56] by choosing u(k), u(k-1), y(k-1) and y(k-2) as the input variables of the
724 model. For preparing the data, the first 148 input-output data were utilized as training data, and the
725  last 148 were the testing data, respectively. The individual parameters setting of simulation and
726 HeCoS are set as same as they are in [56] as follows: P.=0.15, « = 1.3, § = 1.3, § = 0.9, the number
727  of rules in a model is 3, the maximum iteration (Max_iter) = 2000 and the number of agents
728  (popsize) = 40. After the encoding, the total parameters for a T-S fuzzy system model is 39.

729 The training results of CPFOA are visualized in Figure 10, and the testing results are shown
730  in Figure 11. The blue line is the real data and the red dashed line is the output of model trained by
731  CPFOA. From those two figures, we have observed that the real data and the output from the model
732 are not different by much.

733 Base on literature [56], the HeCoS optimizing iTaSuM claimed that it is the best model with
734 the training and testing MSE values of 0.0271 and 0.138, respectively. These training and testing MSE
735  values are not the lowest values, but the number of rules of the T-S fuzzy system is less than the

736  other six approaches. From Table 16, CPFOA does not obviously outperform HeCoS, in optimizing
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737  iTaSuM. Two systems have the same number of parameters. However, if we focus on the testing

738  MSE, CPFOA can produce a system with a lower testing MSE than HeCoS can.
739 The parameters of rules produced by CPFOA are presented in Table 15 The parameters shown
740  in Table 6 of [56] are produced by HeCoS. The Euclidean distance between the parameters from two
741  tables is 25.378, which is quite high. This means that Takagi-Sugeno fuzzy system is a highly
742 nonlinear model. Therefore, for achieving a model with a lower testing MSE, a very high efficient
743 optimization algorithm is required. And CPFOA can fit with this requirement.
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Figure 10. Comparison of iTaSuM optimized by CPFOA and the real system for Box and Jenkins gas furnace
training data. (A): The real values and the CPFOA outputs for the data set. (B) The error between the real values

and the CPFOA outputs.
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Figure 11. Comparison of iTaSuM optimized by CPFOA and the real system for Box and Jenkins gas furnace
testing data. (A): The real values and the CPFOA outputs for the data set. (B) The error between the real values

and the CPFOA outputs.
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749 Table 15. The parameters in each rules of CPFOA in the Box-Jenkins system.

Rule Parameter Vectors

1 C, 623044 61.0918 29017 -2.4265 0, 46.3485 47.7164 49.0855 49.1978 W, b; 04595 -4.2473 29734 0.3492 4.1753

2 C, 61.1341 62.0122 2.6807 -0.9053 o, 48.1691 49.2993 49.9984 48.7294 W,, b, 14795 -3.8469 2.4239 -4.9634 -2.6189

3 C; 61.3956 61.4808 2.6451 2.8111 o3 48.8828 479141 46.7963 49.9989 Ws, bs 3.1562 5.9989 -0.1805 1.7542 -3.0621

750
751  Table 16. Comparison of different models for the Box—Jenkins system.
No. Models No. of rules No. of parameters Training MSE Testing MSE
1 Lin et al. [57] 4 44 0.0710 0.261
2 Kim et al. [58] 2 38 0.0340 0.244
3 Tsekouras [59] 7 91 0.0220 0.236
4 Li et al. [60] 3 57 0.0159 0.126
5 Lietal. [61] 3 57 0.0150 0.147
6  Cheungetal [62] 3 21 0.0590 0.152
7 iTaSuM [56] 3 39 0.0271 0.138
8 CPFOA 3 39 0.0349 0.130
752
753 7. Conclusion
754 This paper addresses a problem of low exploration ability of FOA and its variants. The

755  cooperation of the multileader and the probabilistic random walk strategies is formed as the
756  proposed CPFOA algorithm. CPFOA can be smoothly transited from the exploration stage to
757  intensification stage, accordingly. The experimental results show that the performance of CPFOA
758  does improve over the original FOA and the FOA variants in finding the optimal solution.

759 The main characteristics of CPFOA in finding the optimal solution can be summarized as
760  follow:

761 e The CPFOA uses the probabilistic of random walk algorithm with adaptive normalization is the

762 main procedure.
763 e The CPFOA uses the multileader strategy to further enhance the exploration ability.

764 o The population having two types of behaviors can prevent the search from becoming trapped in

765 a local optimum, whereas only one population behavior in the existing FOA variants can lead
766 that algorithms to be trapped easily.

767 e The CPFOA demonstrated its promising performance in solving unconstrained function
768 optimization problems, especially when the dimension of problem is high.

769 We evaluated the CPFOA's performance in 18 well-known standard benchmark functions, and

770 30 CEC’2017 functions. The experimental results from the benchmark functions clearly illustrated
771  that the CPFOA outperforms both the original and FOA variants in terms of the convergence speed,
772 the success rate, and the solution accuracy, in finding the optimal solution. The experimental results
773 conducted on CEC'2017 functions show that CPFOA can achieve a very promising accuracy when

774  compared with the well-known competitive algorithms.
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775 CPFOA is applied for training the MLPs to classified real life datasets, the results demonstrate
776  an achieving a higher level of accuracy in classification of the proposed CPFOA trainer than the
777  competitive algorithms.

778 Moreover, CPFOA is applied for T-S fuzzy system parameter extraction of Box and Jenkins gas
779  furnace data set. The results demonstrate that CPFOA can achieve a very promising accuracy of the

780  T-S fuzzy system in modeling when compared with the best known competitive algorithms.
781 The future work is applying CPFOA to optimize the multi-objective function problems, which
782  are a very challenging problem.
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