Applied Soft Computing Journal 92 (2020) 106314

Contents lists available at ScienceDirect

Applied Soft Computing Journal

journal homepage: www.elsevier.com/locate/asoc

Enhancing tree-seed algorithm via feed-back mechanism for
optimizing continuous problems™

Check for
updates

. . E3 . . . . . . .
Jianhua Jiang ***, Xiangiu Meng*?, Yunjun Chen?, Chunyan Qiu?, Yang Liu?, Keqin Li¢
2 Department of Data Science, Jilin University of Finance and Economics, Changchun 130117, PR China

b Key Laboratory of Symbolic Computation and Knowledge Engineering, Ministry of Education, Jilin University, Changchun, 130012, PR China
¢ Department of Computer Science, State University of New York, New Paltz, NY 12561, USA

ARTICLE INFO ABSTRACT

Article history:

Received 5 January 2019

Received in revised form 14 March 2020
Accepted 13 April 2020

Available online 21 April 2020

Tree-Seed Algorithm (TSA) is a novel population-based random search algorithm with its advantages
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Problem (1): its balance mechanism of exploration and exploitation is implemented with a constant ST,
and this fixed value is unreasonable in the random search procedure; Problem (2): the seed generation
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Continuous problems the basic TSA significantly, especially in global optimum. The applicability of the proposed fb_TSA is

proved by the 4 real engineering problems when compared with TSA, SCA, ABC and PSO.
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1. Introduction

Optimization problems refer to determining the value of some
optional variables under certain constraints to optimize the se-
lected objective functions [1]. It is the inherent characteristic of
achieving the best or the most advantageous (minimum or max-
imum) in a given situation [2]. Optimization problems contain
discrete [3,4] or continuous [5,6] structured solution space and
multi-objective optimization problems [7-9], etc. Hence, opti-
mization applies in engineering [ 10-12], industrial design [13,14],
design analysis and so on [15]. Meanwhile, nature-inspired com-
putation also becomes increasingly popular in engineering [16].
Many of these technologies have been inspired by the evolution of
biology that has produced extremely complex living systems [16].
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Since the 1970s, many heuristic algorithms have begun to
imitate natural phenomena [17,18]. In the past few years, many
nature-/bio-inspired optimization techniques were proposed.
Some of the recent and popular algorithms to solve continuous
optimization problems are the following :

e Evolutionary techniques: Genetic Algorithms (GA) [19], Dif-
ferential Evolution (DE) [20-22], Biogeography-Based Op-
timization algorithm (BBO) [23], and Evolution Strategy
(ES) [24] etc.

e Swarm intelligence techniques: Ant Colony Optimization
(ACO) [25], Particle Swarm Optimization (PSO) [26], Com-
prehensive Learning Particle Swarm Optimization (CLPSO)
[27], Artificial Bee Colony (ABC) [28,29] algorithm and Fire-
fly Algorithm (FA) [30] etc.

e Physics-based techniques: Gravitational Search Algorithm
(GSA) [31], Colliding Bodies Optimization (CBO) [32], and
Black Hole (BH) [33] etc.

e Human-related techniques: League Championship Algorithm
(LCA) [34], Mine Blast Algorithm (MBA) [35], and Teaching-
Learning-Based Optimization (TLBO) [36] etc.

To solve optimization problems, three main directions are pro-
posed including: improving the current techniques, hybridizing
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Fig. 1. Flow chart of the basic TSA.

Table 1
Definitions of the basic functions.

Definitions of the basic functions

i—1
High Conditioned Elliptic Function f) =32 (106D —1x2
Bent Cigar Function LX) =X2+10° 32 X?
Discus Function F(X)=105X2 + Y7 | X2
Rosenbrock’s Function faX) = f):’]l(]OO(XiZ —Xip1)? + (X — 1))
1 1
Ackley’s Function f5(X) = —20exp(—0.2,/ 5 Z,P:] X?) - exp(B 2?:1 cos(2X;))
Weierstrass Function f500) = X0 (8 gk cos(2 bk (X; + 0.5))]) — D Y A" [akcos(27b* @ 0.5); a = 0.5, b = 3, kmax = 20];
X? Xi
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Modified Schwefel’s Function fo = 418.9829 timesD — Z?:1 2(zi); zi = x; + 4.209687462275036e+002;
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. 10 . 2X; —round(2’X;)| — 10
Katsuura Function fro(X) = o ,a +’Zj3:21 {’271_'{)1312 -5
1/4
HappyCat Function fiX) = ‘(2?:1 X2 — D’ +(05Y_ X*+Y2 )D+05
. 1/2
HGBat Function Fo(X) = ‘(Z?:l X2 — (32, xl?)‘ (055, X2+ Y2 )/D+05
Expanded Griewank’s plus Rosenbrock’s Function fi3 = [(fa(X1, X2)) + f1(fa(X2, X3)) + ... fr(fa(Xp=1, Xp)) + f7(fa(Xp, X1))

(sin(y/X2 +y2)—0.5)
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P 8x.y) T A 0001X2 £ 22

s fia = g(X1, X2) + 8(X2, X3) + ....8(Xp—1, Xp) + &(Xp, X1)

different algorithms, and proposing new algorithms. The sec- some hybrid meta-heuristics in literature such as: BA-CGSA [42],
ond popular research direction deals with hybridizing differ-
ent algorithms to improve the performance [37-41]. There are STSA [43], MABC [44], PSO-GA [45], PSO-ACO [46], ACO-GA [47].
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Fig. 2. Flow chart of st_TSA.

Although a lot of hybrid algorithms have been put forward in
this field recently, there is no a concrete optimization algorithm
to achieve best optima for all optimization problems. Based on
no free lunch (NFL) theorem [48], a new hybrid optimization
algorithm needs to be proposed.

Tree-Seed Algorithm (TSA) [49] was put forward by Kiran in
2015, which is a population-based on evolutionary approaches
inspired by the relationship between trees and seeds, trees send
their seeds to the surface in propagation. And TSA has some
important advantages, such as : (1) it is simple and easy to be
implemented; (2) due to the seed generating mechanism, it has
strong capability of exploitation. It is proved that the TSA has
excellent optimization ability to solve continuous problems [49-
52]. Many variants of TSA are proposed to enhance the capability
of global searching. The major enhancements can be summarized
as follows:

e For unconstrained optimization problems, Ahmet Babalika
etal. (2017)[50,51] adopts Deb’s rules to enhance the search
capability of TSA.

e For complex optimization problems, Murat Aslan et al.
(2018) [52] proposed the Improved Tree-Seed Algorithm
(ITSA) to solve it.

e For continuous optimization problems, Jianhua Jiang et al.
has proposed the Sine Tree-Seed Algorithm (STSA) with the
inspiration of SCA to enhance the seed generation mech-
anism in TSA [43]. Even more, Jianhua Jiang et al. have
proposed a new balance mechanism between exploration
and exploitation in EST-TSA [53].

Currently, variants of TSA focus on different optimization
problems, such as unconstrained optimization problems [50,51],

complex optimization problems [52] and continuous problems
[43,53]. However, the feedback mechanism of TSA is not en-
hanced. For instance, the parameters of ST (search tendency) and
ns (number of seeds) are given in a constant or random value
without dynamic adjustment via feedback mechanism.

For the paper, the motivations are as following:

e When parameter ST takes different values, the optimal val-
ues are different. That is to say, when the ST value is not
fixed, the optimal value also changes, so the ST value is
dynamically adjusted by feed-back mechanism.

e The parameter ns determines the local optimum, and the
seed changes constantly update the tree, so the parameter
ns is dynamically adjusted by the feedback mechanism.

The feedback mechanism of TSA is a good design for the
evolution of trees and seeds. Seeds are generated by a tree and a
tree will be replaced by a better seed that has a minimal value of
all seeds generated by the tree. However, the definition of ST and
ns is very important to balance exploration and exploitation in
order to find the global optimal solution. It is obvious that the ns
value should be increased when better seeds are found around a
tree. That is to say, the ns value given with the random principle is
not scientific. Even more, the ST is a balancing factor to determine
Egs. (2) and (3) based on TSA [49]. Nevertheless, it is unreasonable
because it is common sense that the ST value is fixed through the
whole procedure of searching for optimal solutions. Hence, two
hypothesizes are given in this paper.

e Hypothesis 1 : Dynamic ST value determined by the feed-
back mechanism helps to find global optimal value through
the whole searching process.



e Hypothesis 2 : ns value determined by feedback mechanism

enhances the capability of finding a global optimal solution.
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Table 2
Benchmark functions of CEC 2014.

A. Unimodal functions:

Rotated High Conditioned Elliptic Function
Rotated Bent Cigar Function

Rotated Discus Function

Fi(x) = fi(M(x — 01)) + 100
F(x) = f(M(x — 02)) + 200
F3(x) = f3(M(x — 03)) + 300

B. Multimodal functions:

Shifted and Rotated Rosenbrock’s Function
Shifted and Rotated Ackley’s Function

Shifted and Rotated Weierstrass Function
Shifted and Rotated Griewank’s Function
Shifted Rastrigin’s Function

Shifted and Rotated Rastrigin’s Function
Shifted Schwefel’s Function

Shifted and Rotated Schwefel’s Function
Shifted and Rotated Katsuura Function
Shifted and Rotated HappyCat Function
Shifted and Rotated HGBat Function

Shifted and Rotated Expanded Griewank’s plus Rosenbrock’s Function

Shifted and Rotated Expanded Scaffer’s F6 Function

2.048(x — 04)

F4(x) = fa(M(—————) + 1) + 400

100

Fs(x) = fs(M(x — 05)) + 500

5(x

Fox) = fom( 22 %)) 4 600
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5.12(x — og)

Fs(x) = fs(M 7)) + 800

100
5.12(x — 09)

Fo() :fs(M(i)) + 900

Fro(x
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Fi1(x) = fo(M(——=——)) + 1100

100
( 012)

Fia(x) = fio(M(————)) + 1200

( 013)

Fi3(x) = fuu(M(————)) + 1300

( 014)

Fia(x) =f12(M(7)) + 1400

100
( 015)

Fi5(x) = fistM(———) + 1) + 1500

Fis(x

= fra(M((x — 015))]) + 1600

Hybrid functions

Fi7 = fo(M1Z1) + fs(M2Z2) + f3(M3Z3) + 1700

Fig = (M1Z1) + fs(M2Z>) + f3(M3Z3) + 1800

Fio = f(M1Z1) + fs(M2Z2) + f3(M3Z3) + fs(MaZs) + 1900
Fo = fia(MiZ1) + f5(M2Z3) + f13(M3Z3) + fs(MaZa) + 2000

p:
p:
p:

[0.3,0.3,0.4]
[0.3,0.3,0.4]
[0.2,0.2,0.3,03]

p=[0.2,0.2,0.3,0.3]

Fo1 = fis(Mi1Z1) + f12(M2Z2) + fa(M3Z3) + fo(MaZs) + f1(M5Z5) + 2100 p=[0.1,0.2,0.2,0.2, 0.3]
Fp2 = fio(MiZ1) + fu1(M2Z2) + f13(M3Z3) + fo(MaZa) + fs(MsZs) + 2200 p=[0.1,0.2,0.2,0.2, 0.3]
Notes:

Zy = Yy, Y5y evene 2

22 = [Ysurp10 Ysmsa ooeee > Ysnrana ]

= [Vszl(v:,l, ni41 vJ/sle:,l, n2 Yo

y =X —0;, S = randperm(1 : D), percentageofg;(x

ny = [p1D], np = [p2D], ..., ny—1 = [pn—1D], ny =D — Z 1n+1

Composition functions

Fys = w1 * Fj(x) + wy % [1e=6F|(x) 4 100] + w3 * [1e~2F}(x) 4 200]

+wq * [1e~SF(x) + 300] + ws * [1e75F](x) + 400] + 2300 o = [10, 20, 30, 40, 50]
Faq = wy % Flo(x) + wy # [F)(x) + 100] + w3 * [Fl,(x) + 200] + 2400 o = [20, 20, 20]

Fas = wy % 0.25F] (x) + w # [F}(x) + 100] + w3 * [1e~7F|(x) + 200] + 2500 = [10, 30, 50]

Fas = w1 # 0.25F);(x) + wy * [Fl5(x) + 100] + w3 x [1e~7F](x) + 200]

+wy  [2.5F}(x) 4 300] + ws * [1e76F](x) 4 400] + 2700 o =[10, 10, 10, 10, 10]
Fy7 = w1 * 10F|4(X) + wy * [10F4(x) + 100] + w3 * [2.5F] 1(x) + 200]

“Fwg % [25F]5(x) + 300] + ws * [1e75F|(x) -+ 400] + 2700 o == [10, 10, 10, 20, 20]
Fos = wy # 2.5F}5(x) + wy * [10F,(x) + 100] + ws  [2.5F| 1(x) + 200]

+wy * [56’4F{6(X) + 300] + ws * [1e’6F1'(X) + 400] + 2800 o == [10, 20, 30, 40, 50]
Fag = wy # Flo(X) 4 wy # [Flg(X) + 100] 4 w3 * [Fl4(X) + 200] 4 2900 o = [10, 30, 50]

Fso = wy * Fjo(X) + wy # [F)y(X) + 100] + w3 * [Fl,(x) + 200] + 3000 o =[10, 30, 50]

Notes:
D
1 Z) 1% — 05)
wi = exp(— 2Do?
Z] 1 = O'J i

)

In the paper, we propose st_TSA and ns_TSA to validate the
above two assumptions respectively. Furthermore, fb_TSA al-
gorithm is proposed to aggregate advantages from st_TSA and
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Fig. 3. Flow chart of ns_TSA.

ns_TSA with an integrated feedback mechanism to achieve a bet-
ter global optimal solution. Therefore, the major contributions of
this paper can be summarized as:

e The capability of balancing exploration and exploitation is
enhanced by the feed-back mechanism in TSA.

e Search tendency (ST) is redefined to improve the capability
of finding global optimal solutions.

e The seeds generation mechanism is redesigned with the
heuristic inspiration from the result of the last seeds.

This paper is presented as follows: In Section 2, firstly, the
theory and principle of the basic TSA is depicted and explained in
Section 2.1; secondly, how to redefine ST is explained in the pro-
posed st_TSA in Section 2.2; thirdly, how to redesign the ns gen-
eration mechanism is proposed in ns_TSA in Section 2.3; lastly,
the enhanced feedback mechanism with ST and ns is proposed
in Section by 2.4. In Section 3, the advantage of the proposed
st_TSA, ns_TSA, fb_TSA are proved by experiments in detail. In
Section 4, discussions are given to analyse the underlying reasons.
In Section 5, the proposed algorithm is applied and the result is
listed. Finally, conclusion and future works are given in the last
Section 6.

2. Method

The efficiency of optimization algorithms is usually deter-
mined by their ability to find a global optimal solution, and the
feedback mechanism can make the algorithm more effective [54,
55]. The feedback mechanism can balance the exploration and
exploitation better [56,57]. Meanwhile, the feed-back mechanism
is used in some algorithms [58], such as PSO [59], ABC [60],

ACO [61] and others [62]. In TSA, ST and ns are two vital pa-
rameters to achieve the global optimum. Hence, it is necessary
to combine feed-back with ST and ns to get better optimum.

2.1. TSA: Tree-Seed Algorithm

In the light of the metaheuristic algorithm, TSA is proposed
by Kiran (2015) as a novel algorithm for resolving of continuous
optimization problems [49]. TSA mimics the appearance that
trees send their seeds to the surface in the propagation and it is a
combination of trees and seeds to solve continuous optimization
problems. In its initialization phase, trees are generated in the
search space by using the Eq. (1).

(1)

where T;; is the j,; dimension of the iy, tree, r;j is a random num-
ber in range of [0,1] produced for each dimension and location,
Hj max is the higher bound of the search space, and L;j s is the
lower bound of the search space. Any seed comes from a tree. In
TSA, seeds are generated through Eqgs. (2) and (3).

Tij = Limin + 7ij X (Hjmax — Lj,min)

Sjyj = Tj,j + ajj X (Bj — Tryj)
Sij=Tij+aij x(Tij =T ;)

(2)
(3)

where S;; is the j; dimension of the iy seed which is produced
by the iy tree, o;; which is the scaling factor that is produced
in range of [-1, 1] randomly, B; is the jg, dimension of the best
tree location obtained so far (B), T;; is the jy dimension of a
tree randomly selected from the population, the number of the
seeds produced from a tree is controlled with principle of Kiran
(2015) [49]. The minimum (S ) (10%) and maximum (Spay) (25%)
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values of the number of seeds are generated by using the Eqs. (4)
and (5).

Smin = 10% x N (4)
Smax = 25% x N (5)

For all experiments, the termination condition depends on the
maximum times of function evaluations (MaxFEs) by Eq. (6), and
function evaluations (FEs) are updated by Eq. (7).

MaxFEs = D x 10000 (6)
FEs = FEs + ns (7)

where ns is the number of seeds produced by a tree. The detailed
algorithmic framework of TSA is given in Algorithm 1 and its flow
chart is given in Fig. 1.

Algorithm 1: The basic Tree-Seed Algorithm

Step 1: Initialize parameters:
1.1 Set up the number of tree population (N)
1.2 Put up the search tendency ST parameter (ST= 0.1)
1.3 Set the problem dimensions (D)
1.4 Initial the FEs to record the number of function
evaluations (FEs)
1.5 Determine the termination condition (MaxFEs)
1.6 i and k are indicated the sequence of any tree and seed
respectively (i,k)
Step 2:
While FEs < MaxFEs
21Fori:N
2.1.1 Generate the number of seeds for each tree (ns(i))
randomly
2.1.2 For k <= ns(i)
Update the position of the kg, seed;
Evaluate the objective of the ky, seed;
End For
2.1.3 Extract the minimum objective value (minimum) of all
ns(i) seeds
2.1.4 Update FEs by Eq. (7)
2.1.5 If minimum < the objective value of the iy, tree
Update the position of the iy, tree
Update the objective value of the iy, tree
End If
End For
End While

Problems of TSA concerned in this paper is as follows :

Problem [1] It is unreasonable to set the value of ST as a
constant [49]. As shown in Tables 3-6, when the value of ST
changes, the optimum will change accordingly. When the value of
ST is smaller, the optimal value will be smaller. Hence, the value
of ST being a constant is not a good choice in the basic TSA.

Problem [2] It is unscientific to generate seeds randomly.
According to Kiran (2015) [49], the setting of parameters ns is
random. As shown in Tables 7-10, experiments and observation
demonstrate that the optimal value will change when ns changes.
Hence, the optimum is influenced by the number of seeds. And
the relation between the number of seeds and the better number
of seeds affects the algorithm’s optimum, so the setting of param-
eter ns is unreasonable. By summarizing the above disadvantages
and problems, the following three subsections will solve them
pertinently.

2.2. st_TSA: Tree-Seed Algorithm with ST feed-back mechanism

According to Kiran (2015) [49], parameter ST controls the
Egs. (2) and (3) to generate the new location of seeds from
a tree in range of [0,1]. According to Tables 3-6, the dynamic

adjustment of ST influences the optimum value. Nevertheless,
when the value of ST gets lower, the convergence is slower but
the global search is powerful. In other words, the exploration
and exploitation capabilities of the TSA are controlled by the ST
parameter [49]. In the proposed st_TSA, a ST feedback mechanism
is proposed to change ST value dynamically in the search proce-
dure. In TSA, there is no feed-back mechanism for ST value. In
the whole search procedure, the ST value is fixed. However, as
the illustration in Tables 3-6, it has been proved unreasonable,

The feedback mechanism of ST is proposed since the ST can
balance the exploration and exploitation to find the optimum.
According to Tables 3-6, illustrate that the ST happens to change
and the optimum changes. The main step of the st_TSA is shown
in Algorithm 2, and the workflow is expressed in Fig. 2. When
the minimum is smaller than the objective, ST value is updated by
Eq. (8). It is used to reduce local search opportunities and increase
global search opportunities. Conversely, Eq. (9) is used to increase
the chance of local search and improve the efficiency of finding
the optimum.

ST = ST —x (8)
ST=ST+y (9)

where, through constant experimentation and common sense
that the value of x is 0.02 and the value of y is 0.04 in this paper.
Algorithm 2 :st_TSA: Tree-Seed Algorithm with ST feed-back
mechanism
Step 1: Initialize parameters:
1.1 Set up the number of tree population (N)
1.2 Put up the search tendency ST parameter (ST)
1.3 Set the problem dimensions (D)
1.4 Initial the FEs to record the number of function
evaluations (FEs)
1.5 Determine the termination condition (MaxFEs)
1.6 i and k are indicated the sequence of any tree and seed
respectively (i,k)
Step 2:
While FEs < MaxFEs
21 Fori:N
2.1.1 Generate the number of seeds for each tree (ns(i))
randomly
2.1.2 For k <= ns(i)
Update the position of the k, seed;
Evaluate the objective of the k;, seed;
End For
2.1.3 Extract the minimum objective value (minimum) of all
ns(i) seeds
2.1.4 Update FEs by Eq. (7)
2.1.5 If minimum < the objective value of the i, tree
Update the value of ST by Eq. (8)
Else
Update the value of ST by Eq. (9)
End If
End For
End While

By enhancing feedback mechanism, the value of ST can be
updated dynamically and revised continuously to achieve relative
good results, the better performance of the proposed st_TSA is
verified in Tables 7-10.

2.3. ns_TSA: Tree-Seed Algorithm with ns feed-back mechanism

The seed plays a role in spreading to find optimal values, but
the number of seeds generated from trees randomly is unrea-
sonable. When the number of seeds generated is random, many
situations may happen, such as falling into the local optimum
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situation or ignoring local optimum. These will reduce the effi-
ciency of the algorithm. So we propose a new seed generation
mechanism to improve its efficiency. The main step is expressed
in Algorithm 3, and the flow chart is shown in Fig. 3. The number
of seeds is initialized by Eq. (10).

ns; = (smin + S‘max) x 0.5 (10)

where ns; refers to the number of seeds generated by the iy, tree.
As shown Tables 7-10 shows, when the value of seed is better
than the objective value of trees, the number of seeds will be
increased to enhance the local search and the number of seeds is
updated by Eq. (11) to form iy, tree. By contraries, when the value
of seed is worse than the objective value of trees, the number of
seeds will be reduced to increase the global search and Eq. (12)
is used to update the number of seeds for iy, tree. Hence, the
ns; should be considered to have dynamic changes to choose a
reasonable value. Through experiments, a and b are determined
as 2 and 2 in this paper, respectively

ns; =ns;+a (11)
nsi=ns;—b (12)

Algorithm 3 ns_TSA: Tree-Seed Algorithm with ns feed-back
mechanism
Step 1: Initialize parameters:
1.1 Set up the number of tree population (N)
1.2 Put up theST parameter (ST)
1.3 Set the problem dimensions (D)
1.4 Initialize the FEs to record the number of function
evaluations (FEs)
1.5 Determine the termination condition (MaxFEs)
1.6 i and k are indicated the sequence of any tree and seed
respectively (i,k)
Step 2:
While FEs < MaxFEs
1.7 Calculate the number of seeds initialized through Eq. (10)
2.1Fori:N
2.1.1 Generate the number of seeds (ns(i)) for each tree
randomly
2.1.2 For k <= ns(i)
Update the position of the ky, seed;
Evaluate the objective of the k;;, seed;
End For
2.1.3 Extract the minimum objective value (minimum) of all
ns(i) seeds
2.1.4 Update FEs by Eq. (7)
2.1.5 If minimum < the objective value of the i, tree
Update the number of ns by Eq. (11)
Else
Update the number of ns by Eq. (12)
End If
End For
End While

On the basis of Kiran (2015) [49], ns affects the procession of
searching to the optimal value. Once the seed is the optimal value,
it is updated immediately. The feed-back mechanism is used to
update the optimal value continuously. When the optimal value
is the seed, the possibility of local searching increases. Otherwise,
the possibility of local searching will be reduced.

2.4. fb_TSA: Tree-Seed Algorithm with feedback mechanism of up-
dating ns and ST values

Exploration and exploitation are two important parts for the
evolutionary algorithm, but exploration and exploitation are un-
balanced in TSA. According to Sections 2.2 and 2.3, the dynamic

adjustment of ST can make the exploration and exploitation
achieve better balance. The number of seeds changes by Eqgs. (11)
and (12), it can balance the opportunity to find the local and
global optimum. ns constantly changes to decrease the unnec-
essary search and increase the chance of seeds to become local
optimum. So we can combine Algorithm 2 and Algorithm 3 to
balance, and the integration is called Tree-Seed Algorithm with
Feed-Back mechanism (fb_TSA). fb_TSA can make the balance
of exploration and exploitation. By using the Egs. (11) and (12)
to change the number of seeds and using the Egs. (8) and (9)
to adjust the value of ST dynamically. The constant adjustment
for the value of ST and ns is helpful to balance exploration and
exploitation. When the number of seeds is equal with the low
number of seeds, the way of generating seeds will be changed, it
is generated by Eq. (13).

Sij=Trj+aiyx(Tij—Tp ) (13)

The flow chart of fb_TSA is shown in Fig. 4, and the process is
shown in detail in Algorithm 4. The experiment shows that the
proposed algorithm can achieve a better balance. The results are
shown in Tables 11 and 12

Algorithm 4 fb_TSA: Tree-Seed Algorithm with Feed-Back
mechanism of updating ns and ST values

Step 1: Initialize parameters:

1.1 Set up the number of tree population (N)

1.2 Put up the ST parameter (ST)

1.3 Set the problem dimensions (D)

1.4 Initial the FEs metric to record the times of function
evaluations (FEs)

1.5 Determine the termination condition (MaxFEs)

1.6 i and k are indicated the sequence of any tree and seed
respectively (i,k)

1.7 Calculate the number of seeds initialized through the Eq.

(10)
Step 2:

While FEs < MaxFEs

21Fori:N

2.1.1 Generate the number of seeds for each tree (ns(i))
randomly

2.1.2 For k <= ns(i)
If ns ==nSeedLow
Update the position of the k;, seed by Eq. (13)
else
If rand <ST
Update the position of the k;, seed by Eq. (2);
Else
Update the position of the k;, seed by Eq. (3);
End If
Evaluate the objective of the kg, seed ;
End If
End For
2.1.3 Extract the minimum objective value (minimum) of all
ns(i) seeds
2.1.4 Update FEs by Eq. (7)
2.1.5 If minimum < the objective value of the iy, tree
Update the number of ns by Eq. (11)
Update the value of ST by Eq. (8)
Else
Update the number of ns by Eq. (12)
Update the value of ST by Eq. (9)
End If
End For
End While
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Start Initialize parameters Generate & evaluate N
(ST,N,D,MaxFEs) trees
Output the
result

Update the objective
value of the ith tree

Update the position of
the ith tree
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Update the position of
ki seed by Eq. (2)

Update the position of'
kth seed by Eq. (3)

|

|

Decrease the value of ST |
by Eq.(8) |

|

Increase the value of ST I
by Eq.(9)

Extract the minimum of
all ns(i) seeds

minimum < the objective
value of it tree?

ST and ns_feedback mechanism

Fig. 4. Flow chart of fb_TSA.

3. Experiments and results
3.1. Experimental fundamentals

The quality of the capability of the proposed algorithm is
tested by CEC2014 and it contains 30 test benchmark functions,
such as unimodal functions, simple multimodal functions, hybrid
functions, and composition functions. They are listed in Tables 1
and 2. 30 random experiments are performed by CEC 2014 in four
different dimensions, including 10, 30, 50 and 100.

3.2. Experimental environment

For these experiments, the variants are coded in Matlab R2015b
environment under the Windows 10 operating system, all simu-
lations are running on the computer with Intel Core(TM) i3-6100
CPU @ 3.70 GHz and its memory is 8G.

3.3. Specific parameters

To better demonstrate the advantages of fb_TSA, it is com-
pared to TSA [49], STSA [43], GWO [63], ABC [28,29], SCA [64],
DE [20], PSO [26], CLPSO [27]. The population size of all methods
is set to 30 and max iteration is 500. The c1 (coefficient of the
cognitive component) and c2 (coefficient of the social component)

as PSO algorithm control parameters are set to 2 and 2 respec-
tively. ABC algorithm has one control parameter named as a limit
specific to the method which is set to 180. CLPSO algorithm is a
variant of PSO and c1 and c2 for CLPSO are 1.49445 and 1.49445,
respectively.

3.4. Test the influence factor of ST parameter in four different di-
mensions

The performance and efficiency of the proposed st_TSA are
tested on thirty well-known benchmark functions and listed in
Tables 1 and 2. The results are listed in Tables 3-6. Based on
different dimensions, dynamic changes for the value of ST can
change the optimum. When the x and y vary in a certain range,
the optimum also has slight changes. In the light of four tables,
dynamic changes for ST can change the balance of the exploration
and exploitation and the Eqgs. (2) and (3) are used effectively.

3.5. Test the influence factor of ns parameter in four different di-
mensions

The performance of proposed ns_TSA is also tested on 30
benchmark functions, and the relationship of the number of bet-
ter seeds and the number of seeds has a certain correlation. And
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Table 3 Table 5
st_TSA: Dynamic changes of the value of ST for 30 benchmark functions in D st_TSA: Dynamic changes of the value of ST for 30 benchmark functions in D
= 10. = 50.
Function X[y Function x[y
0.02/0.04 0.001/0.04 0.1/0.04 0.02/0.1 0.02/0.04 0.001/0.04 0.1/0.04 0.02/0.1
F 120579.69 143366.65 156127.86 157701.37 Fi 3.49E+4-08 3.19E4-08 3.34E+08 3.48E+08
F, 890.40 607.86 877.78 944.92 F, 2.43E+08 1.69E+08 2.07E+08 1.86E+4-08
F3 2014.66 1905.68 2076.17 1866.52 F3 125461.52 126847.52 119272.47 124440.71
F4 400.74 401.25 402.93 402.27 Fy 956.34 973.85 972.36 958.76
Fs 519.65 519.91 519.80 519.79 Fs 521.18 521.17 521.19 521.19
Fs 600.00 600.00 600.00 600.00 Fs 654.60 653.98 654.68 652.87
F; 700.21 700.22 700.22 700.23 F; 702.18 701.84 702.11 702.01
Fs 807.04 806.16 805.81 805.92 Fs 1205.95 1217.27 1189.97 1203.77
Fo 921.86 920.33 919.70 920.15 Fo 1368.10 1363.22 1363.41 1361.35
Fio 1104.32 1122.47 1129.80 1112.74 Fro 12556.59 12561.87 12665.82 12571.19
Fiq 1986.17 2023.81 2041.67 2054.22 Fi1 14839.77 14735.92 14735.53 14835.90
Fiz 1201.21 1201.16 1201.12 1201.24 Fiz 1203.72 1203.76 1203.85 1203.75
Fi3 1300.18 1300.19 1300.19 1300.17 Fi3 1300.76 1300.72 1300.76 1300.74
Fia 1400.21 1400.20 1400.21 1400.21 Fia 1400.44 1400.44 1400.41 1400.42
Fis 1502.23 1502.26 1502.40 1502.21 Fis 1856.99 1831.26 1857.27 1828.71
Fis 1602.67 1602.69 1602.65 1602.75 Fis 1622.51 1622.53 1622.48 1622.56
Fi7 4759.82 4697.38 4155.88 4290.16 Fi7 1.78E+07 1.55E+07 1.65E+07 1.54E+07
Fig 3090.61 2911.49 3533.58 3238.33 Fis 2677.38 2796.17 2765.09 2864.93
Fig 1900.97 1900.96 1900.90 1900.92 Fig 1968.51 1969.98 1970.53 1966.26
Fxo 2193.95 2215.25 2237.43 2171.47 Fxo 42144.92 46176.33 46070.98 37967.16
F> 2438.99 2445.43 2451.44 2491.99 F> 6.53E+06 6.16E+06 6.77E+06 7.14E4+06
F 2211.66 2213.39 2212.76 2211.58 Fy 3877.58 3914.31 3905.72 3855.75
Fy3 2629.46 2629.46 2629.46 2629.46 Fa3 2646.22 2646.07 2646.17 2645.97
Foq 2521.92 2522.37 2522.04 2523.69 Fouq 2694.78 2693.53 2694.29 2694.55
Fys 2664.35 2668.27 2664.63 2666.96 Fys 2769.92 2772.40 2771.72 2771.99
Fy 2700.19 2700.18 2700.18 2700.19 Fa 2761.75 2776.64 2747.59 2746.11
Fyy 2793.44 2818.00 2781.00 2782.21 Fy7 4192.30 4203.48 4198.80 4219.09
Fyg 3149.82 3157.18 3186.16 3176.42 Fog 5833.91 5847.92 5770.75 5873.97
Fyg 3672.45 3732.17 3727.34 3850.37 Fxg 1.21E+06 1.05E+06 1.11E4-06 1.17E4-06
F3o 4307.48 4211.99 4304.75 4226.16 F3o 1.34E4-05 1.36E+05 1.13E+05 1.34E+05
Table 6
Table 4 st_TSA: Dynamic changes of the value of ST for 30 benchmark functions in D
st_TSA: Dynamic changes of the value of ST for 30 benchmark functions in D = 100.
= 30. Function x[y
Function xly 0.02/0.04 0.001/0.04 0.1/0.04 0.02/0.1
0.02/0.04 0.001/0.04 0.1/0.04 0.02/0.1 F 2.38E409 2.39E409 2326409 2.29E409
F 8.55E+07 9.50E+07 9.48E+07 8.79E+07 F 5.34E+10 5.28E+10 5.28E+10 5.17E+10
F 3.52E+05 4.31E4+05 4.61E4-05 3.61E+05 F3 342324.14 350008.12 356023.33 356126.63
F3 42403.19 41006.05 38807.03 42721.43 Fy 8912.98 8590.09 8781.36 8850.82
Fy 555.40 533.72 547.91 547.96 Fs 521.36 521.36 521.37 521.37
Fs 520.98 521.00 520.99 521.02 Fs 743.33 742.81 743.85 743.64
Fs 622.11 622.98 623.11 623.72 F; 1175.70 1136.10 1158.04 1158.93
F 700.03 700.02 700.04 700.02 Fg 1894.81 1889.46 1863.41 1871.78
Fg 966.29 964.94 975.14 969.45 Fy 2098.22 2076.13 2103.53 2096.92
Fy 1116.42 1122.02 1119.76 1115.61 Fio 2982547 29610.81 29706.01 29453.49
Fio 6246.49 5942.79 6152.42 6232.02 Fi1 32372.35 32183.21 32027.41 32128.58
Fi1 8258.63 8142.86 8172.20 8236.16 Fiz 1204.64 1204.55 1204.49 1204.58
Fiz 1202.86 1202.74 1202.81 1202.76 Fi3 1303.38 1303.29 1303.42 1303.41
Fi3 1300.50 1300.50 1300.51 1300.50 Fi4 1532.31 1533.55 1535.27 1532.10
Fiq 1400.33 1400.32 1400.32 1400.32 Fi5 711200.83 599522.18 613187.23 579062.88
Fis 1519.96 1519.54 1519.81 1519.91 Fig 1646.90 1646.92 1646.95 1646.90
Fi6 1612.74 1612.76 1612.73 1612.70 Fi7 2.21E+08 2.11E+08 2.17E+08 2.08E+08
Fi7 1.85E+06 2.31E4+06 1.68E+06 2.01E+06 Fig 2925.30 3873.09 3091.23 3181.64
Fis 2162.65 2276.98 2330.89 2263.44 Fig 2146.09 2142.54 2142.39 2149.12
Fi9 1907.92 1907.82 1908.00 1908.24 Fxo 258120.80 256586.28 272802.09 259771.47
Fyo 17677.63 16709.29 16917.73 17038.99 F>1 9.04E+07 8.54E+07 9.58E+07 9.48E+07
F> 4.16E+05 3.87E+05 3.66E+05 3.49E+05 F> 7043.48 6975.28 6972.78 7093.97
Fx 2742.69 2699.92 2719.30 2699.70 Fys3 2767.61 2765.08 2765.53 2763.77
Fy3 2615.27 2615.27 2615.27 2615.27 Foq 2992.75 2991.42 2992.32 2989.50
Foq4 2627.58 2627.52 2627.41 2627.47 Fys 3045.71 3044.33 3042.34 3039.12
Fys 2723.20 2722.21 2722.92 2723.05 Fs 2995.37 2991.78 2985.54 2989.51
Fa 2700.60 2700.56 2700.59 2700.72 Fy7 6408.97 6368.61 6341.93 6366.62
Fy7 3218.27 3172.02 3210.21 3192.01 Fag 20230.98 20392.11 20018.54 20096.33
Fog 4041.63 4039.32 4033.98 4028.66 Fyg 2.40E+07 2.21E+07 2.28E+07 2.53E4+07
Fxg 24793.31 27046.46 35228.97 26886.21 F3o 2.55E+06 2.39E4+06 2.40E+-06 2.30E4+-06
F3o 13072.70 13581.42 14091.94 13446.83
3.6. Test the influence from the feedback mechanism of ns and ST
the number of seeds changes dynamically by Egs. (11) and (12).  values in four different dimensions

The optimum of fb_TSA is better than st_TSA, ns_TSA, and TSA.

In Tables 7-10, the results are presented. It is seen in Tables 11 and 12. The convergence curve is better
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Table 7 Table 9
ns_TSA: Dynamic changes of the value of ns for 30 benchmark functions in D ns_TSA: Dynamic changes of the value of ns for 30 benchmark functions in D
= 10. = 50.
Function a/b Function a/b
2/2 1/3 3/1 1/5 2[2 1/3 3/1 1/5
Fy 4.53E405 3.77E+05 4.76E4-05 3.69E+05 Fy 4.25E+08 4.24E+08 4.31E408 4.25E4+08
F 1167.49 1348.81 1442.26 980.32 F, 1.45E4+09 9.36E+08 1.83E4+09 6.37E+08
F3 3389.85 3730.56 3893.18 3962.28 F3 1.53E+4-05 1.50E+-05 1.52E4-05 1.49E+4-05
Fy 404.70 403.04 404.97 402.29 F4 1452.39 1295.75 1392.69 1233.90
Fs 520.20 520.18 520.06 520.23 Fs 521.20 521.21 521.21 521.20
Fg 600.02 600.00 600.11 600.00 Fs 658.16 657.93 659.05 658.62
F 700.33 700.34 700.35 700.26 F 711.57 707.49 713.87 705.12
Fg 810.86 811.17 811.31 810.93 Fg 1229.58 1231.09 1235.46 1226.39
Fy 925.89 924.52 926.36 926.18 Fy 1385.03 1382.00 1383.39 1387.94
Fio 1383.53 1361.23 1341.03 1398.61 Fio 13451.24 13296.01 13262.92 13285.88
Fi1 224474 2215.40 2176.11 2237.92 Fiy 14970.15 14918.83 14992.60 14958.87
Fip 1201.33 1201.26 1201.32 1201.29 Fip 1204.01 1203.97 1203.86 1203.91
Fi3 1300.21 1300.20 1300.21 1300.21 Fi3 1300.82 1300.82 1300.82 1300.78
Fia 1400.24 1400.25 1400.23 1400.22 Fia 1400.60 1400.49 1400.56 1400.53
Fis 1502.46 1502.59 1502.35 1502.48 Fis 4543.16 4209.01 4512.64 3326.49
Fig 1602.89 1602.89 1602.97 1602.88 Fis 1622.65 1622.69 1622.66 1622.64
Fi7 6901.81 7405.80 6389.38 6703.02 Fi7 2.36E+4-07 2.42E+07 2.53E+07 2.22E+07
Fig 3519.87 3210.12 2907.60 3484.34 Fis 2681.37 2767.31 2641.96 2745.88
Fig 1901.25 1901.46 1901.31 1901.24 Fio 1972.86 1969.45 1975.67 1974.08
Fao 2447.32 2438.07 2655.50 2493.25 Fyo 62106.92 60657.03 62519.63 61252.65
Fy1 2925.59 2844.71 2965.28 2727.24 Fx 8.37E+06 8.23E+06 9.26E+06 9.36E+06
Fy 2220.20 2221.32 2222.52 2219.10 Fx 4027.00 3978.57 4006.82 4127.05
Fa3 2629.46 2629.46 2629.46 2629.46 Fas 2651.18 2649.53 2652.23 2648.50
Fou 2530.06 2529.01 2527.88 2527.68 Fou 2708.30 2706.79 2710.06 2705.20
Fas 2676.94 2680.38 2674.62 2672.52 Fas 2782.98 2781.64 2781.75 2779.01
Fs 2700.21 2700.21 2700.23 2700.21 Fa 2779.78 2777.31 2798.06 2777.65
Fa7 2773.53 2792.80 2760.24 2770.00 Fy7 4356.85 4348.34 4364.52 4361.49
Fpg 3186.38 3196.32 3187.29 3194.02 Fag 6406.88 6503.46 6981.24 6461.94
Fag 3988.99 3925.19 3746.83 3848.65 Fag 2.67E+06 2.09E+06 2.56E+06 2.57E+06
F3o 4446.20 4488.96 4519.55 4500.36 F3o 2.45E+405 2.19E+05 2.36E+05 2.21E+05
Table 8 Table 10
ns_TSA: Dynamic changes of the value of ns for 30 benchmark functions in D ns_TSA: Dynamic changes of the value of ns for 30 benchmark functions in D
= 30. = 100.
Function a/b Function a/b
2/2 1/3 3/1 1/5 2/2 1/3 3/1 1/5
Fy 1.29E4-08 1.25E4+-08 1.32E4-08 1.25E4-08 F 2.70E+09 2.42E+09 2.92E+09 2.70E+09
F 3.02E+06 1.57E4+06 4.13E4-06 1.25E4-06 F, 5.24E+10 6.76E+10 8.60E+10 cfv8.05E+10
Fs 54845.99 55310.10 55723.87 51264.88 F3 332440.41 387565.90 353786.25 393337.03
Fy 598.21 584.76 590.19 588.08 F4 7829.39 12248.54 11841.54 11681.93
Fs 521.03 521.02 521.03 521.02 Fs 521.36 521.36 521.37 521.37
Fg 628.61 627.74 628.96 627.55 Fes 740.21 748.19 747.33 744.73
F; 700.36 700.17 700.46 700.09 F; 1175.98 1349.55 1322.44 1397.61
Fg 987.08 993.75 989.12 989.44 Fg 1916.14 1946.06 1916.84 1928.23
Fo 1130.89 1122.07 1129.25 1127.57 Fo 2091.93 2138.19 2147.27 2135.88
Fio 6839.34 6677.79 6663.64 6878.79 Fio 30569.22 30767.82 30975.29 30827.49
Fiq 8362.33 8385.34 8355.41 8390.63 F1 32292.32 32361.47 32079.33 32685.85
Fip 1202.98 1203.01 1202.91 1202.97 Fia 1204.45 1204.99 1204.81 1204.53
Fi3 1300.55 1300.57 1300.56 1300.56 Fi3 1303.51 1304.30 1304.40 1304.17
Fiq 1400.34 1400.35 1400.35 1400.33 Fia 1520.04 1582.62 1600.50 1579.50
Fis 1522.77 1521.87 1522.30 1521.52 Fis 8.21E+05 1.50E4+-06 1.23E4+06 8.57E+05
Fi6 1612.83 1612.83 1612.90 1612.78 Fi6 1647.04 1647.06 1647.14 1646.82
Fi7 3.08E+06 3.00E+06 3.50E+06 3.25E+06 Fi7 2.23E+08 2.45E+08 2.94E+08 2.26E+08
Fig 2407.15 2370.39 2657.56 2356.37 Fis 3183.29 3146.85 38452.80 3199.31
Fio 1908.80 1908.57 1909.00 1908.74 Fio 2151.88 2286.38 2210.69 2167.21
Fy 24833.39 26193.80 22964.87 22457.05 Fxo 2.44E+05 3.07E+05 2.41E+05 4.50E+05
Fy 619146.60 617581.81 627699.21 453094.70 Fy1 6.51E+07 1.22E4-08 1.04E4-08 1.26E+-08
Fa 2777.40 2827.62 2819.96 2811.21 Fa 6835.99 7186.81 6828.34 7018.42
Fy3 2615.75 2615.49 2615.83 2615.42 Fys3 2772.80 2819.86 2834.53 2812.32
Fay 2630.15 2629.74 2630.51 2629.14 Faq 3010.45 3024.71 3049.61 3030.09
Fys 2726.79 2726.93 2728.12 2727.77 Fs 3112.19 3066.19 3092.88 3093.21
Fs 2700.76 2700.70 2704.45 2700.68 F 2990.29 2972.90 2998.84 3018.60
Fy7 3317.09 3324.98 3316.00 3292.98 Fy; 6369.76 6358.10 6428.84 6465.73
Fag 4106.59 4107.76 4100.24 4092.95 Fs 19151.57 23152.07 23080.88 21043.86
Fag 71539.07 79267.32 81491.19 83470.96 Fag 1.92E4+-07 5.06E+07 4.89E+4-07 4.93E+407
F3o 21713.52 19938.71 21734.66 20602.55 F3o 2.15E+06 3.69E+06 4.47E4+06 3.37E+06

than st_TSA, ns_TSA and TSA, they are presented in Figs. 5-8. The experiment, compared fb_TSA with TSA, STSA, GWO, ABC, SCA,
optimum of fb_TSA is better than TSA, STSA, GWO, ABC, SCA, DE, DE, PSO and CLPSO, the convergence curve are shown in Figs. 9,
PSO and CLPSO, the results are shown in Tables 13-16. In the third 10, 11 and 12.
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Fig. 5. Convergence curve of TSA, st_TSA, ns_TSA and fb_TSA, D=10.

4. Discussion
4.1. Discuss computational complexity

As for the TSA algorithm, its complexity is determined by
the number of populations (N), the average number of seeds
generated by each tree (n1s), and its maximal iterations (M), hence
its complexity is O(N x ns x M ). However, based on the analysis of
the basic procedure of the proposed st_TSA, ns_TSA and fb_TSA,
they do not increase any circles in their workflows when com-
pared with TSA. Therefore, the computing complexity of proposed
ns_TSA, st_TSA and fb_TSA is the same as the basic TSA with
O(N x ns x M). Tables 17-20 provide the mean CPU execution
time results (in seconds) between the TSA, STSA, GWO, ABC, SCA,
DE, PSO and CLPSO on 10D, 30D, 50D and 100D benchmark test
functions in CEC 2014. From Tables 17-20, compared with the

TSA, STSA, GWO, ABC, SCA, DE, PSO and CLPSO algorithms, the
proposed fb_TSA requires less CPU execution time (in seconds)
than STSA.

4.2. Discuss the influence of ST and ns

The statistical results, numerical results, and convergence of
the new hybrid method is tested, and the numerical solutions
obtained are compared with the recent algorithms, such as TSA,
STSA, GWO, ABC, SCA, DE, PSO and CLPSO. For all the experiments
mentioned above, the following analysis for two hypotheses for
this paper can be obtained:

Discussion [1] According to Tables 3-6. It can be seen that the
ST plays a vital role in regulating balance. When the value of ST
is high, the Eq. (2) is used to carry on powerful local search. By
contraries, Eq. (3) is used to implement a powerful global search.
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Fig. 6. Convergence curve of TSA, st_TSA, ns_TSA and fb_TSA, D=30.

The feedback mechanism is enhanced by updating the value of ST
in Egs. (8) and (9). As can be seen from Tables 3-6, continuous
revisions of ST value and dynamic adjustments can achieve a
good balance between exploration and exploitation.

Discussion [2] When the number of seeds is random, it is
unreasonable. According to Eqs. (11) and (12), it can increase
the opportunity to find local optimum. It fits with the com-
mon sense and can decrease the unnecessary search of seeds.
However, when one over ten number of seeds is smaller than
the number of better seeds, the optimum is better. There is a
relatively good result and a balance between exploration and
exploitation can be achieved. According to the number of seeds, it
shows that the feed-back mechanism plays an important role. The
number of seeds is updated and finally, achieves good condition.
The mechanism adjusts the local and global optimum to update
continuously.

Discussion [3] fb_TSA is tested by benchmark functions, the
results present that fb_TSA has better optimum than TSA. Ac-
cording to the experimental results, we can find some advantages
of fb_TSA: the optimum can get better. It shows that updating
the ST value and adjusting the number of seeds can balance
exploration and exploitation well. The feed-back mechanism can
work by dynamic ST and ns, exploration and exploitation can be
adjusted, the optimum is not ignored. fb_TSA is compared with
other recent algorithms, such as TSA, STSA, GWO, ABC, SCA, DE,
PSO and CLPSO. According to Tables 13-16, the st_TSA, ns_TSA,
and fb_TSA have better results than TSA. And the fb_TSA has a
better result than ABC, SCA, PSO and CLPSO.

fb_TSA is compared with TSA, STSA, GWO, ABC, SCA, DE, PSO
and CLPSO and the statistic results are shown in Tables 21-
24 from 4 different dimensions, the value of p is small. But
in Tables 21 and 25, the p of GWO exceeds 0.1. Hence, there
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Fig. 7. Convergence curve of TSA, st_TSA, ns_TSA and fb_TSA, D=50.

is no difference between GWO and fb_TSA. For two hypothesis
in the introduction, they are true through Wilcoxon’s test in
different dimensions. In addition, Friedman tests also prove the
two hypothesis from Table 25. From all the above results, we
can see that fb_TSA has TSA with more than half of the function
optimal value is better than TSA, STSA, GWO, ABC, SCA, DE, PSO
and CLPSO. For fb_TSA with 30, 50 and 100 dimensions, more
than 20 test functions can get smaller optimal values. Specially,
fb_TSA has worse than GWO for 10 dimension. In summary, we
can see that the result of the proposed algorithm is prominent

and the proposed algorithm is acceptable.

5. Application
5.1. Example 1: the tension/compression spring design problem

The Tension/Compression Spring Design problem (T/CSD) is a
continuous constrained problem and this problem was described
by Belegundu in 1982 [65]. The design variables are the mean coil
diameter D, the diameter d and the number of active coils N, as
shown in Fig. 13. The problem can be described as:

Consider : x=[x1, X2, X3]=[d,D,N]

Minimize : f(x) = (N + 2)Dd?

Subject to :

&i1(x) 71785D% —
x) 4D* — dD 1 1<0
X —

& 510842

~ 12566(Dd® — d4)
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=1 140.45d _

&) = DN =
D+d

gx)=———-1<0

The problem consists of the design variables is the following:
0.050000 < d < 2.000000, 0.25000 < D < 1.300000 and
2.000000 < N < 15.000000. The solution shown for the
technique proposed here is the best produced after 30 runs, the
optimal results of the problem are presented in Table 26. The
result for the tension/compression spring design problem, the
fb_TSA is the best among these optimization algorithms.

5.2. Example 2: The pressure vessel design — PVD problem

Pressure vessel design pressure refers to the pressure used
to determine the thickness of the pressure vessel shell at the

corresponding design temperature. It is given by Kannan and
Kramer [66] and can be describe :

Find:

X= [X1, X2, X3, Xa]= [Ts, Th, R, L];

to minimize: f(x) = 0.6224x1x,X3+ 1.7781x,x3 +3.1611x3x4 +
19.84x% + x3

subject to : g1(x) = —x1 + 0.0193x3

g2(x) = —x + 0.00954

g3(X) = —mx3xy — fnxg + 1296000

ga(X) = x4 — 240

where, the x; is the thickness of the shell(T;), the x, presents
the thickness of the head (T}), x3 is the inner radius (R) and the
length of the cylindrical section without considering the head is
described by x4(L), it is shown in Fig. 14.
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Table 11
The minimal values of TSA, st_TSA, ns_TSA and fb_TSA for 30 benchmark functions.
Function D=10 Function D=30
fb_TSA TSA st_TSA ns_TSA fb_TSA TSA st_TSA ns_TSA
F;  1.62E4+04 1.84E+05 1.33E4+05 4.04E+05 F; 8.12E4+06 9.21E+07 8.81E+07 1.26E+408
Unimodal functions F, 845.82 798.63 892.01 1585.97 Unimodal functions F,  7469.75 451E+05 4.96E4+05 3.12E406
F;  1091.53 2087.10  2095.41 3646.59 F;  1.64E+04 390E+04 3.92E+04 5.36E+04
F, 41285 403.71 402.50 402.98 Fy 491.88 549.31 545.88 597.23
Fs 518.47 520.07 520.16 520.26 Fs 521.02 520.99 521.00 521.01
Fs  600.0000 600.0026 600.0003 600.0061 F¢  602.77 624.06 622.59 627.85
F;  700.02 700.24 700.22 700.32 F;  700.00 700.04 700.02 700.31
Fs  802.92 806.44 805.95 812.00 Fs 835.64 968.81 966.13 991.60
Simple multimodal Fy  905.94 921.11 920.12 926.16 Simple multimodal Fy  967.05 1119.13 1118.87 1128.84
functions Fio 1056.23 1172.12 1143.54 1379.15 functions Fio 2348.76 5982.69 6162.52 6781.05
Fi; 1361.40 2005.83 2048.98 2252.72 Fi1  7445.33 8240.83 8186.64 8417.79
Fi; 1201.30 1201.09 1201.19 1201.28 Fi; 1202.86 1202.75 1202.81 1202.90
Fi3  1300.15 1300.19 1300.18 1300.23 Fi3 130042 1300.52 1300.50 1300.55
Fi4 1400.23 1400.21 1400.20 1400.24 Fi4 14003343 1400.3255 1400.3341 1400.3316
Fis 1501.24 1502.30 1502.19 1502.46 Fis 1513.36 1520.04 1520.04 1521.95
Fig  1602.07 1602.70 1602.64 1602.92 Fig 161249 1612.73 1612.61 1612.88
F17  3653.52 4637.28 4415.29 8960.17 Fi7 6.11E4+05 2.11E406 2.13E+06 3.22E+06
Fig  4120.20 2765.73 3291.12 3284.26 Fig 2110.16 2315.58 2377.05 2333.83
Hybrid Functions Fi9  1900.36 1900.96 1901.03 1901.26 Hybrid functions Fi9 1906.41 1907.80 1907.91 1908.71
Fo 2258.33 2274.95 2225.82 2317.25 Fo 15152.24 17545.10 17896.82 23007.79
F; 2281.59 2448.27 2478.25 2850.28 F,1 14968849 377670.77 403700.91 658805.81
Fy; 2208.58 2209.40  2211.30  2222.07 F;  2410.90 2652.08 2730.69 2784.62
F3  2629.46 2629.46 2629.46 2629.46 F3 2615.24 2615.27 2615.27 2615.69
Fy  2512.59 2522.82 252370  2527.91 Fy 2624.86 2627.56 2627.48 2629.64
Fs 2651.72 2664.99  2670.07 2676.30 Fs  2709.02 2723.03 2723.01 2727.51
Composition functions Fs 2700.13 2700.18 2700.18 2700.22 Composition functions Fps 2703.72 2700.64 2700.76 2700.65
Fy; 2821.42 2782.43 2766.52 2772.97 Fy; 3042.33 3227.23 3202.37 3293.18
Fs 321577 3164.51 3193.25 3211.16 F,s 371324 4028.10 4015.56 4112.72
Fp9  3339.13 3695.82 3737.72 3946.06 F9 395130 3442790 2719199 81119.41
Fi 385393 430683 4334.18  4578.13 Fio 512636  12409.05 1332632 20432.43
Table 12
The minimal values of TSA, st_TSA, ns_TSA and fb_TSA for 30 benchmark functions.
Function D=50 Function D=100
fb_TSA TSA st_TSA ns_TSA fb_TSA TSA st_TSA ns_TSA
F;  1.86E+07 3.28E4+08 3.60E+08 4.38E4-08 F;  2.07E+08 2.34E+4+09 2.28E+09 2.71E409
Unimodal functions F, 293E+04 2.09E4+08 2.14E+08 1.53E409 Unimodal functions F, 1.10E4+09 5.33E+4+10 5.24E+10 7.21E4+10
F;  1.15E+05 1.27E4+05 1.21E+05 1.52E405 F;  3.09E4+05 3.44E+4+05 3.51E405 3.86E+405
Fy 52554 970.74 961.84 1361.77 Fy  1033.26 9006.34 8968.72 12274.59
Fs  521.21 521.20 521.19 521.21 Fs 52137 521.36 521.36 521.37
Fs 616.97 655.00 654.12 659.46 Fs  687.56 743.48 742.57 746.97
F,  700.10 702.34 702.18 711.76 F,  710.67 1161.24 1156.40 1336.84
Fs  898.56 1202.28 1202.20 1238.81 Fs 118548 1886.86 1892.33 1947.27
simple multimodal Fo 1077.78 1364.44 1367.69 1381.94 simple multimodal Fo 1606.41 2096.90 2094.57 2127.63
functions Fio  5399.50 12759.60 12462.56 13238.15 functions Fio 18285.00 29862.58 29876.56 30442.81
F;1  14380.59 14667.61 14705.81 14909.93 F;1  31866.54 32207.28 32083.01 32386.99
Fi, 1203.97 1203.79 1203.79 1203.93 Fi; 1204.61 1204.40 1204.45 1204.56
Fi3  1300.62 1300.77 1300.75 1300.80 Fi3  1300.70 1303.47 1303.47 1304.19
Fi4 1400.45 1400.43 1400.45 1400.55 Fi4 1400.52 1538.69 1536.59 1586.14
Fis  1530.79 1858.67 1849.04 4504.95 Fis 1877.44 5.81E4+05 6.34E4+05 1.28E+406
Fig 1622.39 1622.56 1622.45 1622.69 Fig 1646.85 1646.92 1647.02 1647.04
Fi;  2.30E+06 1.87E4+07 1.85E+07 2.43E+4-07 Fi; 2.85E+07 2.21E4+08 2.18E+08 2.45E+408
Fis 2602.67 2777.78 2798.35 2874.87 Fis  3022.81 3221.26 3117.11 14123.25
Hybrid functions Fi9  1940.33 1967.94 1963.78 1972.69 Hybrid Function Fi9 2018.65 2153.73 2145.66 223549
F)o 38638.58 4331274 46112.05 63462.04 Fo 1.92E4+05 2.45E+4+05 2.66E+05 3.65E+405
F; 1.98E+06 6.73E+06 6.83E+06 9.21E4-06 F,1 1.05E4+07 8.88E4+07 9.19E+07 1.18E+408
F»;  3399.96 3872.96 3885.01 4054.24 F», 6627.95 7006.32 7002.74 7208.65
F;  2644.01 2646.26 2646.03 2651.54 F»3 2655.28 2764.41 2762.80 2829.13
Fy 2672.45 2695.27 2694.79 2709.03 F,y 2816.78 2990.70 2993.04 3034.82
Fys 2720.89 2772.63 2773.33 2781.80 F»s 2802.07 3047.84 3047.48 3087.92
Composition functions Fys 277250 2765.93 2738.24 2766.86 Composition functions Fys 2810.72 2985.41 2983.03 3018.36
F; 3417.30 4205.53 4202.94 4341.28 F); 4895.74 6366.75 6395.92 6532.39
F,g 4377.07 6205.37 5881.29 6607.40 F,s  9620.58 20832.84 20601.91 22392.43
Fy9 4498.71 1.36E4+06 1.40E+06 2.49E+4-06 Fy9 3.38E4+04 2.34E4+07 2.25E+07 6.31E407
F3o 18299.25 1.41E405 1.37E+05 2.25E4-05 F3p 2.10E4+05 2.53E4+06 2.64E+06 4.45E+406

The solution to design of a pressure vessel is the best produced

after 30 runs, the optimal results of the problem is presented in

Table 27.

best.

And through Table 27, we can see that the fb_TSA is the
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Fig. 9. Convergence curve of fb_TSA and other algorithms, D=10.

5.3. Example 3: Himmelblau’s non-linear optimization problem

Himmelblau’s non-linear optimization problem was proposed
by Himmelblau [66]. After that many researchers solved this
problem using different methods [67-69]. And it has been widely
used as a benchmark non-linear constrained optimization prob-
lem [70]. The problem can be stated as follows:

Minimize: f(x) = 5.378547)(?S + 0.8356891x1x5 + 37.29329x; —
40792.141

Subject to : g1(x) = 85.334407 4 0.0056858x,x5 + 0.00026x1x4 —
0.0022053x3x5

22(X) = 80.51249 +
0.0029955xx; + 0.0021813x3

0.0071317x2x5  +

g3(x) = 9.300961+-0.0047026X3%5+0.0012547x1x3+0.0019085x3x4

In this problem, there are five design variables (xq, X, X3,
X4, Xs), SiX non-linear inequality constraints and 10 boundary
conditions. The value range of variables is as follows: 0 < g;(x) <
92,90 < gy(x) < 110,20 < g3(x) < 2578 < x; < 102,
33 <xp <45,27 <Xx3 <45,27 < x4 <45,27 < x5 <45 After
30 experiments, the optimal value can be obtained. It is presented

in Table 28. Through the results, we can get the fb_TSA is better.
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5.4. Example 4: Welded beam design problem

This problem is to minimize the manufacturing cost of welded
beams [71] as shown in Fig. 15. The constraints for welded beams
are as follows [66]:

shear stress (7)

bending stress in the beam (o)
buckling load on the bar (p.)
end deflection of the beam (§)
side constraints

This problem has four variables such as thickness of weld
(h(x1)), length of attached part of bar (I(x,)), the height of the bar

17

(t(x3)), and thickness of the bar (b(x4)). The problem can be stated
as follows:
Minimize:

F(x) = 1.10471x3x; + 0.04811x3x4(14.0 + ;)

Subject to :
g1(X) = 7(X) — Tjax < 0

() =0(X) = omax <0

&) =x—-1-x=<0

2a(x) = 0.10471x2 + 0.04811x3x4(14.0 + x,) — 5.0 < 0
g5(x)=0.125—-%x; <0

86(X) = 8(X) — Omax < 0

g1(x)=P—P(x)<0

where
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After 30 experiments, the optimal value can be got in Table 29.
Obviously the results of fb_TSA is the best.

Based on the these above four real engineering problems, the
proposed fb_TSA is the best optimization and when compared
with the basic TSA, ABC, SCA, PSO algorithms. The enhanced feed-
back mechanism has a better optimization performance when
it is used to process some constrained continuous engineering
optimization problems.
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Fig. 12. Convergence curve of fb_TSA and other algorithms, D=100.
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Fig. 13. The Tension/Compression Spring Design problem (T/CSD).
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Fig. 14. Pressure vessel design — PVD.



Table 13
The minimal values of fb_TSA and other algorithms for 30 benchmark functions, D=10.
Function fb_TSA TSA STSA GWO ABC SCA PSO CLPSO DE
Mean Std Mean Std Mean Std Mean Std Mean Std Mean Std Mean Std Mean Std Mean Std
Unimodal Fq 16100 1.70E+04 182000 1.33E+05 1.16E+07 2.93E+06 1.05E+07 9.81E+06 7.78E+06 3.91E+06 1.39E+07 6.02E+06 1.09E+05 1.09E+05 1.40E+06 1.04E+06 1.91E+03 2.13E+03
functions F 855.52 682.05 927.97 748.65 6.11E+-08 1.62E+08 4.67E+07 1.33E+08 4.18E+06 2.12E+06 1.03E+09 3.55E+08 5.13E+03 3.16E+03 1.05E+05 2.03E+03 2.00E+02 1.86E-01
F3 1185.33 847.27 1917.57 859.22 6.04E+03 3.07E+03 8.94E+03 4.77E+03 4.39E+04 1.77E+04 1.09E+04 6.90E+03 6.10E+03 3.79E+03 1.29E+03 6.76E+02 3.00E+02 6.54E—05
Fy 412.71 16.09 402.53 6.98 4.64E+02 1.37E+01 4.17E+-02 1.58E+01 4.07E+-02 4.50E-01 4.90E+02 3.67E+01 4.29E+-02 7.95E+00 4.21E+02 1.08E+01 4.35E+02 1.22E+01
Fs 517.16 7.35 519.65 221 5.20E+02 9.59E—-02 5.20E+02 1.07E-01 5.21E+02 9.00E—02 5.20E+02 9.00E—-02 5.20E+02 1.10E-01 5.20E+02 7.00E—02 5.20E+02 1.01E-01
Fe 600 0.00 600 0.01 6.07E4+-02 1.05E+00 6.03E4-02 1.22E4+00 6.09E+-02 8.00E—-01 6.08E4-02 1.24E4-00 6.02E4-02 1.55E4-00 6.04E+4-02 9.70E-01 6.00E+-02 1.32E+00
F 700.02 0.01 700.23 0.13 7.15E402  3.78E+00  7.03E+02  1.04E4+01  7.01E+02  1.00E—-01  7.15E4+02  4.33E4+00  7.00E+02  8.00E—02  7.00E4+-02  1.10E-01  7.01E+02  8.25E—02
Fg 803.01 1.43 807.51 3.62 8.43E4+02  551E+00  8.14E+02  8.32E4+00  8.23E+02 4.08E+00  8.46E+02  1.01E4+01  8.04E+02  2.24E+00  8.00E4+02  4.00E—01  828E+02  4.29E400
Simple multimodal Fg 905.57 224 921.44 5.76 9.46E+02  4.12E400  9.16E4+02  7.62E+00  9.48E+02  528E+00  9.48E+02  8.05E+00  9.12E402  5.07E4+00  9.16E+02  3.28E4+00  9.41E4+02  5.62E+00
functions Flo 1058.54 66.66 1167.21 162.71 2.04E+03 1.62E+02 1.35E+03 2.01E+02 2.47E+03 1.33E+02 2.14E+03 1.85E+02 1.18E+03 1.32E+02 1.02E+03 6.55E+00 1.27E+03 1.27E+02
F11 365.06 250.88 2041.31 194.39 2.55E+03 1.54E+4-02 1.73E+03 4.09E+02 2.37E4+03 1.73E+02 2.60E+03 2.20E+02 1.66E+03 3.16E+02 1.80E+03 1.27E+02 2.72E+03 2.62E+02
F1 1201.26 0.31 1201.18 0.25 1.20E+03 2.38E—-01 1.20E+03 6.58E—01 1.20E+03 2.50E—-01 1.20E+03 3.40E—-01 1.20E+03 4.00E-01 1.20E+03 1.20E-01 1.20E4-03 4.07E—-01
Fi13 1300.14 0.03 1300.18 0.04 1.30E+03 1.20E-01 1.30E+03 6.77E—02 1.30E+03 6.00E—02 1.30E+03 1.80E—-01 1.30E+03 7.00E—02 1.30E+03 5.00E—02 1.30E4-03 5.54E—02
F14 140023  0.05 1400.2 0.05 140E+03  3.96E—01  140E4+03  1.84E—01  140E+03  5.00E—-02  140E+03  7.30E—01  140E403  0.07 140E4+03  6.00E-02  1.40E+03  4.80E—02
Fi5 150132 04 1502.18  0.46 1.51E+03  1.08E4+00  150E4+03  1.01E4+00  1.50E+03  4.80E—01  151E4+03  3.80E+00  150E4+03  6.90E—-01  1.50E4+03  520E—01  150E4+03  4.76E—-01
Fig 160213  0.36 1602.68  0.20 160E+03  141E-01  160E+03  527E—01  1.60E4+03  2.50E—01  1.60E+03  250E—01  1.60E4+03  470E—01  1.60E+03  3.00E-01  1.60E4+03  1.59E—01
Fi7 355568  1729.88 477266  1779.64 2.81E+04  150E4+04  9.92E+04  1.79E+05  1.06E+04  6.89E+04  6.05E+04  9.59E+04  6.73E+03  3.18E+03  8.31E+04  8.87E+04  1.90E+03  8.12E+01
Fig  3859.58 1963 309425  1832.44 127E4+04  2.30E4+03  1.01E+04  7.01E4+03  3.15E4+04  9.58E+03  5.74E+04  9.28E+04  1.02E+04  1.06E+04  2.06E4+03  3.10E+02  1.81E+03  2.13E400
Hybrid F1g 1900.47 0.39 1900.97 0.27 1.91E+03 6.35E—01 1.90E+03 1.03E+00 1.90E+03 2.70E-01 1.91E+03 1.08E+00 1.90E+03 9.50E—-01 1.90E+03 2.60E—-01 1.90E+03 4.52E—-01
functions Fyo 2283.95 283.05 2217.24 150.34 5.58E+03 2.11E+03 1.11E+04 7.14E+-03 9.93E4+-03 4.84E+03 8.93E4+03 5.63E+03 4.43E4+-03 4.11E+-03 2.11E4+03 1.43E+02 2.00E+03 1.29E+00
Fr1 2304.5 119.49 2450.18 135.95 7.96E4-03 2.61E403 1.88E+-04 3.68E+04 3.24E4-04 1.30E4-04 1.48E+04 9.26E+03 3.14E4-03 1.66E4-03 1.00E+04 7.29E4+-03 2.10E4-03 2.92E+01
Fyp 2209.58 8.86 2209.81 9.07 2.26E4-03 7.70E4-00 2.30E4-03 7.21E4-01 2.25E4-03 8.92E4+-00 2.28E4-03 2.00E+4-01 2.22E4+03 1.48E4-01 2.22E4+03 2.22E4+01 2.22E403 9.46E4-00
Fp3 262946 0 2629.46  0.00 2.64E+03  195E4+01  2.64E+03  5.82E+00 263E4+03  1.95E4+00  2.65E+03  6.72E400  2.63E4+03  0.00E4+00  2.62E+03 2859 2.63E+03  295E—10
Fyq 25117 4.46 252349 747 2.55E+03  6.33E400  2.56E+03  3.67E+01  255E4+03  5.72E4+00  2.56E+03  7.34E4+00  252E4+03  5.83E4+00  2.53E+03  554E4+00  2.54E403  5.97E+00
Fy5 265541  30.87 2666.44  15.78 2.69E+03  9.47E4+00  270E4+03  9.52E4+00  2.70E+03  6.85E4+00  2.70E+03  578E4+00  2.69E4+03  2.66E+01  2.67E+03  158E4+01  2.70E4+03  1.06E+01
Composition Fpg 270013 0.04 2700.18  0.04 2.70E+03  1.40E—01  270E4+03  9.39E—02  270E4+03  6.00E—02  2.70E+03  1.70E—01  270E4+03  6.00E—02  2.70E+03  7.00E-02  2.70E4+03  4.93E—02
func?ions Fy7 2794.36 143.08 2785.27 126.41 2.91E+03 1.91E+02 3.06E+03 1.04E+02 2.89E+03 8.84E+01 3.00E+03 1.82E+02 3.03E+03 9.72E+01 2.85E+03 1.80E+02 2.70E+03 1.58E+02
Fag 3200.21 46.19 3179.72 60.93 3.27E+03 2.38E+01 3.14E+03 4.75E+01 3.11E+03 4.60E—01 3.31E+03 8.28E+01 3.31E+03 8.27E+01 3.26E+03 4.64E+01 3.18E+03 2.32E+01
Fag 3329.45 112.38 3799.53 404.91 1.26E+04 7.75E+-03 3.11E+03 9.51E4+00 3.11E4+-03 2.20E4-00 1.95E+04 2.27E+04 4.15E4+-05 1.25E4+05 3.36E4+03 9.75E+01 3.12E4+03 2.24E4+-03
F3g 3914.1 232.30 4322.01 301.99 4.70E4-03 6.32E4-02 3.38E403 1.70E4-02 3.36E403 4.47E4+01 5.37E4+-03 1.46E4-03 3.98E4-03 3.98E+03 3.97E4+-03 1.89E+402 3.49E4-03 2.42E+01
Average ranking 223 331 7.03 57 6.4 8.33 4.16 4.06 38
Total ranking 1 2 8 6 9 5 4 3 7
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Table 14

The minimal values of fb_TSA and other algorithms for 30 benchmark functions, D=30.

Function

fb_TSA

TSA

STSA

GWO

ABC

SCA

PSO

CLPSO

DE

Mean

Std

Mean

Std

Mean

Std

Mean

Std

Mean

Std

Mean

Std

Mean

Std

Mean

Std

Mean

Std

Unimodal functions

6.990E+06
6.565E+03
1.602E+04

4.220E+06
4.030E+03
1.173E+04

9.450E+07
4.520E+05
4.157E+04

2.030E+07
3.760E+-05
9.123E+03

8.732E+08
4.123E+10
1.354E+05

1.932E+08
3.941E+09
2.009E+04

2.866E+09
1.028E+11
3.555E+07

1.940E—-06
0.000E+-00
2.273E-08

1.380E+09
2.910E+09
4.610E+05

1.240E+10
1.870E+12
8.296E+04

5.290E+08
2.890E+10
7.070E+04

2.360E+08
4.940E+09
1.752E+04

3.150E+07
3.380E+06
2.345E+04

5.190E+11
2.530E+06
1.080E+04

2.360E+-08
3.160E+-09
3.266E+04

9.240E+10
8.380E+-08
9.686E+03

4.807E+07
4.493E+06
4.490E+02

2.219E+07
2.890E+06
1.314E+02

Simple multimodal
functions

4.936E+02
5.210E+4-02
6.039E+02
7.000E+02
8.349E+02
9.662E+02
2.390E+03
7.560E+03
1.203E+03
1.300E+03
1.400E4-03
1.514E+03
1.613E4-03

3.184E+01
7.000E—02
2.950E+00
0.000E+-00
8.930E4-00
4.694E4+01
9.219E+02
9.023E+02
3.200E-01
7.000E—02
4.000E—02
3.960E+00
2.800E—-01

5.418E+02
5.210E+02
6.231E402
7.000E+4-02
9.672E4-02
1.118E+03
5.971E+03
8.253E+03
1.203E+03
1.301E+03
1.400E+03
1.520E4-03
1.613E+03

2.961E4+01
5.000E—-02
4.420E+00
4.000E—02
1.966E4-01
1.300E+01
8.877E+02
2.616E+02
4.000E-01
6.000E—02
4.000E—02
1.350E4-00
2.600E-01

6.003E+03
5.210E+4-02
6.399E+-02
1.078E4-03
1.133E4-03
1.277E4-03
8.006E+-03
8.710E+-03
1.203E+03
1.305E+03
1.525E4+-03
2.981E4-05
1.613E4-03

1.011E+03
6.431E—-02
1.259E4+-00
4.369E4+01
2.689E4-01
2.400E4-01
2.663E+-02
2.681E+-02
2.596E—-01
4.460E—-01
1.837E4-01
1.881E+4-05
1.347E-01

2.583E+04
5.217E+02
6.521E+4-02
1.771E4+-03
1.331E4-03
1.380E+03
1.178E+04
1.390E+04
1.208E+03
1.311E+03
1.810E4-03
1.052E4-06
1.616E+03

7.400E—12
3.469E—13
1.156E—-13
1.156E—12
6.938E—13
2.313E-13
7.400E—12
5.550E—12
2.313E-13
6.938E—13
6.938E—13
0.000E+-00
4.625E—13

7.150E+02
5.211E+02
6.399E+02
7.045E+4-02
1.056E+-03
1.198E+03
9.279E+03
8.931E+03
1.204E+-03
1.301E+03
1.401E4-03
9.834E+03
1.614E4+-03

7.790E+04
8.000E—02
1.070E+-00
1.960E4-00
1.581E+01
1.342E4+01
2.535E+02
2.990E+02
4.400E—-01
1.000E-01
2.100E—-01
1.181E+-04
1.300E—-01

2.830E+03
5.211E+02
6.376E+02
9.580E+4-02
1.084E+-03
1.226E+03
7.890E+03
8.919E+03
1.203E+03
1.304E+03
1.485E4-03
3.912E+-04
1.613E+03

9.577E+02
5.000E—-02
2.380E+00
4.604E4-01
2.431E4-01
2.186E+01
3.833E+02
3.671E+02
4.000E-01
3.900E—-01
1.315E+01
3.616E+04
2.700E—01

6.545E+02
5.210E+02
6.169E+-02
7.010E4-02
8.524E+4-02
1.022E4-03
3.154E+03
6.401E+03
1.202E+03
1.301E+03
1.400E+03
1.521E4-03
1.613E+03

5.946E+01
1.000E-01
4.170E+00
1.400E—-01
1.444E4-01
4.083E+01
6.750E+02
1.447E+03
6.800E—-01
1.400E—-01
8.000E—02
3.960E+4-00
3.200E—-01

1.245E+03
5.207E+-02
6.280E+-02
7.275E4-02
8.802E+4-02
1.114E4-03
2.879E+03
6.179E+-03
1.201E+03
1.301E+03
1.414E4-03
5.272E4-03
1.612E4-03

2.280E+-02
6.000E—02
1.820E+-00
5.740E4-00
8.710E+4-00
1.849E4-01
3.515E+02
3.616E+-02
1.900E—-01
1.700E-01
3.550E+4-00
2.606E+-03
2.600E-01

5.793E+02
5.210E+-02
6.350E+-02
7.009E+4-02
1.001E4-03
1.120E+-03
6.203E+03
8.664E+-03
1.203E+03
1.301E+03
1.400E4-03
1.523E4+-03
1.613E+03

2.112E+01
7.090E—02
6.440E+-00
5.610E—02
1.362E+01
1.474E4+01
2.658E+02
3.761E+02
4.455E—-01
7.718E—02
1.207E-01
1.700E+-00
2.186E—-01

Hybrid functions

6.180E+05
2.258E+03
1.906E+03
1.485E+04
1.850E+4-05
2.442E+03
2.615E+03

3.320E+-05
5.958E+4-02
6.400E—01
7.258E+03
1.490E+05
1.478E+02
0.000E+00

1.900E+06
2.378E+03
1.908E+03
1.901E+04
3.730E+4-05
2.670E+4-03
2.615E4-03

7.380E+05
6.047E+-02
6.200E-01
6.653E+03
1.620E+4-05
1.193E4-02
2.000E—02

2.575E4-07
2.444E4-08
2.027E+03
1.334E+05
6.913E+4-06
3.430E+4-03
2.775E4-03

8.365E+4-06
1.247E4-08
1.686E+01
5.895E+04
2.958E+4-06
1.376E4-02
2.729E4-01

9.796E+-08
1.545E+10
2.805E+03
3.199E+-09
2.759E+4-09
5.839E+4-06
2.500E+-03

2.425E—-07
9.700E—-06
9.250E—13
0.000E+-00
0.000E+-00
9.472E—-10
0.000E+-00

2.160E+07
1.120E+-06
1.922E+03
5.124E+05
1.220E4-07
3.268E+03
2.694E+03

7.780E+-06
4.010E4-08
2.041E+03
6.665E+04
5.850E+06
3.429E+03
2.733E4+03

1.780E+-07
4.010E4-08
2.041E+03
6.665E+04
5.850E+-06
3.249E+4-03
2.733E4+03

7.560E+-06
2.180E+4-08
2.940E+01
3.230E+04
3.980E+06
1.364E+-02
3.830E401

2.490E+-06
8.540E4-05
1.917E+03
2.701E+04
4.350E+4-05
2.606E+4-03
2.618E403

1.350E4-06
3.190E+4-06
1.870E+01
1.249E+04
3.920E4-05
2.250E4-01
1.180E4-00

2.170E4-07
3.280E+4-07
2.004E+-03
2.760E+-04
6.230E+4-06
2.953E+403
2.660E+-03

1.360E+4-07
3.150E+4-07
2.826E+01
1.127E+04
3.550E+4-06
2.006E+-02
1.611E4-01

3.723E405
1.250E+-04
1.908E+03
2.150E+-03
1.922E+04
2.721E4-03
2.616E+03

3.877E+05
6.889E+03
1.296E+00
4.915E+02
1.124E4-04
1.790E+4-02
1.678E-01

Composition functions

2.625E4+03
2.710E+03
2.717E403
3.056E+03
3.716E+03
3.917E+03
5.058E+03

1.350E4-00
3.420E+00
3.784E4-01
5.617E+01
4.725E+01
1.734E+02
7.405E+4-02

2.628E4-03
2.723E4-03
2.701E4-03
3.225E+03
4.035E+03
3.373E+04
1.375E+-04

7.500E-01
2.870E+00
8.900E—-01
9.589E+01
5.132E4+01
2.382E+04
2.158E+03

2.692E+4-03
2.775E4-03
2.705E4-03
3.974E+03
5.317E+03
3.012E4-07
6.118E4-05

1.546E4-01
1.214E4-01
4.367E-01
1.556E+02
2.593E+-02
9.853E+-06
1.600E+4-05

2.600E+-03
2.700E+4-03
2.800E+4-03
2.900E+03
3.000E+-03
3.100E+-03
3.200E+-03

0.000E+-00
0.000E+-00
0.000E+-00
0.000E+-00
0.000E+-00
0.000E+-00
0.000E+-00

2.655E4+03
2.771E4+03
2.701E403
4.048E+03
3.574E+03
3.469E+03
5.525E+03

2.627E+03
2.748E+03
2.704E+-03
3.947E+03
5.867E+03
3.880E+07
6.276E+05

2.627E403
2.748E+403
2.704E+4-03
3.947E+03
5.867E+03
3.880E+07
6.286E+05

1.876E+01
1.261E4+01
5.800E—01
2.209E+02
6.527E+02
1.270E+07
2.278E+05

2.642E4-03
2.714E4-03
2.711E4-03
3.336E+03
4.313E+03
3.640E+06
1.721E+-04

4.480E+00
3.240E4-00
3.037E+01
1.675E+02
5.507E+-02
9.280E+06
8.848E+03

2.663E4-03
2.728E4-03
2.704E+4-03
3.307E+03
5.440E+-03
7.630E+-06
2.468E4-05

4.230E+00
5.020E+4-00
1.610E4-00
5.152E+01
4.302E+02
6.289E+-06
9.111E4-04

2.635E4-03
2.715E4-03
2.701E4-03
3.464E+03
3.753E+03
1.252E+04
6.779E+-03

3.668E+4-00
4.720E+00
4.287E4+01
1.415E+02
9.354E+01
3.518E+06
5.050E+-03

Average ranking

203

323

7.43

7.13

6.67

6.17

3.63

4.87

3.83

Total ranking

1

2

9

8

6

7

3

5

4
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Table 15

The minimal values of fb_TSA and other algorithms for 30 benchmark functions, D=50.

Function

fb_TSA

TSA

STSA

GWo

ABC

SCA

PSO

CLPSO

DE

Mean

Std

Mean

Std

Mean

Std

Mean

Std

Mean

Std

Mean

Std

Mean

Std

Mean

Std

Mean

Std

Unimodal functions

1.770E+07
2.870E+04
1.157E+05

7.950E+06
1.830E+04
1.473E+04

3.320E+08
2.260E+08
1.234E+05

5.610E+08
5.800E+08
1.284E+04

2.700E+-09
1.453E+11
3.433E4-05

5.606E+-08
1.553E+10
3.700E+04

1.665E+10
1.996E+11
6.963E+-08

0.000E+-00
3.104E—-05
3.637E-07

2.820E+09
2.570E+10
6.634E+05

8.200E+08
1.050E+10
2.077E+05

1.420E+09
8.710E+10
1.580E+05

3.830E+08
1.140E+10
2.754E+04

1.020E+08
3.790E+-08
1.585E+05

5.020E+-07
1.820E+08
3.059E+-04

8.200E+-08
2.990E+10
1.390E+05

1.980E+08
5.950E+-09
2.387E+04

4.113E+08
2.563E+08
4.927E+04

8.926E+07
6.860E+07
1.369E+04

Simple multimodal
functions

5.303E+02
5.212E4-02
6.151E+02
7.001E+02
8.921E4-02
9.107E4-04
5.364E+03
1.461E+04
1.204E+03
1.301E4-03
1.400E+03
1.533E4-03
1.622E+03

3.085E+01
5.000E—02
5.950E4-00
6.000E—02
2.131E4-01
9.354E4-01
1.636E+03
5.133E+02
2.800E—-01
1.000E-01
4.000E—02
5.330E4+00
0.000E+4-00

9.732E+02
5.212E+02
6.535E4-02
7.022E4-02
1.167E+4-02
1.365E+03
1.274E+04
1.470E+04
1.204E+03
1.301E+03
1.400E+-03
1.848E+-03
1.623E+03

7.165E+01
4.000E—-02
3.500E+-00
3.300E-01
3.360E+4-01
1.726E+01
9.180E+02
4.128E+4-02
3.300E-01
5.000E—02
8.000E—02
2.108E+02
1.600E—-01

4.002E+04
5.212E+4-02
6.753E+4-02
2.087E+4-03
1.524E4-03
1.744E+03
1.490E+04
1.537E+04
1.204E+03
1.308E+4-03
1.773E403
1.471E4-07
1.623E+03

8.432E+03
3.422E-02
1.586E+-00
1.377E4-02
3.895E+01
3.882E4-01
3.798E+-02
5.265E+4-02
4.599E-01
4.434E-01
4.128E+01
6.387E+4-06
1.767E—-01

7.299E+-04
5.217E+02
6.907E+4-02
2.579E+403
1.709E+-03
1.911E4-03
1.943E+04
1.943E+04
1.214E4+-03
1.310E4-03
1.880E+03
2.740E4-07
1.625E4-03

1.480E—-11
3.469E—13
0.000E+-00
2.313E-12
0.000E+-00
4.625E—13
0.000E+00
0.000E+-00
4.625E—13
2.313E-13
6.938E—13
0.000E+-00
9.250E—-13

1.017E+-04
5.212E+02
6.780E+02
1.116E+03
1.344E4-03
1.570E+03
1.576E+04
1.646E+-04
1.204E+-03
1.303E+-03
1.489E+03
1.980E+07
1.624E+-03

4.178E+03
4.000E—-02
1.870E4+-00
5.976E+01
3.472E401
3.705E+01
4.490E+02
4.470E+02
3.500E—-01
3.200E—-01
1.569E+01
1.210E+07
0.000E+-00

1.558E+04
5.213E+02
6.713E4-02
1.487E+03
1.380E+03
1.543E4+03
1.470E+04
1.565E+04
1.204E+03
1.306E+-03
1.593E+03
6.907E+4-05
1.623E4-03

3.043E+03
4.000E—-02
2.950E4+-00
9.107E4-01
3.060E+01
4.335E4-01
4.679E+02
4.586E+02
4.200E-01
3.800E-01
2.547E4-01
5.735E4+05
1.700E-01

8.281E+02
5.212E+02
6.398E+4-02
7.046E+-02
9.422E+4-02
1.214E+03
6.404E+03
1.415E+04
1.203E+03
1.301E+03
1.401E4-03
1.572E4-03
1.622E+03

8.172E+01
7.000E—-02
4.670E+00
1.260E+4-00
3.397E4-01
7.671E+01
1.088E+03
1.539E+03
7.500E-01
1.000E-01
2.900E-01
2.445E+01
4.100E-01

7.268E+03
5.209E+-02
6.601E+4-02
9.668E+-02
1.079E4-03
1.445E+03
7.596E+-03
1.163E+04
1.202E4+03
1.304E+4-03
1.473E4-03
3.586E+-05
1.622E+03

1.431E+03
5.000E—-02
1.680E+-00
6.153E+01
2.611E4-01
4.042E+01
6.023E+4-02
4.377E+02
1.800E—-01
3.400E—-01
1.331E401
1.999E+-05
3.200E-01

5.976E+-02
5.212E+402
6.715E+4-02
7.047E4-02
1.228E+03
1.335E4+-03
1.349E+04
1.566E+04
1.204E+-03
1.301E4-03
1.400E+03
1.636E+03
1.623E4-03

4.892E+01
4.242E—02
7.569E+-00
8.968E—-01
2.268E+01
2.799E+4-01
5.950E+02
4.623E+02
3.456E—-01
1.278E-01
3.743E-01
6.335E4-01
1.869E—01

Hybrid functions

2.620E+06
2.561E+03
1.941E+03
3.864E+04
2.700E+06
3.420E+03
2.644E+03

1.820E+-06
7.025E4-02
2.076E+01
1.159E+04
1.990E+-06
4.103E4-02
2.400E—-03

1.740E+07
2.677E403
1.967E+03
3.936E+04
7.540E4-06
3.891E+403
2.646E+03

5.680E4-06
6.078E+-02
1.863E+01
1.158E+04
1.950E4-06
1.693E+4-02
5.500E—-01

2.219E4-08
3.282E4-09
2.504E+03
6.537E+4-05
5.835E4-07
5.427E4-03
3.564E+4-03

4.326E+07
8.024E4-08
1.051E+02
3.485E4-05
1.603E+4-07
2.878E+402
1.243E+02

3.878E4-09
3.821E+10
1.083E+04
3.218E+09
1.867E4+-09
6.111E4-06
2.500E+-03

1.940E—06
7.760E—06
0.000E+00
0.000E+-00
7.275E-07
3.789E—-09
0.000E+00

1.470E+-08
2.460E4-07
1.938E+03
7.053E+05
9.620E+-07
5.464E+4-03
2.762E+03

7.040E4-07
1.310E+07
1.460E+00
9.363E+05
2.090E+-07
1.901E4-02
2.782E+01

1.170E4-08
3.170E+09
2.317E+03
1.507E+05
3.360E+4-07
5.341E4-03
3.311E+403

5.320E4-07
8.660E+-08
6.700E+01
1.006E+05
1.490E+4-07
3.112E402
1.133E4-02

1.040E+07
2.825E4-04
1.981E+03
7.091E+04
6.010E4+-06
3.679E+403
2.657E4-03

6.330E4-06
1.350E+06
1.689E+01
2.522E+04
3.530E+4-06
4.403E4-02
4.090E+-00

1.650E-+08
9.420E4-08
2.205E+03
1.268E+05
3.70+E07

5.185E+403
2.964E+4-03

6.950E4-07
4.560E+08
8.367E+01
9.194E+-04
1.800E+4-07
5.327E+4-02
5.816E+01

1.557E407
7.019E4-04
1.934E+03
1.963E+04
2.837E4-06
3.919E+403
2.645E+03

6.883E4-06
2.678E4-05
1.090E+01
1.771E+-04
1.906E4-06
1.620E4-02
8.211E-01

Composition functions

2.672E4+03
2.721E403
2.711E4-03
3.414E+-03
4.369E+03
4.465E+03
1.837E4+-04

3.120E+4-00
4.160E+-00
4.703E4-01
1.681E+02
1.915E+02
4.111E4-02
2.612E4-03

2.695E+03
2.770E+-03
2.753E403
4.204E+03
5.923E+03
1.170E+06
1.349E4-05

3.100E+4-00
8.640E+-00
5.894E4-01
1.083E+01
5.880E+02
6.480E+4-05
4.263E+04

2.977E4-03
2.948E+-03
2.709E4-03
5.031E+03
9.677E+03
3.008E+-08
4.871E+06

3.979E+4-01
4.262E401
4.742E-01
5.287E+01
5.299E+-02
5.079E+4-07
1.312E4-06

2.600E+-03
2.700E+-03
2.800E+4-03
2.900E+-03
3.000E+-03
3.100E+-03
3.200E+4-03

0.000E+-00
0.000E+-00
0.000E+4-00
1.388E—12
1.388E—12
0.000E+-00
0.000E+-00

2.729E+03
3.023E+03
2.712E403
4.904E+03
8.034E+03
1.006E+-04
8.422E+03

1.963E+01
4.985E+-01
1.790E+-00
4.301E+01
9.187E+02
2.102E+03
8.216E+02

2.788E+03
2.816E+03
2.720E4-03
4.949E+03
1.067E+04
3.540E+08
4.982E+-06

1.997E4-01
3.843E+01
7.158E4-01
9.324E+01
9.839E+02
6.850E+07
1.413E4+-06

2.698E+03
2.735E+03
2.778E403
4.030E+03
6.529E+03
2.270E+4-07
9.644E+04

7.250E+-00
7.890E+-00
7.999E+01
1.269E+02
1.176E+03
5.790E+4-07
2.402E+04

2.782E4-03
2.803E+4-03
2.740E4-03
4.722E+03
1.049E+04
1.940E+-08
3.081E4-06

1.202E4-01
1.561E4-01
5.345E4-01
6.621E401
9.291E+-02
5.360E+4-07
1.350E4-06

2.688E+03
2.768E+03
2.701E4-03
4.377E+03
4.266E+03
2.523E4+04
2.253E4+-04

4.438E+00
2.037E4-01
1.435E4+02
1.800E+02
1.292E+02
1.947E+-07
1.003E4-04

Average ranking

23

3.6

7.2

71

6.2

6.7

34

5

5

Total ranking

1

4

9

8

6

7

2

5

3
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Table 16

The minimal values of fb_TSA and other algorithms for 30 benchmark functions, D=100.

Function

fb_TSA

TSA

STSA

GWO

ABC

SCA

PSO

CLPSO

DE

Mean

Std

Mean

Std

Mean

Std

Mean

Std

Mean

Std

Mean

Std

Mean

Std

Mean

Std

Mean

Std

Unimodal functions

2.110E+08
1.120E+09
3.196E+05

7.150E+07
3.870E+08
3.413E+04

2.250E+09
5.170E+10
3.573E+05

2.700E+08
5.520E+09
2.410E+04

1.291E+10
4.881E+11
8.621E+405

1.486E+09
3.435E+10
5.037E+04

1.793E+10
3.416E+11
2.401E+-08

0.000E+-00
0.000E+-00
1.819E-07

5.110E+09
2.330E+11
3.933E+05

8.650E+08
1.390E+10
4.411E+04

1.850E+10
6.090E+11
8.670E+05

2.090E+09
4.240E+10
3.571E+05

5.670E+08
1.070E+10
4.458E+05

1.970E+08
2.250E+09
6.034E+04

4.720E+09
1.730E+11
4.625E+05

1.060E+09
1.740E+10
4.423E+04

2.860E+09
1.468E+10
4.210E+05

5.965E+08
3.198E+09
4.952E+04

Simple multimodal
functions

1.028E+03
5.214E+4-02
6.864E+02
7.099E+02
1.198E+03
1.571E+03
1.785E+04
3.174E+-04
1.205E+03
1.301E+03
1.401E+03
1.810E+03
1.647E4-03

7.984E+01
3.000E—-02
1.299E+01
2.860E4-00
8.725E4-01
2.090E+4-02
3.810E+02
1.146E+03
3.600E-01
1.000E-01
1.100E-01
2.180E+-02
2.000E—-01

8.556E+03
5.214E+02
7.429E+4-02
1.151E4-03
1.879E+4-03
2.089E+4-03
2.944E+04
3.216E+04
1.205E+03
1.303E+03
1.538E+03
6.000E+4-05
1.647E4-03

9.872E+02
3.000E—-02
3.120E+4-00
3.547E4-01
4.709E4-01
3.972E4-01
1.176E+03
4.572E+02
2.700E-01
2.400E-01
1.296E4-01
1.950E+4-05
2.100E-01

1.704E+05
5.214E+4-02
7.656E+4-02
5.135E4-03
2.619E4-03
3.081E4-03
3.323E+04
3.346E+-04
1.205E+03
1.312E+03
2.690E+-03
2.691E4-08
1.648E+-03

1.697E+04
2.811E-02
2.530E4-00
2.567E+4-02
7.130E4-01
7.391E4-01
5.014E+-02
4.791E+02
2.803E-01
4.810E-01
8.883E401
7.361E4-07
1.900E-01

1.420E+05
5.217E+02
7.814E+4-02
4.167E+03
2.567E+403
2.601E+03
3.761E+04
3.775E+04
1.214E+03
1.310E+03
2.442E4-03
6.099E+4-07
1.650E+03

0.000E+00
2.313E-13
3.469E—13
0.000E+-00
1.388E—12
4.625E—13
2.960E—11
2.220E-11
0.000E+00
0.000E+00
9.250E—-13
2.273E-08
1.156E—12

5.611E+04
5.214E+02
7.594E+02
2.975E403
2.172E403
2.392E+03
3.167E+04
3.364E+04
1.205E+-03
1.308E+03
2.042E+03
9.080E+06
1.648E+03

9.746E+03
2.000E—-02
5.190E+-00
1.651E4-02
4.954E4-01
5.446E+4-01
1.056E+03
6.072E+02
2.700E-01
3.100E—-01
5.070E+-01
3.840E+06
3.000E—-01

1.639E+05
5.214E+02
7.463E+02
5.890E+4-03
2.817E4+03
3.259E+03
3.426E+04
3.498E+04
1.205E+03
1.314E+03
2.928E+03
4.350E+4-08
1.648E+03

4.316E+04
3.000E—-02
2.680E+00
5.190E+4-02
8.357E4+-01
1.053E+02
5.593E+02
5.220E+02
2.800E—-01
7.400E—-01
1.005E+02
1.460E+08
2.000E-01

2.327E+03
5.214E+02
7.102E+4-02
7.899E+4-02
1.338E4-03
1.939E+03
1.800E+04
3.112E+04
1.204E+03
1.301E+03
1.427E+03
1.780E+-04
1.647E4-03

5.511E+402
6.000E—02
7.380E+00
2.064E+4-01
7.119E4-01
1.134E4-02
1.967E+03
1.814E+03
4.600E-01
1.200E-01
7.790E+00
1.280E+-04
4.300E-01

4.183E+04
5.211E+4-02
7.446E+-02
2.431E4-03
1.870E4-03
2.417E403
2.267E+04
2.716E+-04
1.202E+03
1.307E+03
1.915E4+-03
1.520E+4-07
1.646E+-03

8.228E+03
5.212E+02
4.050E+00
1.913E4-02
5.716E4-01
6.363E4-01
7.740E+-02
7.562E+-02
1.800E—-01
4.200E-01
4.904E+01
7.460E+4-06
4.900E-01

1.892E+03
5.214E+02
7.599E+-02
8.324E+4-02
1.814E4-03
1.991E4-03
2.875E+04
3.347E+04
1.205E+03
1.301E+03
1.422E4+-03
1.696E+04
1.648E+03

4.122E+02
3.718E—-02
4.884E+-00
2.122E4-01
3.088E+01
3.682E+401
7.386E+02
7.269E+-02
2.811E-01
9.988E—02
1.010E+01
3.242E+04
2.391E-01

Hybrid functions

2.310E+07
2.790E+03
2.016E+03
2.130E+05
8.160E+06
6.740E+03
2.656E+03

1.240E+07
6.520E4-02
2.945E+01
6.650E+04
3.640E+-06
3.968E+02
2.610E4+-00

2.250E+08
2.910E4-03
2.147E+03
2.570E+05
9.190E+4-07
7.119E4-03
2.766E+4-03

4.340E+-07
2.540E+-02
2.195E+01
5.500E+04
1.960E+4-07
1.983E+4-02
1.299E4-01

1.445E4-09
2.724E4+10
6.991E+03
5.973E+-06
6.617E4-08
1.268E+-04
6.116E+4-03

2.001E+4-08
3.717E4-09
1.227E+03
2.816E+-06
1.511E4-08
2.845E4-03
4.126E+02

3.590E+-09
5.828E+10
1.788E+04
1.313E+09
1.409E+4-09
2.169E+4-06
2.500E+-03

0.000E+-00
2.328E-05
1.110E-11
2.425E-07
2.425E-07
1.894E—09
0.000E+-00

6.710E+08
1.400E+10
4.508E+03
8.700E+05
2.420E+08
9.306E+03
4.252E+03

1.960E+-08
3.240E+09
4.730E+02
3.890E+05
8.170E+-07
1.083E+-03
2.320E+02

1.510E+09
1.200E+-09
3.630E+03
1.130E+07
7.370E+-08
1.167E+-04
5.179E+-03

4.240E4-08
2.730E4-08
3.777E+02
9.770E+06
1.730E+-08
1.542E+03
4.339E+4-02

8.890E+07
1.300E+07
2.146E+03
3.150E+07
3.220E4-07
6.139E4-03
2.719E4-03

3.350E+4-07
3.110E4-07
3.491E+01
1.080E+05
1.880E+4-07
8.803E+4-02
2.146E+4-01

7.840E+4-08
1.290E+4-10
4.725E+03
1.780E+06
3.470E4-08
1.564E+-04
4.046E+03

2.310E4-08
3.310E4-09
6.465E+-02
8.650E+-05
1.230E4-08
5.806E+-03
2.534E4-02

2.138E4-08
1.724E+-06
2.067E+03
4.556E+05
4.070E+-07
7.705E+4-03
2.740E+4-03

7.895E+07
1.462E+-06
1.467E+01
3.917E+05
3.264E+-07
2.715E4-02
1.970E+01

Composition functions

2.814E+03
2.807E+03
2.811E4+03
4.942E+03
1.066E+04
3.240E+-04
2.210E4-05

9.620E4-00
1.766E+-01
4.090E+4-00
2.361E+02
2.043E+03
2.780E+04
7.690E+04

2.994E4-03
3.053E403
2.992E4-03
6.388E+03
2.073E+04
2.480E+07
2.630E+06

1.502E4-01
2.169E4-01
2.547E401
1.026E+02
1.352E+03
6.610E+06
6.240E+4-05

3.972E4-03
3.890E+03
2.755E4-03
7.502E+-03
2.374E+04
1.596E+09
7.094E4-07

1.094E+4-02
1.477E4-02
1.190E+4-02
9.737E4+01
1.462E+03
1.414E+08
1.732E4-07

2.600E+-03
2.700E+4-03
2.800E+4-03
2.900E+03
3.000E+-03
3.100E+-03
3.200E+-03

0.000E+-00
0.000E+-00
0.000E+-00
2.313E-12
2.313E-12
0.000E+-00
0.000E+-00

3.179E+-03
3.086E+03
3.062E+03
7.394E+03
2.578E+04
1.950E+09
5.560E+07

4.536E4-01
9.200E+4-01
2.439E4-02
1.045E+02
1.911E+03
2.600E+08
1.940E+-07

4.345E4-03
4.262E4-03
2.744E4-03
7.357E+03
2.350E+04
7.010E+04
6.610E+-04

1.218E402
1.687E+02
9.810E4-00
6.332E+01
2.474E+03
2.750E+04
2.960E+04

2.919E4-03
2.866E4-03
2.854E4-03
5.812E+03
1.424E+04
3.790E+-06
9.630E+4-05

1.857E4-01
2.317E401
5.659E+01
2.323E402
1.725E+03
6.940E+06
5.300E4-05

3.240E4-03
3.175E4-03
3.130E4-03
7.142E+03
2.644E+04
1.690E+09
5.610E4-07

3.818E401
5.539E4-01
5.349E4-01
1.130E+02
1.567E+03
3.220E+-08
2.480E4-07

2.907E4-03
3.169E+4-03
2.701E4-03
6.767E+03
6.336E+03
1.233E4+07
1.319E4-06

1.393E+01
7.637E4-01
2.252E4+02
1.351E+02
1.021E+03
4.517E+07
4.478E+05

Average ranking

1.8

4.03

7.33

6.4

6.06

7.13

297

5.43

3.93

Total ranking

1

4

9

7

6

8

2

5

3
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Table 17
The time (in seconds) for 30 benchmark functions in D = 10.
fb_TSA TSA STSA GWO SCA ABC DE PSO CLPSO

Fi 0.0453 0.212 2.0439 0.18 0.083 0.057 0.011 0.001 0.017
F 0.122 0.101 19143 0.177 0.125 0.128 0.009 0.075 0.028
F3 0.129 0.173 2.3447 0.18 0.223 0.198 0.015 0.155 0.039
F4 0.265 0.243 2.3776 0.18 0.295 0.270 0.009 0.226 0.048
Fs 0.338 0.318 2.2793 0.17 0.372 0.346 0.010 0.298 0.060
F 0.796 0.728 4.5092 0.58 1.164 1.115 0.087 0.385 0.334
F 1.210 1.189 2.1056 0.20 1.245 1.219 0.010 1.167 0.349
Fs 1.287 1.266 2.6322 0.19 1.318 1.293 0.006 1.248 0.360
Fo 1.36 1.340 2.6968 0.18 1.392 1.367 0.010 1.321 0.374
Fio 1.448 1.425 2.4370 0.19 1.491 1.466 0.009 1.395 0.395
F11 1.549 1.527 2.4328 0.19 1.594 1.568 0.012 1.495 0.417
F1z 1.697 1.672 3.2277 0.26 1.788 1.759 0.025 1.599 0.476
Fi3 1.830 1.81 2.8816 0.17 1.861 1.837 0.010 1.792 0.486
Fi4 1.903 1.883 3.4255 0.17 1.935 1910 0.009 1.863 0.498
Fis 1977 1.957 2.7061 0.18 2.01 1.985 0.010 1.937 0.512
Fis 2.055 2.034 3.6422 0.18 2.0903 2.0653 0.010 2.0126 0.526
Fi7 2.139 2.118 3.2146 0.20 2.18 2.152 0.011 2.09 0.543
Fig 2.226 2.205 2.6405 0.19 2.263 2.236 0.010 2.182 5.557
Fig 2.381 0.251 3.6594 0.27 2.48 2.45 0.024 2.267 0.627
Fyo 2.529 2.509 3.6343 0.18 2.563 2.541 0.012 2.486 0.641
Fa 2.616 2.595 2.1241 0.19 2.657 2.630 0.011 2.569 0.659
Fy 2.714 2.692 3.7018 0.2 2.757 2.731 0.012 2.661 0.681
Fa3 2.887 2.855 3.5648 0.26 2.990 2.96 0.032 2.762 0.758
Fa4 3.092 3.065 4.6831 0.23 3.177 3.148 0.022 2.994 0.814
Fas 3.292 3.262 2.7127 0.427 3.385 3.355 0.034 3.182 0.874
Fs 3.909 3.845 7.0639 0.67 4371 4314 0.120 3.402 1.217
Fy7 4.855 4.791 6.8732 0.68 5317 0.122 5.261 4.387 155
Fag 5.450 5.419 4.0686 0.28 5.575 5.542 0.037 5.322 1.623
Fag 5.730 5.696 4.3060 0.32 5.886 5.85 0.040 5.582 1.709
F3o 5.779 5.968 42759 0.25 6.094 6.063 0.026 5.891 1.763

Table 18

The time (in seconds) for 30 benchmark functions in D = 30.

fb_TSA TSA STSA GWO SCA ABC DE PSO CLPSO

Fi 0.0803 0.055 6.9072 0.323 0.118 0.146 0.0324 0.003 0.038
F, 0.215 0.184 5.8745 0.357 0.241 0.272 0.0314 0.15 0.171
F3 0.335 0.311 6.3700 0.35 0.354 0.381 0.0276 0.276 0.297
F4 0.441 0.416 6.1904 0.307 0.458 0.484 0.0271 0.384 0.403
Fs 0.551 0.527 6.7096 0.367 0.575 0.60 0.0300 0.488 0.512
Fs 1.701 1.555 5.8673 1.762 2.662 2.757 0.2568 0.635 1.3706
F; 2.834 2.806 5.98 0.3839 0.324 2.891 0.0307 2.761 2.792
Fg 2.947 2.923 6.0104 0.276 2.961 2.987 0.0192 2.893 291
Fo 3.063 3.037 5.9477 0.293 3.087 3.114 0.0313 2.99 3.02
Fio 3.206 3.181 6.2083 0.349 3.254 3.284 0.0283 3.118 3.161
F1 3.399 337 6.3992 0.394 3.464 35 0.0370 3.29 3.347
Fia 3.762 3.718 7.4727 0.669 3.946 3.984 0.0688 3.507 3.67
Fi3 4.051 4.026 5.8627 0.307 4.0226 4.094 0.0346 3.988 4.011
Fia 4.154 4131 5.9190 0.299 4172 4.201 0.0279 4.098 4118
Fis 4276 4.251 5.8262 0.305 4.303 4.332 0.0401 4204 4.236
Fie 4.41 4.383 5.9694 0.311 4.443 4.47 0.0326 4.336 4.366
Fi7 4.556 4.530 6.0263 0.332 4.603 4.641 0.0338 4474 4512
Fig 4711 4.685 6.2250 0.306 4735 4.762 0.0286 4.646 4.671
Fig 5.054 5.003 9.3341 0.563 5.267 5.31 0.0709 4772 4951
Fyo 5.38 5.357 6.2154 0.317 5.406 5.433 0.0299 5.316 5.342
Fa 5512 5.487 6.6253 0.326 5.548 5.575 0.0330 5.436 5.47
Fy 5.673 5.646 6.7705 0.356 5.722 5.751 0.0513 5.58 5.626
Fa3 6.06 6.00 7.8047 0.547 6.276 6.317 0.0939 5.762 1.949
Fou 6.551 6.51 7.1754 0.46 6.71 6.74 0.0648 6.326 6.471
Fys 7.015 6.963 8.4691 0.539 7.212 7.253 0.0796 6.759 6.916
Fa 8.663 8.487 22.9369 2.056 9.885 9.99 0.3445 7.297 8.256
Fy7 11.381 11.2 18.4765 1.864 12.578 12.692 0.3407 10.049 10.97
Fag 13.056 12.981 8.8313 0.592 13.33 13.383 0.1140 12.706 12.919
Fag 13.79 13.718 9.2659 0.732 14.142 14.196 0.1204 134 13.644
F3o 14.432 14.385 7.7002 0.483 14.612 14.652 0.0762 14.207 14.341

6. Conclusion and future works

TSA is a novel continuous optimization approach with an
excellent performance. In the basic TSA, the feed-back mechanism
is its basic and essential mechanism to achieve the evolution
process by trees and seeds. However, there are two problems
with TSA. For instance, ST is fixed with a constant in TSA, and

the number of seeds (ns) is generated without any heuristics. As
hypothesized in this paper, these two factors should be redefined
and redesigned in the feedback mechanism in the TSA.

To achieve a better global optimal solution with an enhanced
TSA, three novel algorithms of st_TSA, ns_TSA, and fb_TSA are
proposed to enhance its optimization capability. The redefined ST
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Table 19
The time (in seconds) for 30 benchmark functions in D = 50.
fb_TSA TSA STSA GWO SCA ABC DE PSO CLPSO

Fy 0.131 0.0973 11.4898 0.489 0.205 0.237 0.0620 0.006 0.0683
F, 0.336 0.304 10.1065 0.503 0.379 0.408 0.0485 0.243 0.283
F3 0.504 0.472 9.6419 0.444 0.546 0.574 0.0507 0.414 0.449
Fy 0.672 0.641 9.6344 0.467 0.714 0.743 0.0489 0.58 0.619
Fs 0.852 0.823 9.8118 0.439 0911 0.940 0.0530 0.749 0.797
Fs 2.754 2.535 25.1522 3.251 4.378 4.531 0.4357 0.995 2.205
F; 4.6556 4,621 9.9557 0.55 4,720 4,753 0.0549 4537 4.594
Fg 4.841 4.815 9.5494 0.447 4.863 4.89 0.0364 4.758 4.792
Fo 4.998 4.968 9.8105 0.503 5.052 5.081 0.0551 4.895 4.943
Fio 5.225 5.183 10.4284 0.503 5.307 5.338 0.0503 5.087 5.153
Fiq 5513 5.471 11.1059 0.525 5.627 5.662 0.0646 5.346 5.434
Fiz 6.028 5.974 12.7706 0.849 6.343 6.0404 0.1179 5.675 5.901
Fi3 6.505 6.472 10.3258 0.425 6.549 6.576 0.0555 6.41 6.449
Fi4 6.672 6.643 12.3563 0.429 6.714 6.743 0.0505 6.581 6.621
Fis 6.865 6.833 12.0144 0.44 6.931 6.962 0.0552 6.749 6.80
Fi6 7.085 7.053 12.8986 0.448 7.149 7.179 0.0534 6.968 7.024
Fi7 7.319 7.285 13.3899 0.474 7.403 7.435 0.0587 7.186 7.254
Fig 7.55 7.516 11.3199 0.442 7.6 7.63 0.0565 7.441 7.488
Fig 8.113 8.036 15.6015 0.84 8.509 8.572 0.1220 7.646 7.943
Fyo 8.678 8.649 115144 0.442 8.733 8.764 0.0538 8.576 8.623
Fx 8.895 8.86 12.2169 0.472 8.972 9.008 0.0557 8.769 8.831
F 9.181 9.131 11.2937 0.517 9.281 9.315 0.0663 9.015 9.097
Fy3 9.857 9.774 15.7780 0.874 10.27 10.33 0.1563 9.335 9.684
Foq4 10.72 10.654 16.4257 0.682 11.017 11.066 0.1159 10.345 10.587
Fys 11514 11.44 15.7896 0.776 11.873 11.924 0.1356 11.083 11.359
Fos 14.264 13.99 33.2329 3.457 16.332 16.513 0.5870 11.998 13.594
Fy; 18.71 18.427 41.7209 3.312 20.793 20.977 0.5666 16.59 18.042
Fag 21.607 21515 20.2447 1.173 22.140 22.206 0.1901 20.999 21.396
Fyg 22916 22.809 17.5021 1.215 23.544 23.618 0.2056 22.233 22.679
F3o 24.015 23.943 14.7954 0.772 24.355 24407 0.1330 23.634 23.866

Table 20

The time (in seconds) for 30 runs of partial benchmark functions in D = 100.

fb_TSA TSA STSA EST_TSA SCA ABC DE PSO CLPSO

Fi 0.346 0.286 24.0072 0856 0.589 0.635 0.1179 0.0133 0.204
F, 0.901 0.456 21.8802 0.745 1.077 1.118 0.1047 0.647 0.785
F3 1.378 1.331 21.1197 0.919 1.591 1.4216 0.1041 1.13 1.272
Fa 1.851 1.794 22.1800 0.825 2.021 2.063 0.1030 1.603 1.738
Fs 2.344 2.296 21.6156 0.834 2.543 2.584 0.1098 2.0786 2.213
Fs 5.903 5.504 53.3709 4.887 9.167 9.438 0.8795 2.699 4.885
F; 9.757 9.697 22.8632 0.746 9.979 10.021 0.1251 9.453 9.632
Fg 10.138 10.103 19.1246 0.588 10.185 10.221 0.0874 10.029 10.069
Fo 10.506 10.453 22.8163 0.869 10.712 10.753 0.1071 10.235 10.389
Fio 10.981 10.934 21.1495 0.792 11.139 11.177 0.1040 10.765 5.440
Fn 11.568 11.506 26.0309 0.855 11.882 11.931 0.1358 11.195 11.416
Fia 12.719 12.615 28.4855 1.427 13.442 13.518 0.2461 11.960 12.456
Fi3 13.783 13.733 22.8660 0.687 13.951 13.989 0.1027 13.529 3.672
Fia 14.248 14.191 26.0382 0.697 14.418 14.455 0.1026 14.001 14.132
Fis 14.748 14.691 22.3108 0.726 14.96 15.002 0.1124 14.468 14.628
Fi6 15.29 15.238 21.8285 0.732 15.503 15.544 0.1326 15.015 15.166
Fi7 15.889 15.821 24.2055 0.792 16.146 16.196 0.1534 15.558 15.743
Fis 16.52 16.45 22.0553 0.724 16.736 16.782 0.1407 16.211 16.365
Fig 17.780 17.640 32.9438 1.346 18.615 18.707 0.2664 18.816 17.466
Fxo 18.972 18.924 28.5300 0.677 19.166 19.206 0.1410 18.720 18.862
F> 19.511 19.455 24.8771 0.78 19.733 19.776 0.1291 19.22 19.388
F> 20.131 20.072 22.2520 0.821 20.407 20.454 0.1355 19.790 19.995
Fy3 21.821 21.635 29.2674 1.712 23.028 23.136 0.3197 20.502 21.395
Fa4 24.013 23.886 26.2333 3.6568 24764 24873 0.2351 23.172 23.722
Fys 25.976 25.828 29.6840 1.523 26.948 27.045 0.2814 24916 25.623
Fy 32.06 31.475 63.9164 5.931 36.765 37.121 1.2602 27.207 30.585
Fy7 41.824 41.229 71.4691 5.853 46.597 47.006 1.1433 37.288 40.341
Fag 48.631 48.422 42.7324 2.053 50.183 50.335 0.3866 47.066 48.113
Fyg 51.921 51.691 37.6615 2.379 53.462 53.607 0.4196 50.395 51.384
F3o 54.625 54.473 27.8951 1.914 55.586 55.687 0.2999 53.645 54.27

in st_TSA has a better performance when compared with TSA. At
the same time, the redesigned seed number generation mecha-
nism in ns_TSA has its superiority proved by the experiment. To
enhance the capability of TSA, both ST and ns are combined in the
feedback mechanism with the best performance when compared
with TSA, st_TSA and ns_TSA. Hence, there are some findings in

this paper.
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e Change ST dynamically in the whole searching process will

help to find the global optimal solution in TSA.

e Determine ns by seed evaluation has a positive effect on

finding the global optimal solution.

e Enhance the feedback mechanism in TSA will increase the

continuous optimization capability of TSA significantly.
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Table 21
Results of the Wilcoxon’s test for fb_TSA and other algorithms on 30 test functions with D=10.
Algorithm Better Worst w+ W~ p-value a=0.1 a =0.05
fb_TSA VS TSA 23 7 371 65 0.00976 Yes Yes
fb_TSA VS GWO 19 11 340 125 0.1064 No No
fb_TSA VS STSA 24 6 391 74 1.73E—-06 Yes Yes
fb_TSA VS SCA 30 0 500 0 1.734E—-06 Yes Yes
fb_TSA VS ABC 26 4 395 70 8.307E—-05 Yes Yes
fb_TSA VS PSO 28 2 445 8 4.801E—-06 Yes Yes
fb_TSA VS DE 30 0 465 0 1.73E—-06 Yes Yes
fb_TSA VS CLPSO 24 6 371 95 0.0047 Yes Yes
Table 22
Results of the Wilcoxon’s test for fb_TSA and other algorithms on 30 test functions with D=30.
Algorithm Better Worst wt w- p-value a=0.1 o =0.05
fb_TSA VS TSA 26 4 444 21 1.36E—05 Yes Yes
fb_TSA VS GWO 25 5 394 71 0.0041 Yes Yes
fb_TSA VS STSA 28 2 459 6 3.18E—-06 Yes Yes
fb_TSA VS SCA 29 1 459 6 3.18E—06 Yes Yes
fb_TSA VS ABC 29 1 428 36 6.319E—-05 Yes Yes
fb_TSA VS DE 30 0 465 0 1.73E—-06 Yes Yes
fb_TSA VS PSO 26 4 445 8 5.306E—05 Yes Yes
fb_TSA VS CLPSO 26 4 435 30 3.72E-05 Yes Yes
Table 23
Results of the Wilcoxon’s test for fb_TSA and other algorithms on 30 test functions with D=50.
Algorithm Better Worst w+ w- p-value a=0.1 o =0.05
fb_TSA VS TSA 27 3 451 14 6.98E—06 Yes Yes
fb_TSA VS GWO 22 8 353 112 0.0132 Yes Yes
fb_TSA VS STSA 27 3 458 7 2.60E—05 Yes Yes
fb_TSA VS SCA 29 1 460 5 2.87E—06 Yes Yes
fb_TSA VS ABC 26 4 430 35 4.86E—05 Yes Yes
fb_TSA VS DE 29 1 449 16 8.47E—06 Yes Yes
fb_TSA VS PSO 26 4 454 11 2.84E—05 Yes Yes
fb_TSA VS CLPSO 25 5 436 29 2.84E—05 Yes Yes
Table 24
Results of the Wilcoxon’s test for fb_TSA and other algorithms on 30 test functions with D=100.
Algorithm Better Worst wt w- p-value a=0.1 a =0.05
fb_TSA VS TSA 28 2 461 4 2.603E—-06 Yes Yes
fb_TSA VS GWO 24 6 383 82 0.0166 Yes Yes
fb_TSA VS STSA 29 1 465 5 2.88E—06 Yes Yes
fb_TSA VS SCA 30 0 465 0 1.734E—-06 Yes Yes
fb_TSA VS ABC 28 2 439 26 2.163E—-05 Yes Yes
fb_TSA VS DE 29 1 461 5 2.88E—06 Yes Yes
fb_TSA VS PSO 26 4 425 40 8.918E—-05 Yes Yes
fb_TSA VS CLPSO 27 3 459 6 1.49E—05 Yes Yes
Table 25
Results of the Friedman test for fb_TSA and other algorithms on 30 test functions.
Algorithm p-value o = 0.05 Algorithm p-value o = 0.05
fb_TSA VS TSA 0.008151 Yes fb_TSA VS TSA 5.90E—-06 Yes
fb_TSA VS GWO 0.273 No fb_TSA VS GWO 0.001 Yes
fb_TSA VS STSA 4.3205E—08 Yes fb_TSA VS STSA 2.00E—06 Yes
D=10 fb_TSA VS SCA 4.3205E—08 Yes D=30 fb_TSA VS SCA 3.19E—-06 Yes
- fb_TSA VS ABC 5.90E-05 Yes - fb_TSA VS ABC 1.20E-05 Yes
fb_TSA VS DE 4.3205E—08 Yes fb_TSA VS DE 4.32E—-08 Yes
fb_TSA VS PSO 3.00E—-06 Yes fb_TSA VS PSO 5.90E—05 Yes
fb_TSA VS CLPSO 0.001 Yes fb_TSA VS CLPSO 2.61E-04 Yes
fb_TSA VS TSA 5.90E—05 Yes fb_TSA VS TSA 2.00E—06 Yes
fb_TSA VS GWO 0.011 Yes fb_TSA VS GWO 0.011 Yes
fb_TSA VS STSA 1.90E-05 Yes fb_TSA VS STSA 3.19E-07 Yes
D=50 fb_TSA VS SCA 3.19E-08 Yes D=100 fb_TSA VS SCA 2.00E—06 Yes
- fb_TSA VS ABC 5.90E—05 Yes - fb_TSA VS ABC 4.32E—-08 Yes
fb_TSA VS DE 3.19E-07 Yes fb_TSA VS DE 4.19E—08 Yes
fb_TSA VS PSO 4.18E—04 Yes fb_TSA VS PSO 2.61E-04 Yes
fb_TSA VS CLPSO 1.05E—-03 Yes fb_TSA VS CLPSO 5.90E—05 Yes
In this paper, we propose two hypotheses, which are verified e Do not to reject hypothesis 1: dynamic ST value deter-

mined by the feed-back mechanism helps to find global
in the paper. The verifications are as follows: optimal value through the whole searching process.
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Table 26
The result for the Tension/Compression Spring Design problem (T/CSD).
Design variables Optimal values for variables
fb_TSA TSA ABC SCA PSO
Mean Mean Mean Mean Mean
X1 0.05 0.05 0.05 0.06 0.06
X2 0.38 0.37 0.34 0.61 0.49
X3 8.50 8.55 13.08 8.04 7.46
g1(x) —5.23E—04 —1.01E—08 —0.01 —-0.13 —1.88E—08
22(x) —3.01E-04 —5.54E—08 —0.12 —0.15 —0.11
g3(x) —4.86 —4.86 —2.76 —3.47 —4.23
24(x) —0.72 —0.72 —0.74 —0.55 —0.64
0 Mean Std Mean Std Mean Std Mean Std Mean Std
0.0098 1.93E—-05 0.00987 4.01285E—-09 0.0132 0.0001 0.0175 0.0037 0.0133 0.0008
Table 27
The result for pressure vessel design — PVD problem.
Design variables Optimal values for variables
fb_TSA TSA ABC SCA PSO
Mean Mean Mean Mean Mean
x1(Ts) 0.91 1.10 1.10 1.34 1.12
x2(Tp) 0.48 0.60 0.60 0.64 0.6
x3(R) 46.89 56.99 56.79 59.54 57.93
X4(L) 129.01 51.00 52.62 58.14 46.07
g1(x) —0.00456 —4.88E—08 —4.89E—-03 —0.19 —7.19236E—10
2(x) —0.02769 —0.59 —0.59 —0.63 —0.59
g3(x) —3480.96 —61166.19 —4207.72 —132089.08 0
84(X) —110.99 —183.01 —187.38 —181.86 —193.93
0 Mean Std Mean Std Mean Std Mean Std Mean Std
6302.61 217.52 7019.34 0.0011 7057.22 19.423 8810.03 1202.26 7036.57 36.39
Table 28
The result for Himmelblau’s non-linear optimization problem.
Design variables Optimal values for variables
fb_TSA TSA ABC SCA PSO
Mean Mean Mean Mean Mean
X1 78.011 78.07 78.02 78.01 78.00
X2 33.0294 33.14 33.01 33.00 33.36
X3 27.097 27.21 27.22 27.23 27.26
X4 44.982 44.86 44.70 45.00 45.00
X5 44.898 44.60 4481 44.98 44.39
g1(x) 92.00 91.97 91.96 91.99 91.99
22(x) 100.41 100.42 100.39 100.43 100.48
g3(x) 20.00 20.00 20.02 20.06 20.00
£ Mean Std Mean Std Mean Std Mean Std Mean Std
—31021.608 2.616 —31003.15 7.6803 —30990.131 15.943 —30977.94 32.26606 —31006.988 33.437
Table 29
The result for welded beam design.
Design variables Optimal values for variables
fb_TSA TSA ABC SCA PSO
Mean Mean Mean Mean Mean
X1 0.21 0.21 0.20 0.20 0.21
X2 2.27 2.27 2.58 2.73 2.18
X3 9.04 9.04 9.03 9.26 8.87
X4 0.21 0.21 0.22 0.21 0.21
g1(x) —0.0906 —1.43E-01 —705.39 —734.24 —1.41E-06
(x) —0.0475 —3.25E-01 —1731.98 —2345.67 —3.97E-04
g23(x) —6.26E—07 —3.56E—06 —0.02 —0.02 —1.01E—06
84(X) —3.5412 —3.54 —3.42 —3.41 —3.52
g5(x) —0.0804 —8.04E—02 —0.08 —0.07 —0.09
Z6(x) —0.2356 —2.36E—-01 —0.24 —0.24 —0.24
g7(x) —0.0388 —1.86E—-01 —1389.72 —880.11 —931.09
£ Mean Std Mean Std Mean Std Mean Std Mean Std
1.5603 2.496E—05 1.5603 6.526E—05 1.6977 0.0395 1.7026 0.0432 1.58764 0.06249

e Do not to reject hypothesis 2: ns is changed dynamically by

feedback mechanism that can balance the exploration and

exploitation.

As tested in CEC 2014 and 4 real engineering optimization

problems, the proposed fb_TSA is demonstrated and proved to
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Fig. 15. Welded beam design.

be an excellent TSA variant that should be explored in the future.
However, there are some limitations that should be explored in
the future as the following.

e Its ST updating mechanism is a linear method, but different
non linear ST updating mechanisms should be proposed to
be a more adapter feedback mechanism;

e Its ns generation mechanism is implemented with some
simple equations, but different adaptive ns generation mech-
anisms based on different searching phases or heuristics
should be proposed in the future;

e Only 4 real engineering problems are validated, but many
other optimization problems should be tested by the pro-
posed fb_TSA or its variants.
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