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Abstract: This work proposes a new metaheuristic algorithm: a fixed-step average and subtraction-based optimizer
(FS-ASBO). This algorithm is the improved version of the average and subtraction-based optimizer (ASBO). There
are several improvements related to the original ASBO. First, the proposed algorithm replaces the randomized step
size in the guided movement with the fixed step size. Second, the proposed algorithm adds an exploration
mechanism after the guided movement in every iteration when the new candidate fails to find a better solution. This
proposed algorithm is then implemented into a simulation to evaluate its performance. Through simulation, the
proposed algorithm is challenged to solve theoretical optimization problems and real-world optimization problems.
The 23 well-known benchmark functions represent the theoretical optimization problem. Meanwhile, the housing
optimization problem represents the real-world one. In the simulation, the proposed algorithm is compared with
particle swarm optimization (PSO), marine predator algorithm (MPA), Komodo mlipir algorithm (KMA), static
Komodo algorithm (SKA), and ASBO. The result shows that this proposed algorithm is competitive to solve
theoretical problem and superior to solve real-world problem. The proposed algorithm outperforms all sparing
algorithms in solving seven functions. In housing optimization problem, it creates 12%, 10%, 8%, 11%, and 10%
better total gross profit than the ASBO, PSO, MPA, KMA, and SKA.

Keywords: Average and subtraction-based optimizer, Metaheuristic, Housing optimization problem, Multimodal,

Swarm intelligence.

1. Introduction

Optimization is a popular process conducted in
many sectors. Its popularity comes from two
circumstances. First, people or organizations always
try to meet their objectives or goal. On the other
hand, they always face limited resources in hand.
Then, they become the objective of any optimization
work to find the most efficient way to achieve any
goal using limited resources. Due to its
characteristics, optimization has become a popular
process in many studies in operations research, such
as manufacturing [1], health care [2], transportation
[3], education [4], and so on.

There are several standard terms used in
optimization. The purpose or goal of the work is
called an objective. In some studies, it is like a soft
constraint. It can be maximization or minimization.
Maximization is related to the return that is wanted
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to achieve, such as revenue [5], profit, number of
customers, etc. Contrary, minimization is related to
resources that are utilized, such as cost [3], energy
consumption [6], travel distance [7], processing time
[8], delay [9], and so on. Meanwhile, the
optimization process should be conducted within
certain areas called boundaries, problem spaces, or
constraints. For example, in the vehicle routing
problem, vehicles should operate within a specific
range of operational time [10], and goods loaded
cannot surpass a particular maximum capacity [3].
The other example in the healthcare system is that all
patients should be served within the given rooms [2]
or nurses [2]. Besides operations research,
optimization is also used in other sectors, such as
telecommunication [11], energy [12], image
processing [13], and so on. The optimal solution is
an arrangement of resources that most meets the
objective.
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One popular method used in the optimization is
metaheuristic method. This method uses an
approximate approach so that it cannot guarantee the
real optimal solution or global solution [14]. It tries
its best effort to find the near-optimal solution or
acceptable solution. Although it does not guarantee
the global solution, the metaheuristic method is still
popular and widely used due to its flexibility in
solving many complex optimization problems within
the given computational resources [14]. It is contrast
with the exact method that guarantees the global

solution but needs excessive computational resources.

In many complex optimization problems [14], this
method is impossible to conduct. As an approximate
method, metaheuristic works at some stochastic level
where the solution is generated randomly. Then, this
solution is improved during the iteration until the
termination criteria are met, or the maximum
iteration is reached. Two mechanisms are always
conducted in many metaheuristic algorithms:
exploitation and exploration. Exploitation means that
the algorithm tries to find a better solution near the
current solution. On the contrary, exploration means
that the algorithm tries to find an alternative solution
within the problem space.

To date, there are hundreds of metaheuristic
algorithms. Many of them were inspired by the
nature mechanism, especially animals. The
mechanism of the animal-inspired many algorithms
is during the mating, foraging, or a combination of
them. The mating process is adopted due to its
characteristic of creating better offspring by selecting
the parents, such as in genetic algorithm (GA) [15],
red deer algorithm (RDA) [16], and so on. Foraging
is adopted due to its circumstances that in the real
world, the animal always tries to find food, but they
never know where the best food lies in their habitat.
The example of algorithms inspired by the foraging
process is the particle swarm optimization (PSO)
[17], artificial bee colony (ABC) [18], cat and
mouse-based optimizer (CMBO) [19], spotted hyena
optimizer (SHO) [20], whale optimization algorithm
(WOA) [21], grey wolf optimizer (GWO) [22],
tunicate swarm algorithm (TSA) [23], marine
predator algorithm (MPA) [24], and so on.
Meanwhile, several algorithms combine both the
mating process and the foraging process by
benefiting from these two processes. An example of
these algorithms is Komodo mlipir algorithm (KMA)
[25], and so on.

One of the newest metaheuristic algorithms is the
average and subtraction-based optimizer (ASBO).
This algorithm was proposed by Dehghani in 2022
[26]. The core concept of this algorithm is to move
toward the best solution and avoid the worst solution.
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This algorithm consists of three sequential
movements in every iteration [26]. In the first phase,
a movement toward the average between the best and
worst solutions is conducted. In the second phase,
movement with the direction equal to the subtraction
of the best solution with the worst solution is
conducted. In the third phase, movement in the
opposite way toward the best solution is conducted.
In every movement, a new solution is accepted only
if it is better than the current solution.

As a brand-new algorithm, the improvement
related to this algorithm is very potential. Studies
conducted to improve or implement this algorithm
have not existed yet. Moreover, in its first
publication, ASBO is tested to solve the only

theoretical mathematic problem [26]. Through
simulation, ASBO outperformed GA, PSO,
gravitational search algorithm (GSA), teaching

learning-based optimization (TLBO), GWO, WOA,
TSA, SHO, and MPA [26]. However, this algorithm
has not been tested to solve real-world problems.
Based on this circumstance, studies to improve
ASBO by modifying its exploration-exploitation
strategy or hybridizing it with other methods are
possible.

Due to this problem, this work aims to propose a
new metaheuristic algorithm developed to improve
ASBO. The improvement is conducted by modifying
the exploration and exploitation mechanisms in
ASBO. This modification is adopted from the other
metaheuristic algorithm.

Several contributions are conducted in this work.
These contributions are as follows.

1) This work becomes the first work that
improves the ASBO algorithm due to its
newest algorithm.

2) This work replaces the randomized step size
with the fixed step size during the movement.

3) This work adds an exploration mechanism
after the guided movements are conducted
every iteration.

4) This work enriches studies in ASBO with a
real-world optimization problem which has
not been conducted yet in the earlier study so
that the practical performance of the algorithm
is evaluated too rather than just theoretical
performance.

The methodology used in this work is as follows.
In the beginning, the ASBO algorithm is reviewed so
that its mechanism, advantage, and disadvantage are
analyzed. Then, based on this analysis, the
improvement of ASBO is developed by hybridizing
ASBO with other methods used by other algorithms.
This improved version is then implemented into a
simulation to evaluate its performance. The proposed
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algorithm is used to solve both a theoretical
mathematical problem and the real-world
optimization problem in this work. The 23
benchmark functions are used as the theoretical
problem, while the housing optimization problem is
chosen as the real-world optimization problem. Then,
the analysis related to the simulation result is
conducted. In the end, this paper is written as a
presentation of this whole process.

The remainder of this paper is structured as
follows. The original form of ASBO is reviewed in
section two. Based on this review, the proposed
algorithm's model is explained in section three,
which consists of the conceptual model, the
algorithm presented in pseudocode, and the
mathematical model. The simulation that is
conducted to evaluate the proposed algorithm's
performance in solving theoretical mathematic
problems and real-world optimization problems, and
its result, is shown in section four. The more
profound analysis related to the findings is discussed
in section five based on the simulation result. In the
end, the conclusion of this work and the future
research  potential regarding this work are
summarized in section six.

2. Related works

ASBO is a population-based metaheuristic
algorithm. This algorithm consists of several
autonomous agents that find a better solution in
every iteration. This algorithm is also a swarm-based
intelligence where collective intelligence is shared
among agents [27]. In this context, this collective
intelligence is the best and worst solution. These two
solutions are selected among agents in every iteration.
These best and worst solutions are not the best and
worst solutions so far during the iteration but the best
and worst solutions in the current iteration. Then,
every agent moves toward the best solution and away
from the worst solution. Besides the best solution in
every iteration, the global best solution is also
introduced. Global best solution is the best solution
so far along with the iteration. In every iteration, this
global best solution is updated. After the iteration
ends, this global best solution becomes the final
solution.

In ASBO, three movements are conducted
sequentially in every iteration [26]. The first
movement is toward the average location between
the best solution and the worst solution. The second
movement is toward the vector from the worst
solution to the best solution. The third movement is a
movement away from the best solution. This third
movement represents the exploration strategy. In
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every movement, the agent will move to the new
location (solution) if the new location is better than
its current location. Otherwise, the agent stays in its
current location. The detailed explanation related to
every movement is described below.

In the first movement, the target is between the
best solution and the worst location [26]. It is
obtained by finding the average location between the
best and worst solutions. After this average based
target is obtained, there are two possible movements.
If the target is better than the agent’s current location,
the agent sets movement toward this target.
Otherwise, the agent sets movement away from this
target. The step size of this movement is set
randomly.

The second movement obtains a vector between
the best solution and the worst solution [26]. This
vector is calculated by subtracting the best solution
from the worst solution; Then, the agent sets
movement based on this vector. Like the first
movement, the movement step size is randomized.

In the third movement, a vector between the
agent’s current location and the best solution is
obtained [26]. This vector is obtained by subtracting
the agent’s current location with the best solution.
Then, the agent sets a movement based on this
weighted vector with a randomized step size.

There are several notes due to the exploration-
exploitation strategy conducted in ASBO. First,
besides ASBO, Dehghani also used the concept of
best and worst solutions in his other metaheuristic
works, such as football game optimizer (FBGO) [28],
dart game optimizer (DGO) [29], shell game
optimizer (SGO) [30], and hidden object game
optimizer (HOGO) [31]. These four algorithms are
the metaheuristic algorithms inspired by game
mechanics. The similarities among these algorithms
are moving toward the best solution and moving
away from the worst solution. However, in ASBO,
the process tends to be deterministic. Moreover,
ASBO is simpler than FBGO, DGO, SGO, and
HOGO. The other difference is that in ASBO, each
agent focuses only on the best and worst solutions.
Meanwhile, other randomized selected agents are
also considered in the four algorithms.

ASBO can also be seen as an algorithm that
combines mating and foraging processes in the
animal-inspired algorithm, although it is not declared
explicitly. The average mechanics between the best
and worst solutions is like the balance mating
process or crossover. RDA and KMA also conduct
the mating process. In KMA [25], there is only one
mating process between a female and the highest
quality big male. Meanwhile, the mating process is
more massive in RDA. In RDA [16], every
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commander creates a group of harems. Then, a
certain portion of harems mates with its commander
while other harems mate with other commanders.
Then, every stag mates with the nearest harem.

The concept of the guided movement in ASBO is
like the foraging mechanism, such as in KMA and
MPA. In KMA, a big-male moves toward other
better big males and moves away from other worse
big males [25]. Meanwhile, the small male moves
toward the big males with a certain step size. In
MPA, every prey moves with a certain step size [24].
This guided movement is generally used in PSO as
the early version of swarm intelligence. In PSO,
every agent moves toward the global best and the
local best with a certain weight to find a better
solution [17]. However, there is the main difference
between ASBO and several other algorithms, such as
PSO and MPA. Rather than conducting weighted
accumulation like in PSO, ASBO selects the best one
among the movement. Meanwhile, like in PSO, the
exploitation and exploration are conducted during
the guided movement.

In its original form, ASBO does not provide any
parameter for adjustment. This circumstance has
some consequences. In general, many metaheuristic
algorithms are equipped with room for adjustment.
This adjustment is needed to adapt to the problem
that it faces. Appropriate adjustment gives a good
optimization result. On the contrary, an improper
adjustment will end with a bad result. Due to no
parameter for the adjustment, the user of ASBO
cannot improve the performance but, on the other
hand, is not worried about the wrong adjustment.

Based on this review, there are several
possibilities  regarding the exploration and
exploitation strategy in ASBO. First, modification
can be conducted in the guided movement. Second,
modification can also be conducted by enriching the
exploration strategy outside the guided movement.
Third, modification can be conducted to give space
for adjustment.

3. Model

The conceptual model of the proposed algorithm
is as follows. As an improved version of ASBO, the
main concept of ASBO is still used. The proposed
algorithm still conducts three guided movements that
are conducted sequentially. Every movement creates
a candidate. Candidate whose fitness is the best
becomes the selected candidate. Then, this candidate
is compared with the current solution. This candidate
replaces the current solution only if it is better than
the current solution. Otherwise, the agent stays in its
current location. In every iteration, the best and
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worst solutions are selected as the input for the
movements. The global best solution is updated in
every iteration. Finally, the global best solution
becomes the final solution.

There are modifications conducted in this
proposed algorithm. First, this proposed algorithm
replaces the randomized step size used in the original
ASBO with the fixed step size used in PSO [17].
Second, the proposed algorithm deploys fully
randomized exploration if there is no guided
movement candidate in the iteration that is better
than the current solution. In this process, exploration
is conducted within the problem space. This concept
is like the exploration process in the artificial bee
colony (ABC). In ABC, a bee will find another
solution somewhere else within the problem space
after several times; this bee fails to find a better
solution near this current solution [18]. Different
from other algorithms, several candidates are
generated randomly in this exploration strategy, and
a candidate whose fitness is the best becomes the
selected candidate. This selected candidate replaces
the current solution if it is better than the current
solution.

This conceptual model is then transformed into
an algorithm and mathematical model. The algorithm
is shown in algorithm 1. Meanwhile, several
annotations used in the mathematical model are
described as follows.

The explanation of algorithm 1 is as follows. The
algorithm consists of two steps: initialization and
iteration. In the initialization, all initial solutions are
generated. Then the iteration runs until the maximum

by lower bound

by upper bound

Cq1 first guided movement candidate
Cq2 second guided movement candidate
Cg3 third guided movement candidate
Cgbest best guided movement candidate
Ce exploration candidate

Cebest best exploration candidate

f fitness function

t iteration

tmax maximum iteration

] uniform random

X current solution

Xbest best solution

Xworst worst solution

Xgbest global best solution

Xt1 first movement target

Xt2 second movement target

Xt3 third movement target

Xav average based location

Wi first movement step size

W) second movement step size

W3 third movement step size
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algorithm 1: FS-ASBO main algorithm

1 output: Xgvest

2 begin

3 /linitialization

4 for i=1 to n(X) do

5 initialize(x)

6 end for

7 /literation

8 for t=1 to tmax do

9 find(Xpest)

10 find (Xworst)

11 update(Xgbest)

12 set first movement candidate(Cq1)
13 set second movement candidate(cg,)
14 set third movement candidate(cgs)
15 select (Cgbest)

16 update (Xi, Cgbest)

17 if not move(x;) then

18 for j=1to n(C¢) do

19 generate exploration candidate(ce)
20 end for

21 select (Cevest)

22 update (Xi, Cebest)

23 end if

23 end for

24 end

iteration. At the beginning of the iteration, the best
and worst solutions are selected. Then the global best
solution is updated. Then, all three guided
movements are conducted sequentially. Then, the
best candidate among these movements is selected.
This selected candidate is then used to update the
current solution. If the agent stays in the current
location, exploration is conducted by generating
several exploration candidates. Then, the best
candidate is selected among these exploration
candidates. Once again, this selected candidate is
used to update the current solution.

During initialization, all initial solutions are
generated randomly within the problem space. It
used uniform distribution so that every possible
solution has equal opportunity. This process is
formalized by using Eqg. (1).

x = U(by, by) 1)
In the beginning of the iteration, the best solution
and the worst solution are selected. Then, this best

solution is used to update the global best solution.
These processes are formalized by using Egs. (2) to

(4).
Xpest = X € X| min(f(x)) 2)

Xworst = X € X| max(f(x)) (3)
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’ {xbestrf(xbest) < f(xébest)

= !
Xgpest €lse

(4)

xgbest -

The explanation of Eqgs. (2) to (4) is as follows.
Eq (2) states that the best solution is the solution
whose fitness score is the lowest one (minimization).
Eq. (3) states that the worst solution is the solution
whose fitness score is the highest. Eq. (4) states that
the best solution will replace the global best solution
if better than the global best solution.

The first movement is the agent's movement
related to the average between the best solution and
the worst solution. Like the original ASBO, the
candidate of this movement may move toward this
average solution or move away from the average
solution. It depends on the fitness score of this
average solution. This process is formalized by using
Egs. (5) to (7). Eq. (5) shows that the average
location is obtained by finding the average value
between the best and worst solutions. Then, Eqg. (6)
states that the first movement target is toward the
average solution if this average solution is better than
the current solution. Otherwise, the first movement
target is away from the average solution. Finally, Eq.
(7) shows that the first movement candidate moves
from the current solution toward the first moving
target with the fixed weighted step size.

es + Wors
Xav = Zhest 2x : (%)
_ {Xav — zx'f(xav) < f(x)
o1 = { X — Xgy else )
Cg1 =X+ Wy x4 @)

The second guided movement is based on the
subtraction of the best solution with the worst
solution. This movement is formalized using Eq. (8)
and Eq. (9). Eg. (8) indicates that the second
movement target is obtained by subtracting the best
solution from the worst solution. Then, Eq. (9) states
that the second movement candidate moves from the
current solution toward the second movement target
with a fixed weighted step size.

Xt2 = Xpest — Xworst (8)

ng =x+ Wy. X¢o (9)

The third guided movement is the movement-
related of the current solution away from the best

solution. This is conducted to explore another
solution. This movement is formalized using Egs.
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(10) and (11). Eqg. (10) shows that the third
movement target is away from the best solution.
Then, Eqg. (11) states that the third movement
candidate moves from the current solution toward the
third movement target with a fixed step size.

Xtz = X — 2Xpest (10)
Cg3 =x+ W3. X¢3 (11)

The next process is selecting the best-guided
movement candidate. The guided movement
candidate whose fitness score is the best will be
chosen. Then, this selected candidate is used to
update the current solution. This process is
formalized using Eqgs. (12) and (13). Eqg. (12) is used
as the candidate selection. Meanwhile, Eq. (13)
states that this candidate will replace the current
solution if it is better than the current solution.

Cgbest = Cgl min (f(cgl)' f(ng); f(CgB)) (12)

x' = {Cgbest'f(cybest) <fG) (13)

x,else

The exploration is conducted if the agent stays at
its current solution. This process is formalized by
using Egs. (14) to (16). Eg. (14) states that the
exploration candidate is generated randomly within
the problem space. Eq. (15) states that the best
exploration candidate is a candidate among the

exploration candidates whose fitness score is the best.

Finally, Eq. (16) states that this selected candidate
will replace the current solution if it is better than the
current solution.

ce = U(by, by) (14)
Cepest = Ce € Cel min(f(ce)) (15)

x' = {Cebest'f(cebest) < f(x) (16)

x, else

Based on this model, the algorithm’s complexity
can be presented as O(tmax.n(X).n(Ce¢)). It means the
maximum iteration, population size, and the number
of exploration candidates has an equal position as
multipliers related to the algorithm’s complexity.
The challenge is finding the most appropriate
combination to reach the acceptable solution while
keeping the computational consumption low.
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4. Simulation and result

This section implements the proposed algorithm
into simulations to evaluate its performance. There
are three simulations conducted for this process. The
first simulation is conducted to evaluate the
algorithm’s performance in solving theoretical
mathematic problems. The second simulation is
conducted to evaluate the algorithm’s convergence.
The third simulation is conducted to evaluate the
algorithm’s performance in solving real-world
optimization problems.

In the first simulation, the algorithm will be used
to solve 23 benchmark functions. These functions are
commonly used in many latest optimization studies,
such as in MPA [24], RDA [16], KMA [25], HOGO
[31], and so on. These functions are divided into
three groups. The first group represents the high
dimension unimodal function. The second group
represents the high dimension multimodal function.
The third group represents the fixed dimension
multimodal function. The unimodal function is a
function that has only one optimal solution called the
optimal global solution [32]. This function does not
have any optimal local solution.

Contrary, the multimodal function is a function
that has several or many optimal solutions [32]. One
solution is the global optimal or true optimal solution.
The other optimal solutions are the local optimal
solutions [32]. The first group consists of 7 functions:
Sphere, Schwefel 2.22, Schwefel 1.2, Schwefel 2.21,
Rosenbrock, Step, and Quartic. The second group
consists of 6 functions: Schwefel, Rastrigin, Ackley,
Griewank, Penalized, and Penalized 2. The third
group consists of 10 functions: Kowalik, Six Hump
Camel, Branin, Goldstein-Price, Hartman 3, Hartman
6, Shekel 5, Shekel 7, and Shekel 10. The
specification of the 23 functions is shown in Table 1.

In this first simulation, the proposed algorithm is
compared with five other metaheuristic algorithms:
PSO, MPA, KMA, stochastic Komodo algorithm
(SKA) [33], and ASBO. PSO represents the old-
fashioned algorithm [17] but is proven and widely
used. On the other hand, MPA, KMA, SKA, and
ASBO represent the shortcoming metaheuristic
algorithms. Specifically, PSO is chosen due to its
advantage as a metaheuristic that promotes guided
movement toward the global best solution [17]. MPA
is chosen due to its distinct mechanism that uses
iteration to control the exploration-exploitation [24].
KMA was chosen due to its strategy that combines
the crossover and the guided movement [25]. SKA is
chosen as the improved version of the KMA. In SKA,
the big males, females, and the small males are
selected randomly [33], rather than based on
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Table 1. Benchmark functions
No Function Model Dim Space Target
1 | Sphere d 2 10 | [-100, 100] 0
2 | Schwefel 222 | & x| + [T, |x] 10 | [-100, 100]
3 | Schwefel 1.2 N ONNED 10 | [-100, 100] 0
4 | Schwefel 2.21 | max{|x;,1 <i < d} 10 | [-100, 100] 0
5 | Rosenbrock FEH100(x;41 + x2)? + (x; — 1)) 10 [-30, 30] 0
6 | Step Y& I(x, + 0.5)2 10 | [-100, 100] 0
7 | Quartic 4 ixt+random[0,1] 10 | [-1.28,1.28] 0
8 | Schwefel @ —x; sin(y/]x;]) 10 | [-500,500] | -4189.8
9 | Ratsrigin 10d + X, (x? - 10cos (2mx,)) 10 | [-5.12,5.12] 0
—20 - ex X;
10 | Ackley p( Na XEES ) 10 [-32,32] 0
exp (%Z‘iizl cos ani) + 20 + exp(1)
. 1
11 | Griewank Wiy x? — [T, cos (3E)+1 10 | [-600, 600] 0
ZH10sin(ry,) + X4 (v, — D2(1 +
12 | Penalized d{ (my2) + 2izi ((y ( 10 [-50, 50] 0
10 sin?(wy;41)) ) + (v — 1)? } + 3% u(x;, 10,100,4)
0.1 {smz(3nx1) + ¥4 ((xl 1?1+
13 | Penalized 2 sin (37Txl-+1))) + (xg — 1D?(1 + sin? (and))} + 10 [-50, 50] 0
> u(x;,5,100,4)
Shekel 1 -
14 | Eoxholes ( TR —;+z§:1(xi—ai,-)6> 2 [-65, 65] 1
2
15 | Kowalik u (ai - w) 4 [-5, 5] 0.0003
bi+bix3+xy
Six Hum 1
16 | oorel Plax? — 210t + Sxf + x,x, — 402 + doc 2 [-5, 5] -1.0316
17 | Branin (22— 5xd +2x, - 6) +10(1 - =) cos(xy) + 10 2 [-5,5] 0.398
81
Goldstei (1+(x1+x2+1) (19 — 14x; + 3x% — 14x, +
18 Prci’c es ein- 621, + 3x2)). (30 + (2x; — 3x,)%(18 — 32x; + 2 [-2, 2] 3
12x? + 48x, — 36x,x, + 27x%))
19 | Hartman 3 (clex 58 (ay (- j)z))> 3 [L, 3] -3.86
20 | Hartman 6 (clex 58 (ay (- j)z))> 6 [0, 1] 3.32
21 | Shekel 5 25 (2L (- i) + /;L) 4 [0, 10] -10.1532
22 | Shekel 7 S (g — o) + [gl) 4 [0,10] | -10.4028
23 | Shekel 10 T (2L (- i) + /;L) 4 [0, 10] -10.5363
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Table 2. Simulation result

Fun. PSO MPA KMA SKA ASBO FS-ASBO Better Than

1 1.033x10° 1.053 5.627x10? 2.603 2.687x10%7 | 2.987x10°%¢ PSO, MPA, KMA,
SKA, ASBO

2 8.863x1072 0 7.149x10? 1.103x10° | 0 0 PSO, KMA, SKA

3 1.898x10° 5.984 1.434x103 3.104x10' | 1.107x107 6.219x10-56 PSO, MPA, KMA,
SKA, ASBO

4 1.363x10? 8.067x10! | 1.379x10! 1.523 5.767x10t | 7.799x10%° PSO, MPA, KMA,
SKA, ASBO

5 1.960x10° 1.664x10* 5.326x10* 1.183x10% | 8.610 8.998 PSO, MPA, KMA,
SKA

6 7.039x102 4,294 3.808x10? 1.142 1.378x10* 5.527x10* PSO, MPA, KMA,
SKA

7 4,417x107? 8.663x10° | 2.288x10! | 2.258x10? | 6.509x10° 1.492x1072 PSO, KMA, SKA

8 -1.660x10° | -1.876x10° | -3.377x10° | -2,445x10° | -2.317x10° -2.408x10° PSO, MPA, ASBO

9 5.328x10? 1.301 3.703x10* 1.273x10* | 6.774x10? 1.774 PSO, KMA, SKA

10 8.767 6.157x101 | 8.587 4.835 1.013 1.805 PSO, KMA, SKA

11 8.959 4.683x10* | 6.369 5.607x101 | 7.309x10%2 6.491x1072 PSO, MPA, KMA,
SKA, ASBO

12 5.084x10? 1.130 1.014x10* 6.322 3.806x10°° 2.216x1072 PSO, MPA, KMA,
SKA

13 1.192x10° 3.382 6.075x10* 2.242x10t | 2.937 4.295 PSO, MPA, KMA

14 5.736 5.280 1.531x10! 9.777 1.190 1.086 PSO, MPA, KMA,
SKA, ASBO

15 1.975x1072 3.690x10° | 1.502x102 | 6.190x10* | 6.331x107? 3.504x10°3 PSO, MPA, KMA,
ASBO

16 -1.028 -1.024 -1.027 -1.032 -1.185x10* | -1.023 ASBO

17 5.942x101 8.417x10! 6.018x101 3.981x101 | 6.438x10t 4.083x10! PSO, MPA, KMA,
ASBO

18 5.402 5.106 3.036 5.613 3 3 PSO, MPA, KMA,
SKA

19 -1.581x10* | -3.860 -8.977x10" | -2.866x107? | -4.954x102 | -4.954x10? | SKA

20 -2.519 -1.970 -2.864 -3.255 -1.436 -3.066 PSO, MPA, KMA,
ASBO

21 -3.879 -1.846 -7.396 -6.768 -8.744 -1.015x10*! PSO, MPA, KMA,
SKA, ASBO

22 -4.472 -1.721 -8.089 -8.068 -8.688 -1.023 x10* | PSO, MPA, KMA,
SKA, ASBO

23 -4.163 -2.002 -7.299 -7.324 -8.270 -8.531 PSO, MPA, KMA,
SKA, ASBO

the rank as in the original form of KMA [25]. ASBO
is chosen to compare the performance of the
proposed algorithm, which is the improved version
of ASBO with its original form.

The setup for the adjusted parameters is as
follows. The population size is 20. The maximum
iteration is 100. These two parameters are applied to
all algorithms. Specifically, in FS-ASBO, the
number of candidates is 10 and all step sizes are 0.5.
In PSO, all weights are set 0.5 to implement the
balanced movement. In PSO, the big male is 20% of
the population and there is only one female. The
mlipir rate is set 0.2. In MPA, the fishing aggregate
device is 0.2. In SKA, the big male weight is 0.5
while the small male weight is 0.75. The threshold
between the big male and the female is 0.2.
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Meanwhile, the threshold between the female and the
small male is 0.4. The simulation result is shown in
Table 2. The best result is written in bold font.

Table 2 shows that the proposed algorithm has
met the requirements for a metaheuristic algorithm.
This algorithm can find the acceptable solution for
all 23 functions. The proposed algorithm also finds
the optimal global solution in three functions:
Schwefel 2.22, Goldstein-Price, and Shekel 5.

Table 2 also shows that the proposed algorithm
is competitive enough compared with other
algorithms. It outperforms all sparing algorithms in
solving seven functions. Two functions are the high
dimension unimodal functions, one function is the
high dimension multimodal function, and three
functions are the fixed dimension multimodal
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Table 3. Convergence result

Funt. tmax = 70 tmax = 140 tmax = 210
1 3.689 x 108 | 2478 x10% | 1.781 x 10-1??
2 0 0 0

3 6.825 x 108 | 4.087 x 10 | 4.583 x 10122
4 8.563 x 10 | 7.307 x 10** | 6.386 x 105
5 8.998 8.995 8.997

6 6.199 x 10 | 3.593 x 10! 4112 x10?
7 1.403 x 10 | 8.968 x 10°® 1.384 x 10~
8 -2.267 x 10% | -2.405 x 103 -2.421 x 108
9 2.182 1.273 1.273

10 1.738 1.700 1.535

11 8.838 x 102 | 6.116 x 102 4.552 x 1072
12 2.498 x 102 | 2.142 x 102 1.249 x 107
13 5.109 4111 3.568

14 4.881 3.939 3.854

15 4.081x10° | 3.568 x 10 2.776 x 10°®
16 -1.023 -1.029 -1.030

17 4.083x 10" | 4.080 x 10 4.072 x 10"
18 3 3 3

19 -4.954 x 102 | -4.954 x 102 | -4.954 x 102
20 -3.059 -3.056 -3.120

21 -9.226 -10.153 -10.153

22 -8.953 -10.403 -10.403

23 -8.569 -10.044 -10.536

functions. Its gap is very wide in solving three
unimodal functions: Sphere, Schwefel 1.2, and
Schwefel 2.21. The proposed algorithm is better
than the original ASBO in solving 13 functions
while draw in two functions. It outperforms PSO,
MPA, KMA, and SKA in solving 21, 17, 20, and 17
functions respectively.

In the second simulation, the convergence
behaviour of the proposed algorithm is observed. In
this simulation, there are three values of the
maximum iteration: 70, 140, and 210. In this
simulation, the proposed algorithm is still
implemented to solve 23 benchmark functions as in
the first simulation. The result is shown in Table 3.

Table 3 shows that the proposed algorithm
generally reaches its convergence in the earlier
iteration. The proposed algorithm  reaches
convergence in the low iteration in solving 16
functions. Most of the converged functions in the
early iteration are multimodal functions. Meanwhile,
the result is improved in high maximum iteration in
solving three unimodal functions: Sphere, Schwefel
1.2, and Schwefel 2.21.

The proposed algorithm is implemented in the
third simulation to solve the housing development
optimization problem. In this problem, the developer
should optimize the land utilization. Land utilization
can be achieved by developing houses as many as
possible [34]. Land becomes a limited resource in
this problem, becoming a constraint [34].
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In the housing development problem, developer
develops several house types. Every house type
needs specific land use, cost, and price. The gross
profit is obtained by subtracting the price from the
cost. In the optimization problem, the house type
represents the dimension. Although some house
types are more profitable than others, they need
wider land. Moreover, some houses with the same
land use create other gross profit. Although some
house types are more profitable than others, the
developer must build all house types. This
circumstance should be done to meet various
customer segments and needs [35]. Some customers
may need a house with a wider house because they
have more family members. Contrary, some
customers have a limited budget, so they need more
affordable house types.

The scenario of this simulation is as follows. A
developer should utilize 300,000 square-meter land
allocated for houses. Land wused for public
infrastructures, such as roads, playgrounds, sports
clubs, and so on is excluded from this land. This
developer will develop three house types. The
number of houses that must be built for every house
type ranges from 100 to 1,200 units. The detailed
specification for every house type is shown in Table
4. The objective is to maximize the total gross profit.
The total gross profit is obtained by accumulating
the gross profit for all built houses.

The simulation setup for this problem is as
follows. The population size is set at 20. There are
two values for the maximum iteration: 20 and 40.
Due to the number of house types, this dimension is
3. Like in the first simulation, in this third
simulation, the proposed algorithm is compared with
ASBO, PSO, MPA, KMA, and SKA. The result is
shown in Table 5

Table 4. House type specification [35]

House Type Land Use Gross Profit
(m? (million rupiah)
type 42 108 28.2
type 45 108 52.0
type 54 120 99.8
Table 5. Real world housing optimization problem
Method Total Gross Profit
tmax = 20 tmax = 40
FS-ASBO 188,950 189,004
ASBO 171.099 169,357
PSO 176.179 174,684
MPA 171.086 173,291
KMA 169.542 169,506
SKA 171,486 176,488
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Table 5 shows that the proposed algorithm
outperforms all other algorithms: ASBO, PSO, MPA,
KMA, and SKA. It occurs in both maximum
iterations. In the first maximum iteration, it is 10%,
7%, 10%, 11%, and 10% better than ASBO, PSO,
MPA, KMA, and SKA respectively. In the second
maximum iteration, it is 12%, 8%, 9%, 11%, and
7% better than ASBO, PSO, MPA, KMA, and SKA
respectively.

5. Discussion

In this section, several findings related to this
work will be discussed. These findings are obtained
from the simulation result. First, in general, the
proposed algorithm successfully becomes a good
metaheuristic algorithm. It overcomes the challenge
of finding the near-optimal or acceptable solution
within the given iteration. This circumstance occurs
in both unimodal and multimodal functions.
Moreover, the problem dimension and space do not
affect its performance. Its performance is still good
enough in solving problems with narrow problem
space, such as Goldstein-Price, and large problem
space, such as Schwefel.

Second, overall, the proposed algorithm is
superior in solving unimodal functions, as shown in
the first group in Table 2. Due to its extreme
superiority in solving half of the unimodal functions,
it is shown that the precision of the solution found
by the proposed algorithm is very high compared
with the other algorithms. As floating point-based
functions, the high precision result comes from the
high precision solution.

Third, the proposed algorithm is competitive in
solving the multimodal functions. However, its
competitiveness is not so high as solving the
unimodal functions. Compared with the ASBO, the
proposed algorithm is superior in solving functions
in the first and third groups. On the other hand, the
original ASBO is superior in solving functions in the
second group. Fortunately, the performance gap
between the proposed algorithm and the original
ASBO, where the ASBO is better than the proposed
algorithm, is not significant.

Fourth, the simulation result shows that the
convergence aspect of the proposed algorithm is
good. The proposed algorithm can reach an
acceptable and stable solution in low maximum
iteration. It means that the computational
consumption of the proposed algorithm is less than
other sparing algorithms.

Fifth, the proposed algorithm is competitive in
solving theoretical mathematic problems and real-
world optimization problems. The real-world
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optimization problem, especially in the operation
research, is very different from the theoretical
mathematic problems, as shown in the 23
benchmark functions. Many problems in operations
research are simple. The solution space in these
many problems is an integer, such as the number of
vehicles, number of products, stocks portfolio, etc.

The objective can be formalized as simple as
linear functions, simpler than the Sphere or
Schwefel 2.22. Many of them are just accumulating
the score of each parameter within the solution, as
shown in the housing optimization problem. For
example, in the production process, the objectives
are minimizing total tardiness, make-span, total cost,
etc. The other example, in the transportation
optimization problem, the objectives are minimizing
travel distance, transportation cost, energy
consumption, etc. In several optimization studies,
the objective is just minimizing the number of
unserved requests.

Based on this difference and its simplicity, the
superiority of the proposed algorithm is not so high
as the other sparing algorithms. In the theoretical
mathematic problem, it is easy to see that the
proposed algorithm is much better than the sparing
algorithms. The proposed algorithm’s superiority is
less than 15% in solving the real-world optimization
problem.

Even though this proposed algorithm has been
tested in solving a housing optimization problem,
many real-world optimization problems have been
tested. It becomes the limitation of this work. First,
this algorithm has not been tested in solving
combinatorial problems, such as scheduling and
timetabling. On the other hand, these operations
research problems are implemented in many areas,
from the production process to the university
operations in arranging the classes, courses, and
lecturers. This proposed algorithm still needs
modification to solve a combinatorial problem.
Second, this algorithm also needs to be implemented
to solve the mechanical optimization problem where
the problem space can be low precision floating
point number and the objective function is more
complex.

6. Conclusion

This work has demonstrated that the proposed
algorithm, as the improvement of the average and
subtraction-based optimizer, performs well as a
metaheuristic algorithm. Its performance is proven to
solve theoretical mathematic problems and real-
world optimization problems. The proposed
algorithm outperforms all sparing algorithms in
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solving seven functions. Its superiority is extreme in
solving three functions: Sphere, Schwefel 1.2, and
Schwefel 2.21. Compared with the original ASBO,
the proposed algorithm is better in solving 11
functions and draw in solving 2 functions. Moreover,
the proposed algorithm successfully achieves a
globally optimal solution in three functions. The
algorithm also outperforms all sparing algorithms in
creating total gross profit in solving the housing
optimization problem. Its performance is up to 12%,
8%, 10%, 11%, and 10% better than ASBO, PSO,
MPA, KMA, and SKA respectively.

There will be many research potentials related to
this work in the future. This algorithm should be
implemented to solve many other real-world
optimization problems. Besides, improving this
algorithm by hybridizing this basic FS-ASBO with
other methods is also challenging.
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