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Abstract—There are two challenges in the development of
new metaheuristics. The first challenge is the utilization of the
improving status of agents. The second challenge is the
employment of stagnation avoidance strategies. This work
introduces a new metaheuristic called include-exclude
optimization (IEO). It provides a novel approach by combining
both the quality and improving statuses of agents to construct
the reference and determine the direction of the guided search
or movement. IEO also proposes a new technique to avoid
stagnation by accepting the best solution candidate when
stagnation occurs after the agent performs three guided
searches. Then, IEO is challenged to solve three use cases. The
first use case is the 23 traditional functions. The second use case
is ELD problem representing practical problem in electrical
engineering field. The third use case is gear train design problem
representing practical problem in mechanical engineering field.
In this assessment, IEOQ is benchmarked with five new
metaheuristics: golden search optimization (GSO), total
interaction algorithm (TIA), dollmaker optimization algorithm
(DOA), carpet weaver optimization (CWO), and hiking
optimization (HO). The result shows that IEO is superior to
these five metaheuristics in handling 23 traditional functions
and performs the best in handling ELD problem and gear train
design problem.

Index Terms—optimization, metaheuristic, economic load
dispatch problem, gear train problem.

1. INTRODUCTION

PTIMIZATION is highly related to the engineering

field. Optimization studies can be found in many
engineering studies, including electrical, mechanical,
industrial, and so on. Optimization studies can be found in
many electrical engineering studies, especially in power
systems, including the economic dispatch [1], unit
commitment [2], power flow [3], and so on. In mechanical
engineering, optimization can be found easily in many
engineering designs, such as gear train, three-bar truss,
spring, welded beam, cantilever beam, tubular column, and
so on [4]. In industrial engineering, optimization studies are
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employed in vast areas of supply chain management from the
production scheduling [5], warehousing [6], shipment [7],
and so on.

Metaheuristics has been widely employed in various
optimization studies in engineering fields. In power system,
some metaheuristics have been employed to solve optimal
power flow problems, such as particle swarm optimization
(PSO) [8], Archimedes optimization algorithm (AOA) [3],
driving training-based optimization (DTBO) [9], marine
predator algorithm (MPA) [10], and so on. Some
metaheuristics also have been employed to solve economic
dispatch problems, including sparrow search algorithm
(SSA) [11], chameleon algorithm (CA) [12], dandelion
optimizer (DO) [13], manta-ray foraging algorithm (MRFA)
[14], teaching learning-based optimization (TLBO) [15], and
so on. In production system, some metaheuristics have been
utilized to solve scheduling problems, such as: cuckoo search
algorithm (CS) [16], genetic algorithm (GA) [17], artificial
bee colony (ABC) [18], and so on. In mechanical engineering
design field, some metaheuristics have been employed to
solve gear train design problems, such as: prairie dog
optimization (PDO) [4], evolutionary algorithm (EA) [19],
learning-cooking algorithm (LCA) [20], and so on.

The vast employment of metaheuristics in various
optimization studies can be linked to the abundance of new
metaheuristics. There are a lot of new metaheuristics
introduced in the recent years, such as: golden search
optimization (GSO) [21], addax optimization algorithm
(AOA) [22], carpet weaver optimization (CWO) [23], total
interaction algorithm (TIA) [24], dollmaker optimization
algorithm (DOA) [25], hiking optimization (HO) [26],
hippopotamus optimization (HO) [27], greater cane rat
algorithm (GCRA) [28], group better-worse algorithm
(GBWA) [29], artificial protozoa optimization (APO) [30],
and so on.

In all studies proposing a new metaheuristic, the proposed
technique was assessed by employing it to handle certain
optimization problems. Standard use cases like 23 traditional
functions or CEC series become the common or mandatory
use case. Meanwhile, many of these metaheuristics were also
assessed with the practical problems. The engineering design
problems become the most popular ones as these problems
can be found in many studies like in the first introduction of
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clouded leopard optimization (CLO) [31], chameleon swarm

algorithm (CSA) [32], walrus optimization algorithm

(WaOA) [33], deep sleep optimizer (DSO) [34], learning

cooking algorithm (LCA) [35], HO [27], object-oriented

programming optimization algorithm (OOPOA) [36], and so
on. Meanwhile, some studies employed economic dispatch
problem as their practical use case, such as: squirrel search
optimization (SSO) [37], stochastic shaking algorithm (SSA)

[38], technique of narrowing down area (ToNDA) [39],

iteration-controlled mixture optimization (ICMO) [40], and

so on. Meanwhile, studies that accommodate practical use
cases from multiple fields are rare to find.

Meanwhile, in the technical aspect, many metaheuristics,
especially the swarm-based ones, focus on the recent quality
of the agents rather than the improving status of these agents.
In some metaheuristics, the agents move toward the optimal
agent [41], a randomly picked better agent [42], or the
average position of better agents [43]. Meanwhile, in some
cases, the agents move toward a randomly picked agent if this
picked agent is better than the moving agent [31]. Otherwise,
this moving agent moves away from the randomly picked
agent [31]. This circumstance may lead to stagnation if the
agent moves toward the reference although this reference is
better than the moving agent, but it fails to improve. This
movement may lead to another stagnation. Unfortunately,
recent metaheuristics that give attention to the improving
status of the agent to be considered as reference are also rare
to find.

Based on these problems, this paper is aimed to introduce
a new metaheuristic called include-exclude optimization
(IEO). IEO proposes a new technique in considering both
recent quality and the improving status of the agent in the
construction of the reference to be used in the guided search.
IEO also performs strategy to treat agents that fail to improve.

Following this objective, the scientific contribution of this
paper is as follows.

e This paper proposes a new swarm-based metaheuristic
called as include-exclude optimization (IEO).

e [EO introduces a new approach in considering both
quality and improving status of the agents for
consideration.

e JEO introduces a new approach in treating agents that
fail to improve.

e This paper provides an assessment to investigate the
performance of IEO by employing it to solve three use
cases: 23 traditional functions, ELD problem, and an
engineering design problem.

e The performance of IEO is benchmarked with five new
metaheuristics.

The structure of the rest of this paper is as follows. Section
two reviews the recent studies in proposing new
metaheuristics, especially the use case. Section three
provides a detailed description of the model of IEO including
the fundamental idea, algorithm, and mathematical
formulation. Section four presents the assessment of IEO in
handling three use cases. Section five provides a
comprehensive discussion regarding the result, findings, and
limitations. Section six provides the summary of conclusion
and tracks for future studies.

II. RELATED WORKS

In swarm intelligence, there are a certain number of
agents that work autonomously in finding a better solution.
Although these agents work autonomously, interaction
among agents plays critical roles in finding the quasi-optimal
solution. In the guided search which is the fundamental or
primary movement of agents in the swarm intelligence, some
references are needed. Meanwhile, some metaheuristics are
also enriched with neighborhood search which does not need
any references.

The quality of agents in the population or swarm plays
important roles in the guided search. First, the quality of
agents determines whether these agents will be selected to
construct the reference. Some references include the optimal
agent [41], arandomly picked better agent, a randomly picked
agent [24], and so on. Second, the quality of agents
determines the direction of the movement. In some
metaheuristics, like TIA [24] or ZOA [44], an agent moves
toward the reference only if the reference is better than the
agent. Otherwise, this agent will move away from the
reference.

Unfortunately, the improving status of the agent is not
considered in most swarm-based metaheuristics. The
improving status is the status that provides information
whether an agent improves its quality in its last search.
Improving status is also important to provide information
whether a certain area still has probability to generate
improvement. The opposite of the improvement is stagnation.

Many metaheuristics, especially the swarm-based
metaheuristics, do not care about stagnation. In general, they
focus on the motion to improve the solution. Many
metaheuristics employ strict acceptance approach to avoid the
worsening situation by rejecting the candidate that does not
provide improvement. But it still does not guarantee facing
stagnation. In some metaheuristics like ABC [45], certain
penalty is introduced for units that stagnate and forces them
to move anywhere in the search space.

The existence of use cases cannot be separated from the
development of metaheuristics. Any new metaheuristics
should be assessed to solve various optimization problems in
their first introduction. This assessment is important to
investigate the efficacy, strength, and weakness of the
proposed metaheuristics.

In general, there are two types of use cases. The first use
cases are sets of standard functions. Each set of standard
functions comprises many functions where each of these
functions has its own nature. In general, each function has
only a single objective. Commonly, each set of functions can
be split into two groups: unimodal functions and multimodal
functions. The second use cases are the practical problems.
The practical problems represent real-world optimization
problems as they have specific objectives and constraints.
Some problems are single objective problems while others
are multi objective problems. Engineering design problems
become the most popular practical use cases to be used in the
first introduction of many new metaheuristics. The short
review of the use cases which were used in the first
introduction of several recent new metaheuristics is revealed
in Table 1.
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TABLEI
REVIEW ON USE CASES IN SEVERAL RECENT METAHEURISTICS

No Metaheuristics Standard Use Cases

Practical Use Cases

1 ICMO [40] 23 traditional functions

2 TIA [24] 23 traditional functions

3 CWO [23] 23 traditional functions

4 HO [26] 23 traditional functions, composite
functions

5 HOA [27] 23 traditional functions, 8 ZP functions,
CEC 2019, CEC 2014,

6 COA [41] CEC 2017, CEC 2011

7 WaOA 23 traditional functions, CEC 2015, CEC
2017

8 SSO [37] -

ToNDA [39] -

10  proposed work 23 traditional functions

ELD

Pressure vessel, speed reducer, welded beam, spring

I-beam, spring, gear train, NP-hard problem, traveling
salesman problem, knapsack problem,

Spring, welded beam, pressure vessel

Pressure vessel, speed reducer, welded beam, spring
Spring, welded beam, speed reducer, pressure vessel

ELD
ELD
ELD, gear train

Table 1 reveals that the set of 23 traditional functions
dominates the standard functions for assessment of new
metaheuristics. Meanwhile, CEC series are popular too.
Some metaheuristics are designed to solve specific cases like
SSO [37], ToNDA [41], AOA [22], and so on where SSO and
ToNDA are specific to solve ELD problem while AOA is
specific to solve four engineering design problems.

On the other hand, engineering design problems become
the most popular practical use cases in the first introduction
of new metaheuristics. Then, economic dispatch problem is
also used in several studies introducing new metaheuristics.
Some studies also envoys several other practical use cases.
Meanwhile, some metaheuristics do not employ to solve any
practical problems but only the standard functions only.

This review highlights three circumstances that motivate
this work. The first circumstance is that the unpopularity of
improving status of agents while most metaheuristics focus
on the recent quality of the agents. The second circumstance
is the unpopularity of stagnation avoidance. The third
circumstance is the lack of studies that employ practical use
cases from multiple fields in the introduction of new
metaheuristics.

III. PROPOSED MODEL

In general, include-exclude optimization (IEO) is
constructed based on the swarm intelligence method. The
system of IEO consists of a certain number of autonomous
agents where each of these agents represent the solution. Each
agent works actively in every iteration to improve its own
quality and the entire population. Each agent traces for
possible better solution along the search space.

The fundamental idea of IEO is the treatment of the agent
not only based on its recent quality but also its improvement.
This idea is delivered into two strategies. The first strategy is
that an agent will move toward a selected agent only if this
selected agent is better than the related agent but also if this
selected agent is able to improve itself. Otherwise, the related
agent will not consider this selected agent or avoid this
selected agent.

The second strategy is related to the treatment for an agent
that fails to improve after it conducts all searches in an
iteration. In TEO, strict acceptance is employed so that a
solution candidate replaces the current solution only if this
candidate is better than the current solution. This approach is
needed to avoid an agent to be thrown away to the worse
situation. But on the other hand, this approach may produce
stagnation. To avoid this stagnation, the best solution

candidate will replace the recent solution based on the best of
the worse concept.

This fundamental idea is converted into three directed
searches performed by every agent in every iteration. In the
first search, the agent moves toward the optimal agent which
is the agent whose quality is the best so far. In the second
search, the agent moves toward a randomly picked better and
improving agent. In the third search, the agent will move
toward a randomly picked agent whose quality is better, and
it is improving. Otherwise, this agent will move away from
this randomly picked agent.

The formal model of IEO is described in mathematical
formulation and algorithm. The mathematical formulations
are provided in (1) to (16). Meanwhile, the algorithm of IEO
is provided in algorithm 1 using pseudocode.

In the initialization phase, each agent is uniformly placed
within the search space. It is formalized using (1) where x is
the agent, i represents the index of the agent and ;j represents
the dimension of the space. Then, x; represents the lower
boundary of the space and x,, represents the upper boundary
of the space. U; is a floating-point random number that ranges
from 0 to 1.

xij = xp; + Uy (upj — x1p ) (D

Each time an agent is initialized, the updating for the
optimal agent is performed. Equation (2) formalizes this
updating process. x., represents the optimal agent. Variable
of represents the objective function.
P {xi'of(xi) < Of(xopt) )

opt —
Xopt, else

In the beginning of the searching process, the value of the
agent is stored first. The storing process is formalized using
(3) where X, stores the value of agent i. This value will be
used to determine whether the agent improves after it
performs searches.

Xprev,i = Xi 3)

The formalization of the first search is provided in (4) and
(5). Equation (4) formalizes the motion toward the optimal
solution where c;; represents the first solution candidate and
U: represents the uniform integer random number between 1
and 2. Equation (5) formalizes the updating process of agent
i based on the quality comparison with the first solution
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candidate. After the updating of the related agent is
performed, the optimal solution is also updated using (2).

C1ij = Xij + Ui (Xope,j — Uaxi j) “4)

Xl = {Cl,i' Ofg(:lzl:e()f(xi) )
0

The formalization of the second search is provided in (6)
to (9). Equation (6) formalizes the construction of a pond that
comprises all agents whose quality is better than the related
agent and whose status is improving. This pond also includes
the optimal solution. Variable Xj;; represents the pond. Then,
(7) formalizes the random picking of a selected agent from
this pond. X, represents the first selected agent while Us
represents the uniform random from certain population.
Equation (8) formalizes the motion toward this first selected
agent where c; represents the second solution candidate.
Equation (9) formalizes the updating process of the related
agent by comparing it with the second solution candidate.
Like the first search, the updating of the optimal solution is
performed after the updating of the related agent.

Xhi,i = {Vxlof(x) < Of(xi) As(x) = 1} U Xopt (6)
Xse1,i = Us(Xnii) (7
Caij = Xij + Ur(Xser1,1,5 — Uaxy ) (3

Xl = {Cz,i' ij(:zzl:eof(xi) ©)
0
The formalization of the third search is provided in (10)
to (13). Equation (10) formalizes the second randomly picked
agent from the population where x,.2; represents the second
picked agent. Equation (11) formalizes the motion where the
direction of the motion depends on the certain circumstance.
Equation (12) formalizes that the motion is toward the
reference only if the random picked agent is better than the
related agent and its status is improving. Equation (13)
formalizes the updating process of the related agent by
comparing it with the third solution candidate where c3;
represents the third solution candidate. Like the first and
second searches, the updating of the optimal solution is
performed after the updating of the related agent.

Xsel2,i = U3 (X) (10)
S Xij + U1(x5e12,i,j - U2xi,f)’ case =1 (11)
3,0 xij + Uy (x; ) — UpXsern ), else
case = {1, of (¥setz,i) < of () A5 (Xger2) = 1 (12)
0,else
x! = {C3,i,0f(C3) <of(x:) (13)
i X, else

After these three searches are performed, the next process
is stagnation avoidance. First, the status of the related agent
is updated by using (14). Then, the best solution candidate

replaces the current value of the related agent if stagnation
occurs using (15). Equation (16) provides the selection of the
best solution candidate among three solution candidates.

_ 1' Of(xi) < Of(x rev,i)
s(x) = { 0,else ’ (14
r_ Csel,i's(xi) =0
X = { x;, else (15)
Cseti = € € C;;min (of (¢)) (16)

algorithm 1: include-exclude optimization
start
for all x
initialize x
end
for=1to T
for all x
Store Xprev
perform first search
9 perform second search
10 perform third search
11 perform stagnation avoidance

0 N L AW~

12 end

13 end

14 return xop
15 stop

The explanation of IEO based on algorithm 1 is as
follows. The initialization is presented from lines 2 to 4.
Meanwhile, the iteration is presented from lines 5 to 13. Line
14 states that the optimal solution becomes the final solution.

The computational complexity of IEO can be investigated
from algorithm 1 based on the number of loops. In the
initialization, the complexity is presented as O(n(X).d). This
presentation means that the complexity is linearly
proportional to the population size or dimension. In the
iteration, the complexity is presented as O(T.n(X)%.d) which
means the complexity is linearly proportional to the
maximum iteration, or dimension but quadratic proportional
to population size.

IV. SIMULATION

This section provides the assessment of IEO to investigate
its performance in handling optimization problems. There are
three problems which are investigated in this work. The first
problem is the set of standard functions that comprises 23
functions. The second problem is the economic load dispatch
(ELD) problem representing optimization problem in
electrical field. The third problem is the gear train problem
representing optimization problem in mechanical field.

In this work, IEO is benchmarked with five new
metaheuristics: GSO [21], TIA [24], DOA [25], CWO [23],
and HO [26]. GSO [21] and HO [26] are metaheuristics that
employ loose acceptance approach. On the other hand, TTA
[24], DOA [25], and CWO [23] are metaheuristics that
employ hard acceptance approach. In these three assessments,
the population size is 5 while the maximum iteration is 10.
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The first assessment is employing IEO to handle a set of
23 standard functions. These functions can be split into three
groups: seven high dimension unimodal functions, six high
dimension multimodal functions, and ten fixed dimension
multimodal functions. The detailed description of these
functions can be found in [21]. In these 13 multimodal
functions, the dimension is set to 20. In this assessment, the
decimal point which is less than 10 is rounded to 0.

Table 2 provides the assessment result in handling seven
high dimension unimodal functions. In this assessment, IEO
shows its supremacy as it becomes the best performer in all
seven functions. Moreover, IEO can find the global optimal
of f>. In this function, TIA and DOA also can find the global
optimal solution. The performance disparity between the best
performer and the worst one is wide in all these seven
functions. By comparing the range and the absolute mean of
IEO in these functions, it is shown that the range is less than
the absolute mean in two functions (f5 and fs). It means that
the result in both functions is stable among the sessions.

Table 3 provides the assessment result in handling six
high dimension multimodal functions. In this assessment,
IEO shows its supremacy in handling four out of six functions
(f9, f10, f11, and f13). Meanwhile, IEO becomes the second best
in handling f;, where TIA becomes the best one. Fortunately,

the disparity between IEO and TIA in f;, is narrow. IEO
becomes the third best in handling fs where CWO becomes
the first best and DOA becomes the second best. In this
second group, the performance disparity between the best and
the worst is wide in five functions (fs to f3). Meanwhile, this
disparity is narrow in fs. The ratio between the range and the
absolute means of IEO is more than 1 in only two functions
(fo and f;). Otherwise, this ratio is less than 1 representing
stable quality of final solution.

Table 4 shows the competitiveness of IEO in handling the
fixed dimension multimodal functions. It becomes the first
best in two functions (f;9 and f2,), second best in f;5, third best
in six functions (f14, f1s, f17, f13, f21, and f23), and fourth best in
f20. The disparity between the best and the worst is wide in f;s.
Otherwise, this disparity is narrow. The ratio between the
range and the absolute mean of IEO is smaller than 1 only in
f1o which indicates the stable final solution. Otherwise, this
ratio is bigger than 1.

Table 5 summarizes the supremacy of IEO compared to
other metaheuristics based on the group of functions. Overall,
IEO is absolute superior to GSO and HO as it outperforms
both in all 23 functions. Meanwhile, IEO is better than TIA,
DOA, and CWO in 17, 13, and 16 functions.

TABLEII
BENCHMARK SIMULATION RESULT ON SOLVING HIGH DIMENSION UNIMODAL FUNCTIONS
F  Parameter GSO [21] TIA [24] DOA [25] CWO [23] HO [26] 1IEO
1 mean 1.5802x10* 3.2028 1.1978x10? 1.3246x10* 1.0124x10? 0.0004
range 1.4478x10* 1.2548x10! 1.4581x10° 7.7226x10° 2.4654x10° 0.0025
meanrank 6 2 4 5 3 1
2 mean 1.7312x10% 0.0000 0.0000 1.8447x10% 2.2082x10? 0.0000
range 1.2039x10* 0.0000 0.0000 2.9748x10% 2.3605x10° 0.0000
meanrank 6 1 1 5 4 1
3 mean 3.1571x10* 3.2133x10° 3.3848x10° 2.3129x10* 9.2134x10? 5.9739
range 5.8186x10* 9.1523x10? 9.7469x10° 2.8273x10* 1.8743x10° 5.1489x10!
meanrank 6 2 4 5 3 1
4 mean 5.4337x10' 1.6101 9.1905 5.1060x10' 42934 0.0598
range 3.3162x10! 1.9599 1.4997x10! 2.1571x10! 4.3326 0.1748
meanrank 6 2 4 5 3 1
5 mean 2.7682x107 8.0393x10! 5.7027x103 1.6132x107 8.4320x10* 1.8949x10!
range 6.6276x107 1.7271x10? 2.0817x10* 2.0852x107 4.7671x10° 0.0988
meanrank 6 2 3 5 4 1
6 mean 1.4610x10* 5.2259 6.9737x10! 1.1486x10* 9.1759x10! 3.4568
range 1.4292x10* 6.1248 1.7829x10° 7.8755x10° 2.1800x10? 1.2755
meanrank 6 2 3 5 4 1
7  mean 6.3712 0.0633 0.0804 6.4945 1.1451x10? 0.0182
range 1.9700x10! 0.1627 0.1720 8.3692 3.2108x10? 0.0508
meanrank 4 2 3 5 6 1
TABLE III
BENCHMARK SIMULATION RESULT ON SOLVING HIGH DIMENSION MULTIMODAL FUNCTIONS
F Parameter GSO [21] TIA [24] DOA [25] CWO [23] HO [26] IEO
8 mean -1.4667x10° -1.4947x10° -1.9597x10° -2.0882x10° -1.5823x10? -1.7713x10°
range 2.7501x10° 1.6238x10° 1.5566x10° 1.0522x10° 2.4319x10? 1.4145x10°
mean rank 6 5 2 1 4 3
9 mean 1.7409x10? 4.9037x10! 6.3818x10! 1.9683x10? 2.2187x10? 1.4469
range 8.1798x10' 1.0503x10? 9.2964x10! 5.2515x10! 1.1491x10? 2.5503x10!
mean rank 4 2 3 5 6 1
10 mean 1.8308x10! 1.0956 3.8604 1.7701x10! 6.6976 0.0041
range 5.2981 1.3121 4.5986 2.4453 4.5398 0.0011
mean rank 6 2 3 5 4 1
11 mean 1.4000x10? 0.8888 2.0063 1.1805x10? 1.0247 0.0290
range 1.7246x10% 0.5904 2.0577 6.6353x10' 0.7474 0.5743
mean rank 6 2 4 5 3 1
12 mean 2.3228x107 0.8659 3.2792 1.1723x107 7.5764 0.9393
range 1.0759x10% 1.1503 4.8871 2.1076x107 9.7004 0.8789
mean rank 6 1 3 5 4 2
13 mean 7.8677x107 3.4491 3.8415x10! 4.6308x107 1.1113x10! 2.9676
range 2.5273x10% 2.5076 3.6286x10° 6.4507x107 4.6060x10" 0.7562
mean rank 6 2 4 5 3 1
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TABLE IV
BENCHMARK SIMULATION RESULT ON SOLVING FIXED DIMENSION MULTIMODAL FUNCTIONS
F Parameter GSO [21] TIA [24] DOA [25] CWO [23] HO [26] IEO
14  mean 3.0309x10' 1.3742x10! 1.0151x10" 9.4918 2.1643x10! 1.0742x10"
range 3.6658x10° 3.1491x10' 1.5505x10! 2.1998x10! 1.2572x10? 1.4392x10!
mean rank 6 4 2 1 5 3
15 mean 0.4354 0.0101 0.0275 0.0269 0.2474 0.0124
range 5.2839 0.0446 0.0742 0.0973 1.6114 0.0883
mean rank 6 1 5 3 4 2
16 mean -0.6778 -1.0192 -0.9671 -0.8966 3.0957 -0.9121
range 2.3412 0.1214 0.3437 0.7196 4.3897x10" 1.0314
mean rank 5 1 2 4 6 3
17 mean 4.1276 2.3927 0.4873 0.5421 2.3867 2.1166
range 2.1737x10! 8.1835 0.5160 0.4233 6.5076 1.5367x10!
mean rank 6 5 1 2 4 3
18 mean 2.4641x10' 2.9092x10' 6.2122 8.1557 6.9100x10° 1.8662x10"
range 1.2548x10! 1.2791x10? 2.7800x10" 2.4637x10" 2.5619x10° 8.2351x10!
mean rank 4 5 1 2 6 3
19  mean -0.0048 -0.0495 -0.0495 -0.0472 -0.0291 -0.0495
range 0.0207 0.0000 0.0000 0.0173 0.0495 0.0000
mean rank 6 1 1 4 5 1
20  mean -1.7627 -2.1229 -2.8617 -2.7206 -0.7853 -1.9992
range 2.5220 1.3723 0.8939 0.9705 2.4338 2.4594
mean rank 5 3 1 2 6 4
21  mean -1.1639 -1.7390 -2.5339 -1.9477 -0.6482 -1.9144
range 2.3088 3.2959 3.3103 3.9522 1.1022 3.1388
mean rank 5 4 1 2 6 3
22 mean -2.0836 -2.1139 -2.4082 -1.9625 -0.9900 -2.4700
range 5.5080 8.1125 6.5471 4.4641 2.8435 5.8247
mean rank 4 3 2 5 6 1
23 mean -1.6253 -1.7754 -2.5307 -2.2080 -1.1519 -1.9228
range 5.0674 3.0456 2.0553 2.6619 1.6755 3.4290
mean rank 5 4 1 2 6 3
TABLEV swarm size from 10 to 20.
GS OGROU;I]ZASED C[()) ggARISOgW 5 0 Table 6 shows that the performance improvement due to
Cluster 1717 4] [25] 23] 126] the increasing of maximum iteration from 20 to 40 does not
1 7 6 6 7 7 occur in almost all functions. The significant improvement
2 6 3 3 3 6 occurs only in f7. Meanwhile, the stagnation for eight
3 10 6 2 4 10 .
Total 23 17 3 16 23 functions (f; to f4, fo to fi1, and fis) occurs because the final
solution is close to the global optimal solution, or the global
TABLE VI optimal solution has been achieved.
RESULT WITH INCREASING MAXIMUM ITERATION
Function Average Fitness Score .Im.prove TABLE VII
T=20 T=40 Significantly RESULT WITH INCREASING POPULATION SIZE
1 0.0000 0.0000 no . Average Fitness Score Improve
2 0.0000 0.0000 no Function 2(X) = 10 () = 20 Significantly
3 0.0001 0.0000 no 1 0.0001 0.0000 10
4 0.0000 0.0000 1o 2 0.0000 0.0000 1o
5 1.8912x10! 1.8933x10! no 3 0.8578 0.2488 yes
6 3.5255 3.5211 no 4 0.0220 0.0098 yes
7 0.0046 0.0020 yes 5 1.8918x10! 1.8826x10' no
8 -1.7712x10° -1.8628x10° no 6 3.0968 2.5308 no
9 0.0000 0.0000 no 7 0.0068 0.0045 no
10 0.0000 0.0000 no 8 -1.9971x10° -2.3863x10° no
11 0.0000 0.0000 no 9 0.2481 0.0007 yes
12 0.9452 0.8266 no 10 0.0021 0.0015 no
13 2.8116 2.8643 1o 11 0.0002 0.0028 1o
14 1.0146x10! 8.3496 no 12 0.7584 0.4353 no
15 0.0071 0.0053 no 13 2.6800 2.5066 no
16 -0.9868 -1.0274 no 14 7.6320 5.0217 no
17 1.0599 0.4545 no 15 0.0061 0.0018 yes
18 1.4345x10! 1.4077x10" no 16 -1.0298 -1.0315 no
19 -0.0495 -0.0495 no 17 0.4102 0.3995 1o
20 -2.2821 -2.3260 no 18 8.0512 5.8768 no
21 -1.8327 -2.6322 no 19 -0.0495 -0.0495 1o
22 -2.6056 -2.4514 no 20 -2.6461 -2.8424 no
23 -2.4431 -3.3457 no 21 .2.5481 -3.8214 no
22 -2.7357 -3.2213 no
23 -2.6233 -3.1876 no

Table 6 and Table 7 provide the sensitivity assessment

result of IEO in handling 23 functions. Table 6 provides the

performance difference due to the increasing of maximum
iteration from 20 to 40. Meanwhile, Table 7 provides the

performance difference due to the increasing of population or

Table 7 also shows that the significant improvement
regarding the increasing of population size from 10 to 20 also
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does not occur in most of functions. The significant
improvement occurs only in four functions (f3, f4, fo, and f75).

The second assessment is employing IEO to handle ELD
problem. ELD problem is popular in electrical engineering
field as this the optimization problem in power system. The
system comprises several generating units or power plants
that work together to supply the demand or load. Its general
objective is minimizing the operational cost while in some
cases it also minimizes the emission cost. As a practical
problem, it also contains the constraints which are the
equality and inequality constraints. The equality constraint is
that the total generated power should be equal to the demand
or load. In some cases, the spinning reserve and the power
loss is considered. The inequality constraint is that the power
of each generating unit should be within its range. In some
cases, especially in multiple timeframes, the ramp rate is
introduced as an extra limitation to avoid wider power
difference between adjacent timeframes.

The formal model of ELD problem in this work is
provided in (17) to (21). Equation (17) states that the
objective is minimizing the total cost where ofz;p represents
the objective function and cowwr represents the total cost.
Equation (18) states that the total cost is obtained by
accumulating cost from all generating units where co;
represents the cost of generating unit i. Equation (19)
represents the general quadratic function of the cost where p;
represents the power of generating unit i while a,, a,, and a3
represent the constants of the quadratic function. Equation
(20) states the inequality constraint where p,,; represents the
lower power limit of generating unit i while py;; represents
the higher power limit of generating unit i. Equation (21)
states the equality constraint where the total power of the
system should meet the load. In (21), pias represents the load
or demand.

0fgLp = Min(cororar) (17)
COtotar = Lvi CO; (18)
co; = ay; + ayp; + azp} (19)
Plo,i = Pi = Phi,i (20)
Pioad = viDi 21)

In this work, the use case for ELD problem is a set
comprising 13 generating units. The lower power limits range
from 0 MW to 60 MW. Meanwhile, the higher power limits
range from 120 MW to 680 MW. The power demand is 2,600
MW. The detailed specification of each generating unit
including the power limit and the constants for its quadratic
cost function can be found in [39]. The assessment result is
provided in Table 8.

TABLE VIII
RESULT FOR ELD PROBLEM WITH 13 UNITS
Metaheuristic ~ Mean (USD) Range (USD)

GSO 24,849 82

TIA 24,815 43
DOA 24,797 50
CWO 24,812 72

HO 24,905 70

1IEO 24,797 50

Table 8 exhibits that ELD problem is a highly competitive
problem. The total cost disparity among metaheuristics is
very narrow where the minimum average total cost is USD
24,797 while the maximum average total cost is USD 24,905.
It means the disparity between the best result and the worst
result is USD 108. IEO and DOA become the best performers
in handling this problem. The minimum range is USD 43
which is obtained by TIA while the maximum range is USD
82 which is obtained by GSO. This result shows that the result
fluctuation is verry low.

The third assessment is employing IEO to handle gear
train problems. The gar train problem is a classic optimization
problem in mechanical engineering field. The system consists
of several number of gears which are connected to each other.
The number of gears represents the dimension of the problem.
Meanwhile, the number of teeth of each gear represents the
value of the solution. It means that the value of the solution
will be discrete.

In this work, the system consists of four gears as it can be
found in [4]. The number of teeth ranges from 12 to 600. The
objective function is minimizing the ratio of the output/input
shaft angular velocity as presented in (22) where ofsr
represents the objective function and g represents the number
of teeth. Equation (23) states that the number of teeth ranges
from 12 to 600 units. The result is provided in Table 9. The
decimal point less than 10 is rounded to 0.

. 1
ofer = min((5; = 2297 (22)
12 < g; < 600 (23)
TABLE IX
RESULT FOR GEAR TRAIN DESIGN PROBLEM
Metaheuristic Mean Range

GSO 0.0252 0.3555

TIA 0.0000 0.0003

DOA 0.0000 0.0001

CWO 0.0000 0.0002

HO 0.0524 0.4299

1IEO 0.0000 0.0000

Table 9 shows that IEO, TIA, CWO, and DOA perform
better than GSO and HO. All these four metaheuristics can
find the global optimal solution while the final solution of
GSO and HO is much worse. Meanwhile, based on the range,
IEO is better than TIA, DOA, and CWO as its range is lower
than the others. It means that IEO produces result with lower
fluctuation.

V.DISCUSSION

Overall, the assessment result shows the competitiveness
of IEO in handling all three use cases: 23 standard functions,
ELD problem, and gear train problem. The supremacy of IEO
in handling all high dimension unimodal functions highlights
the capability of IEO to perform exploitation as each of these
functions has only one optimal solution. The supremacy of
IEO in most high dimension multimodal functions highlights
the capability of IEO to perform exploration as each of these
functions has multiple optimal solutions so that the ability to
avoid local entrapment plays a critical role. Meanwhile, the
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competitiveness of IEO in handling all fixed dimension
multimodal functions highlights its capability in balancing
the exploration and exploitation as each of these functions
have multiple optimal solutions but fewer than the high
dimension multimodal ones. But the terrain of these functions
is ambiguous which provides different levels of entrapment.

The competitiveness of IEO is also shown in handling
ELD problem. IEO still performs the best although with a
close gap as the fierce competition in ELD problem. In
general, a quadratic function is a unimodal function as it has
only one optimal solution, the combination of several
quadratic functions with various constants makes this
problem turn to multimodal. The more difficult circumstance
comes from the equality constraint that makes the search
space narrower as the minimum power is difficult to reach.

The competitiveness of IEO also be found in the gear train
problem. In general, gear train problem does not have any
equality constraint so that the solution can be generated
anywhere in the search space. But the gear train problem
provides a specific characteristic which is a discrete problem.
The solution should be presented in integer numbers rather
than floating point so that the disparity among metaheuristics
is difficult to achieve.

The result shows that strict acceptance approach is proven
better than the loose acceptance approach. This strict
acceptance is employed in TIA, DOA, CWO and IEO where
they achieve equal results. Meanwhile, IEO is proven more
stable than TIA, DOA, and CWO as its range is the lowest.

The sensitivity assessment result shows that IEO performs
well in circumstances where the maximum iteration and
population size are low. The increasing of maximum iteration
or population size does not improve the result significantly in
almost all functions. Meanwhile, in some functions, the
increase of maximum iteration is better than the increase of
the population size. On the other hand, in some other
functions, the increase of population size gives higher yield
rather than the increase of iteration. This circumstance is
relevant to the no-free-lunch theory whereas the nature of the
problem affects the quality of the produced solution as there
is not any technique the is superior to solve all problems.

This work still has limitations despites it has provided
acceptable result in providing the quasi-optimal solution and
IEO is proven competitive compared to the existing
metaheuristics. There are three limitations in this work that
can be split into three aspects: technique, investigation, and
use case. There are still a lot of available methods including
the searching processes, role division, and the stagnation
avoidance, but it is impossible to accommodate all these
technique into single metaheuristic. This searching process
can be a guided search or random direction search. IEO also
does not employ role division whether it is the quality-based
split or not while some others employ this technique. There
are also many stagnations avoidance techniques such as full
random search as in artificial bee colony (ABC) algorithm or
transforming loose to strict acceptance approach as iteration
goes like in simulated annealing (SA). This work also has not
performed more complex assessment, such as the variety in
dimension. This work also has not performed a single search
investigation or missing search investigation to observe the
significance of the existence of a search. In the use case
aspect, this work also assesses IEO using three use cases.

Meanwhile, there are a lot of optimization problems from
various sectors that can be employed. There are also several
common engineering design problems, such as pressure
vessel, welded beam, spring, and speed reducer [46]. Besides,
there are other standard functions such as CEC series which
are also commonly employed in the studies proposing new
metaheuristic.

The implementation of IEO in the optimization in farming
system is also challenging as the optimization studies in
farming are too few compared to in the manufacturing
system. In the farming system, especially in the context of
smart or precision farming, optimization is needed in three
segments: the upstream, farm, and downstream. The
upstream segment is highly related with the suppliers that
provide seed, food, and other supporting stuff. In the farm,
optimization is important to achieve efficiency of the
resource and keep the operational cost low. In the
downstream segment, optimization is needed to distribute the
harvested products in more efficient and effective ways.

The implementation of IEO to optimize computational
systems is also interesting, especially in the cloud system era.
There are many studies that utilized metaheuristics to solve
optimization problems in the cloud system. For example, the
adaptive walrus optimization algorithm has been utilized to
optimize the intrusion detection system while minimizing the
computational complexity to reduce the time consumption
[47]. GA and PSO has been utilized to optimize the
scheduling process in mobile edge computing [48]. The black
widow optimization algorithm has been hybridized with the
chaos theory to optimize the load balancing process in the
cloud computing system [49]. This example becomes the
motivation of implementing IEO in the cloud computing in
the future.

VI. CONCLUSION

A new metaheuristic called as include-exclude
optimization (IEO) has been introduced in this paper. It
proposes a novel technique in considering not only the quality
of an agent but also its improving status. This technique is
taken with the idea as an agent that still improves gives more
probability for other agents to improve. On the other hand, it
will be hard to improve by following other agents that fail to
improve. The assessment to investigate the performance of
IEO has been conducted by employing IEO to solve 23
standard functions, ELD problem, and gear train problem.
The result shows the absolute supremacy of IEO in handling
23 standard functions compared to GSO and HO. Meanwhile,
IEO is still superior to TIA, CWO, and DOA, especially in
handling high dimension functions. The result also shows that
IEO is superior to other metaheuristics with narrow gap in
handling both ELD and gear train problems. In the future,
studies can be conducted in three tracks: modifying the
technique, performing more comprehensive investigation,
and employing more various use cases, especially the farming
system to achieve profitability and in the end the
sustainability.
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