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There are many new metaheuristic algorithms (MA) introduced in recent
years. Most of them employ multiple search strategy. Unfortunately, many of
these algorithms accommodate this multiple search strategy by using
predefined mechanism which is not adaptive on handling circumstance during
optimization process. Moreover, many of these mechanisms are memoryless.
Due to this problem, we propose a new decision-making model to handle this
multiple search strategy developed based on reward-based mechanism which
is adopted from reinforcement learning (RL). Then, this mechanism is
implemented into a new existing MA known as glider snake optimization
(GSO) so that it becomes variant of it known as reward-based glider snake
optimization (RGSO). Two variants are introduced in this work which are
RGSO-1 and RGSO-2. RGSO-2 is an extended version of RGSO-1 as an
additional search is included. The performance of both variants is investigated
using 23 classic functions and three cases of economic load dispatch problems
(ELDP). Five existing algorithms including GSO are chosen as benchmarks.
The result shows that RGSO-2 is superior to GSO and all other benchmarks
in almost all functions and maintains its competitiveness in ELDP. RGSO-2
is better than GSO in 12 functions. Meanwhile, RGSO-1 is comparable to
GSO in all functions and ELDP. Moreover, RGSO-1 achieves the optimal
solution for two functions while RGSO-2 achieves the optimal solution for
five functions.
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1. INTRODUCTION

MA is a popular optimization method which has been widely used in wide range of optimization
problems. Its popularity comes from its flexibility on handling various problems in many sectors, especially
engineering as the term meta means it is abstracting or generalizing the problem by focusing on the objective
and constraints. These problems can be continuous, such as Economic Dispatch Problem (EDP) [1] and its
variants like Economic Load Dispatch Problem (ELDP) [2], Economic Emission Dispatch Problem (EEDP)
[3], Unit Commitment Problem (UCP) [4], and so on. Other problems can be discrete or combinatorial like
Flow-Shop Scheduling Problem (FSSP) [5], Job-Shop Scheduling Problem (JSSP) [6], Traveling Salesman
Problem (TSP) [7], Vehicle Routing Problem (VRP) [8], Pickup Delivery Problem (PDP) [9], Order Allocation
Problem (OAP) [10] and so on. Different from exact method, MA solves through iterative process where
improvement is conducted during iteration. As MA employs stochastic method to reduce the computational
consumption, not all solutions are traced. It makes MA does not guarantee the global optimal solution but only
the quasi one. The other reason of its popularity comes from its richness and variety as there are huge number
of MA already exist either, they are single solution algorithms or population-based algorithms. Many highly
cited algorithms also have huge number of variants.

Based on the number of searches employed in the algorithm, MAs can be categorized into two groups
which are single search algorithm and multiple search algorithm. Single search algorithm is algorithm that
employs only single search during iteration. Simulated Annealing (SA) is the example of single solution-based
algorithm that employs single search approach which is the neighborhood search [11]. Grey Wolf Optimization
(GWO) [12] is a relative new swarm-based algorithm that employs single search strategy which is the motion
toward three best agents while Hiking Optimization (HO) [13] is a new swarm-based algorithm that still employ
single search approach which is the motion toward the best agent. Particle swarm optimization (PSO) is the
early swarm-based algorithm that employs single search strategy which is a combined motion toward the global
best solution and local best solution [14]. Different from single search algorithm, multiple search algorithm is
algorithm that employs multiple search strategy during iteration. The concept of multiple search strategy rises
to handle the Non-Free-Lunch (NFL) theory which says that there is not any ideal method to solve all problems.
In the context of multiple strategy approach, the weakness of a search can be covered by the strength of other
searches and vice versa.

Many new MAs are constructed as multiple search strategy although there are also old algorithms that
employ multiple search strategy. Genetic Algorithm (GA) is the example of old strategy that employs multiple
search strategy which are crossover and mutation [15]. Artificial Bee Colony (ABC) is the example of old
algorithm that employs multiple searches as there are three types of bees including employed bee, onlooker
bee, and scout bee [16]. Each bee performs specific search. Other new swarm-based algorithms that employ
multiple search strategy such as Bird Of Prey Based Optimization (BPBO) [17], Coati Optimization Algorithm
(COA) [18], Crayfish Optimization Algorithm (COA) [19], Komodo Mlipir Algorithm (KMA) [20], sine
Cosine Algorithm (SCA) [21], Giant Armadillo Optimization (GAO) [22], Pufferfish Optimization Algorithm
(POA) [23], Average Subtraction Based Optimization (ASBO) [24], Subtraction-Average Based Optimization
(SABO) [25], Marine Predator Algorithm (MPA) [26], Golden Jackal Optimization (GJO) [27], Zebra
Optimization Algorithm (ZOA) [28], Pelican Optimization Algorithm (POA) [29], Black Winged Kite
Optimization (BKO) [30], Ell And Grouper Optimization (EGO) [31], Dholes-Inspired Optimization (DIO)
[32], Polar Fox Optimization (PFO) [33], Cultural History Optimization Algorithm (CHOA) [34], Geometry
Mean Optimization (GMO) [35], Cheetah Optimizer (CO) [36], Geyser Inspired Algorithm (GIA) [37], Elk
Herd Optimization (EHO), Clouded Leopard Optimization (CLO) [38], Osprey Optimization Algorithm
(O0A) [39], Walrus Optimization Algorithm (WaOA) [40], and so on. Many mechanisms are introduced to
accommodate multiple searches including common stochastic method, sequential search, swarm split, iteration
split, and so on. Some algorithms also employ multiple mechanisms to accommodate these multiple searches
into a single algorithm.

Unfortunately, many of these mechanisms are not adaptive enough as they are predefined. Many
algorithms employ these predefined mechanisms during their first introduction or standard form. The problem
of these predefined mechanisms is that there is not any awareness whether the optimization process produces
improvement which means the motion or search produces solution which is better than the existing solution or
fails to achieve improvement. In this context, there is not any storing mechanism or memory to record the
history of the searching process which is then used to determine the searching mechanism in the future. Based
on this perspective, this predefined mechanism can also be called as memoryless decision-making mechanism.
On the other hand, the existence of the memory is important to provide better decision-making process. ABC
is an example of algorithm that has memory. The existence of the memory decides on performing random
search after several times of stagnation. But this mechanism can be seen as reactive and not proactive.
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Moreover, as mentioned previously, many algorithms are not equipped with historical-based decision-making

process.

One new swarm-based optimization is glider snake optimization (GSO). It was introduced in 2026. As
claimed, GSO is inspired by the aerial locomotion of arboreal snakes during their movement from tree to tree
[41]. As a swarm-based algorithm, GSO is also a multi agent system where it consists of several autonomous
agents that perform within population called as swarm. GSO also employs multiple search strategy as it
employs two motions. As each agent performs only one motion in every iteration, a common stochastic
mechanism is hybridized with swarm split is selected to accommodate this multiple strategy approach, i.e., to
determine the motion should be taken by every agent in every iteration. As a brand-new algorithm, as far as
author knows, GSO still does not have variant or derivative. Based on this consideration, it is challenging to
create a variant of GSO with some certain memory-based decision making to replace the combined swarm split
and common stochastic method on accommodating the multiple search approach adopted by the standard GSO.

This work is aimed at proposing an improved version of GSO known as reward-based glider snake
optimization (RGSO) by using reward-based mechanism on deciding the motion rather than based on common
stochastic mechanism and swarm split. This reward-based mechanism is adopted from the RL approach. RL,
especially g-learning have been utilized to improve MA, for example for parameter adjustment [7], individual
selection [42], initialization [43], decision making [44], and so on. In these existing studies, the RL-enriched
method has outperformed its competitors. For example, in [7], the proposed discrete JAYA algorithm based
on reinforcement learning and simulated annealing (QSA-DJAYA) outperformed the benchmarks including
ant colony optimization (ACO), GA, PSO, black hole algorithm (BH), Discrete tree seed algorithm (DTSA),
and JAYA algorithm. In [43], the proposed g-learning based hyper-heuristic evolutionary algorithm
outperformed its benchmarks on solving 30 static instances and 20 dynamic instances of task allocation
crowdsensing. In [44], the proposed quasi-opposition-based learning and q-learning based marine predator
algorithm (QQLMPA) outperformed 11 benchmark algorithms on four engineering problems, multimodal
functions, and composite functions. This result provides expectation on improving GSO using g-learning.

In this work, there are two proposed algorithms including RGSO-1 and RGSO-2. In general, RGSO-1
still uses two motions as both motions are used in GSO. RGSO-2 is the extended version of RGSO-1 by adding
one new motion so that there are three possible motions for every agent. Below are the scientific contributions
of this work.

e This work proposes two improved algorithms known as RGSO-1 and RGSO-2 which are the
improvement version of GSO by implementing reward-based mechanism on selecting motion for the
agents.

e  The performance of the proposed algorithms is measured by implementing them to solve 23 standard
functions and three cases in ELDP.

e  The competitiveness of both algorithms is measured by comparing their performance with five existing
algorithms.

The structure of the remaining of this paper is as follows. Section 2 provides the review of recent
development of MA, specifically on handling the multiple search strategy. Section 3 describes the model,
including standard GSO, both RGSO-1 and RGSO-2, and ELDP. Section 4 exhibits the experiment to assess
the performance of proposed algorithm and discusses the experiment result, findings, and limitations. Section
5 concludes the work and suggests path for future studies.

2. RELATED WORK

There are many ways to handle multiple search strategy including common stochastic method, swarm
split method, iteration split method, sequential method, and so on. Some algorithms employ common stochastic
method. In this method, a threshold is predefined. Then, a random number is generated. If this number is less
than the threshold, then a search is conducted. Otherwise, another search is conducted. In some algorithms,
there are only two searches so that it needs only one threshold. Meanwhile, in some other algorithms, there are
more than two searches so that more multiple thresholds are used. In this case, the conditional can be parallel
or cascading. Some algorithms employ swarm split. In this method, the swarm is split into several sub swarms
where two sub swarm split is common while in soma algorithms, there are more than two sub swarms. In most
cases, the size of sub swarms is predefined. Some algorithms split the swarm based on the quality of the agents
while other algorithms split the swarm based on index of the agents. Besides swarm split, iteration split
becomes other method. In this method, the iteration is split into sub iterations or iteration windows. In many
cases, the size of all windows is equal. Some algorithms employ sequential search method. Each search is
allocated to every certain window. In many cases, more explorative search is allocated in early window while
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more exploitative search is allocated in later window. Some algorithms employ sequential method. In this
method, the searches are arranged sequentially then all agents will perform all these searches in every iteration.
Some algorithms employ multiple ways to accommodate the multiple searches.

SCA is the example of simple algorithms that employ common stochastic method [21]. The threshold is
0.5. The target is the best agent. If the random number is less than the threshold, then the agent moves toward
the target using sine function. Otherwise, the agent moves toward the target using cosine function. The step
size decreases linearly as iteration goes.

BPBO is also example of algorithm that employs common stochastic method [17]. It employs four
possible searches. The first search is the motion toward the best solution. The second search is the motion of
mean solution toward the best solution. The third solution is the motion away from the worst solution. The
fourth solution is full random search. A cascading method is used in BPBO. A predefined threshold ranging
from 0.05 to 1 is used to differentiate between the first three searches and the fourth search. When the threshold
is set to 1, it means there is not any change for the fourth search. Then, two dynamic thresholds are used to
separate three motions. The term dynamic is used because both thresholds are random numbers. A strict
acceptance is employed to determine whether the solution candidate will replace the current value of the
solution. The best solution is updated every time when improvement occurs.

GJO is other example of algorithm that employs common stochastic method where the threshold is
dynamic [45]. There are two possible searches. One search is explorative while the other is exploitative. The
threshold is controlled by a constant, random number, and iteration. This threshold makes the more explorative
search tends to be chosen in the early iteration and then, the probability of the exploitative search increases
over time. Two references are used including the best solution and the second-best solution. Each search is an
average the motion relative to the best agent and the motion relative to the second-best agent. The step of both
searches also declines over time.

POA is an example of algorithm that employs sequential search [23]. There are two searches that will be
performed by each agent. The first search is the motion toward a randomly selected better agent. The second
search is a random search with declining space over time. Strict acceptance is applied. Meanwhile, the best
solution is done in every iteration after all agents perform searching.

COA is an example of algorithm that employs a combination of swarm split and sequential search [18].
There are two steps conducted by every agent. In the first step, there are two possible searches so that the
swarm is split equally based on the index of the agents. The agents within the first half of swarm perform the
motion toward the best agent. The agents within the second half of swarm perform the motion relative to a
random generated solution. The direction depends on the quality of the random solution compared to the agent.
All agents perform random search with declining space over time in the second step.

KMA is also an example of algorithm that employs a combination of swarm split and common stochastic
in a complex manner [20]. Fist, swarm split is conducted based on the quality of the agents to separate agents
into three groups: the high-quality agents, middle quality agents, and low-quality agents. The size of each group
is predefined. Each high-quality agent performs cumulative motion relative to all other high-quality agents as
references. The mixture of quality comparison and common stochastic is applied to determine the direction. If
the reference is better than the agent or the random number is less than 0.5 as a threshold, then the direction is
toward the reference. Otherwise, the direction is away from the reference. Common stochastic method with
threshold of 0.5 is applied for the middle quality agents. There are two possible searches for these middle
quality agents. The first search is the quantitative crossover with the highest quality agent. The second search
is local search. As the threshold is 0.5, both searches have equal probability to be selected. Each low-quality
agent performs cumulative motion toward all high-quality agents. There are two possible searches which is
determined using common stochastic method where the threshold is predefined. The first search is motion
toward the high-quality agent. The second search is staying on its location.

MPA is an example of algorithm that employs a combination of iteration split, swarm split, and sequential
search [26]. There are two steps in every iteration. The iteration split method is applied to determine the search
conducted in the first step. First, the iteration is split into three equal size windows. The motion toward the
target using Brownian movement is conducted in the first window by all agents. Swarm split is applied during
the second window where the swarm is split into two equal size sub swarms based on the index of the agent.
The agents in the first swarm performs the motion toward the target using Levy distribution. Meanwhile, the
agents in the second swarm performs the motion of the target away from the agent using Brownian movement
with declining step size over time. The motion of the target away from the agent using Levy distribution is
performed in the third window. Common stochastic method is applied in the second step. The threshold is
known as fish aggregating devices (FAD) effect. There are two possible searches. The first search is
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neighbourhood search with declining space over time. The second search is the motion with the vector is the
difference between two random selected agents.

Based on this explanation, it is shown that many mechanisms on handling the multiple search strategy is
predefined and do not aware to the circumstances faced during the iteration process in many MAs in their first
publication. Most of these mechanisms are static while some others are dynamic, for example regarding the
iteration. Meanwhile, these mechanisms do not have any considerations, for example either the optimization is
facing improvement or stagnation while there should be different search on handling improvement or
stagnation to make better process. This shortcoming becomes the motivation for author to propose a decision-
making process that considers this issue.

The existence of memory is needed to solve this problem. This memory is needed to store the performance
of the actions that has been conducted to determine the future action based on it. In this context, RL, especially
the g-learning has been used to create more adaptive variants or derivatives of the existing MA. Below are
examples of these variants.

A quasi-opposition learning and q-learning based marine predators’ algorithm (QQLMPA) is an example
of the use of g-learning to create variants pf MPA [44]. As mentioned previously, there is specific search for
each iteration window in the first step of traditional MPA. In QQLMPA, the iteration split is removed so that
these three searches can be conducted any time along the iteration. The g-learning is replaced as decision
making method so that the decision on determining the actions is based on the g-table.

The g-learning based on adaptive logarithmic spiral Levy flight firefly algorithm (QL-ADIFA) is a variant
of ADIFA which is also variant of firefly algorithm (FA) [46]. In ADIFA, there are two searches which are the
improved version of single search on FA. The first search is Levy flight embedded FA while the second search
is logarithmic spiral embedded FA. Both searches are accommodated through common stochastic method
where the threshold is dynamic based on a random number, the best score of the current iteration, and the best
score of the previous iteration. In QL-ADIFA, the common stochastic method is used to separate the q-table
based ADIFA and the original ADIFA. If a random number is less than 0.3 then g-table is used to choose the
search. Otherwise, the search is chosen using original ADIFA.

The reinforcement learning-sand cat swarm optimization (RLSCSO) is a variant of SCSO [47]. In the
standard SCSO, there are two searches and common stochastic method is employed. The threshold is 1 while
the random number is also affected by the iteration. This threshold separates the exploration-oriented search
and exploitation-oriented search. There are two modifications in RLSCSO. First, two new searches are created
as derivatives of the two standard searches. Then, the q-learning is combined with the existing stochastic
common method so that the decision making is determined by both deterministic and stochastic methods.

Based on this explanation, it is shown that the implementation of RL provides better decision-making
process to algorithms that employ multiple search strategy as memory is now used. For specific q-learning, the
reward-penalty based mechanism is used to give reward for improvement and penalty for stagnation or failure.
This mechanism makes the history of the performance of the searches is also used to determine the next search.
In some algorithms, the RL replaces the decision making entirely. Meanwhile, in other algorithms, the RL is
used to enrich the existing decision-making mechanism without erase it.

3. METHODS
3.1. Standard Glider Snake Optimization

GSO is a new bio-inspired MA that imitates the gliding mechanism of arboreal snake that is commonly
found when a snake glides between trees [41]. This gliding mechanism is also known as aerial locomotion. It
is designed to avoid premature convergence which is often faced in swarm-based metaheuristic like PSO [14]
and GWO [12]. As a swarm-based algorithm, GSO can be viewed as multi agent system where a swarm consists
of certain number of autonomous agents.

There are two motions conducted in every iteration. In the first motion, the agent performs a motion that
combines two sub motions. The first sub motion is the motion toward the leader, which is the best agent in the
current iteration. The second sub motion is the motion toward the previous indexed agent. In the beginning of
iteration, the swarm is sorted based on the quality of the agent where better agent has lower index. As iteration
goes, the step size declines linearly. This mechanism makes the exploration, and exploitation is not separable
but through iteration. In the early iteration, this motion tends to be explorative due to the long step size. Then,
as the step size becomes shorter, this motion becomes more exploitative. The second motion is designed to
replace the low-quality agents based on three randomly picked agents. These three randomly picked agents are
sorted first. The first ordered agent is then selected as replacement where the quality of the second, third, and
the best agent becomes additional consideration. The effect of additional consideration is also controlled by
the iteration where in early iterations, the effect is high and then declines as the iteration increases.
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Each agent performs one motion in every iteration. The selection of motion between both motions are
conducted through a combined deterministic and stochastic mechanism. There are two aspects involved in this
mechanism. First, the swarm, which is sorted fist based on the quality, is split into two groups which are higher
quality agents and lower quality agents. All higher quality agents perform the first motion. A random number
and a threshold known as replacement probability parameter is used to decide the motion selected for the lower
quality agents. If the generated random number is lower than the replacement probability parameter, then these
lower quality agents conduct the second motion. Otherwise, they conduct the first motion. The formalization
of the GSO is provided in (1) to (6) while the pseudocode of the whole process is presented in algorithm 1.
This pseudocode is adopted from [41] where different variables or logics do not change the meaning and the
context.

algorithm 1: GSO

1  begin
2 for all X
3 initialize x; using (3)
4 end for
5 fort=1toT
6 set 7y
7 X’ =sort(X)
8 fori=2ton
9 get Xpest uSing (5) and Xsel1l> Xsel2> and Xsel3 using (4)
10 construct x; using (6)
11 end for
12 end for
13 return xpeq
14 end
X = {x, %, X3, ., X} (1)
x; = {Xi1, X2, X1 3, s Xim} (2)

Equation (1) and equation (2) construct the declaration of the swarm. Equation (1) declares the swarm
that consists of a set of agents. X is the swarm, x is the agent or individual, and n is the size or cardinality of
the swarm. Equation (2) declares the agent as a set that consists of values representing the location within the
solution space for every dimension. I is the agent index while m is the dimension size.

xi‘j = lb] + 151 (ub] - lbj) (3)

Equation (3) constructs the initial value of every agent. It is used during the initialization phase. As
presented, the agent is placed uniformly within the solution space. lb is the lower boundary, ub is the upper
boundary, and j is the dimension index.

Xse1 = U(X) 4)

Xpest = X € X, min (f(x)) )

Equation (4) and Equation (5) are used to construct the references used in GSO which is the random
selected agent and the best agent. (4) formalizes the random selection of agent from the swarm. There are three
random selected agents which are Xgg;1, Xse12, and Xge13. All three agents are uniformly selected from the swarm
using (4). Equation (5) formalizes the best agent which is defined as the agent whose quality is the highest
among the swarm in the current iteration where X, is the best agent. Equation (6) formalizes the motion
conducted by every agent. There are two motions that can be chosen through combined deterministic and
stochastic mechanism. r; is a random number [0,1], ¢ is the current iteration, and T is the maximum iteration.

t\ (f(xpest) | f(Xser2)
any+(1-5) (e
sell,j + ( T fxp) + f(xser3)

xi'}' + (1 - %) ((xbest‘j - xi‘j) + (xi—l,j - Xi’j)),else

id(*sel1) ) P>
) ——sels ,11 < rpAi > >

Xij =

(6)
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3.2. Reward-Based Glider Snake Optimization 1 (RGSO-1)

The main concept of the proposed reward-based glider snake optimization (RGSO) is a modification of
the standard GSO by implementing reward-based mechanism in determining the motion conducted by every
agent. Rather than based on swarm split and common threshold, the reward-based mechanism which is adopted
based on RL [48] is applied. Certain reward is awarded each time the agent improves its quality. This reward
is awarded to the motion that is successful on producing improvement. As iteration goes, motion with higher
reward has higher probability to be selected in the future iteration. There is no penalty for motion that fails to
produce improvement which makes it is different from the basic gq-table. In this sub section, we will provide
the algorithm of the first form of reward-based glider snake optimization (RGSO-1). In general, the difference
between GSO and RGSO-1 is only on the decision-making process where the reward-based mechanism is
applied. There are still two possible motions can be taken by each agent in RGSO-1.

A reward pool is applied to store the reward. As there are two motions in RGSO-1. The pool consists of
two sub pools. The first sub pool is used to store the reward obtained by the first motion while the second sub
pool is used to store the reward obtained by the second motion. Each agent has its own dedicated pool so that
there is not any collective or shared pool. In the beginning, the value of each sub pool is set to 1. Each time a
motion produces improvement, the value of related sub pool owned by the agent increments. The value of the
pool is updated each time the agent finishes a movement. It means that there is only one sub pool of the agent
whose value increments in every iteration. The concept of this reward pool is like, although not same as q-table
in g-learning [49] as this pool is simpler than g-table. This reward-based mechanism is visualized using Figure
1.

This reward is then used to determine the next motion. A stochastic mechanism is used so that the higher
reward of a sub pool will increase the probability of the related motion is selected proportionally. A threshold
is created based on the reward of the first sub pool compared to the aggregate reward of all sub pools. Then a
random number [0,1] is generated. If the value of this number is lower than the threshold, then the first motion
is selected. The visualization of this threshold is provided in Figure 2. Otherwise, the second motion is selected.
As the value of all sub pools is set to 1, then the probability of the first motion equals to the second motion

during the first iteration.
decide action check
based on reward improvement

update reward

Figure 1. Reward based mechanism

threshold

sub pool 1 sub pool 2

Figure 2. Threshold of RGSO-1

The existence of the random number and reward-based threshold keep the stochastic aspect of the
proposed method. It also differentiates this model with the common q-learning model where the decision
making tends to be deterministic based on the current value of the g-table [49]. The formalization of RGSO-1
is provided using (7) to (12) while the pseudocode of RGSO-1 is provided in algorithm 2. The source code for
both RGSO-1 and RGSO-2 can be downloaded through this link: https://github.com/purbodaru/reward-based-
glider-snake-optimization.

P = {p1, P2 -, Pn} (7

pi = {Pi,1, Pi2} (®

Equation (7) and equation (8) constructs the pools and sub pools. Equation (7) shows that each agent has
its own pool where P is a set of pool and p is a pool related to an agent. The cardinality of the set of pools
equals to the cardinality of swarm. Equation (8) shows that there are two sub pools for each agent.
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Pi1
Pi1tDiz2

2' ‘rl 2 L
Pi1tPiz2

1, <
a =

)

t
Xi;+ (1 - ;) ((xbest,j —x;;) + (Xiogy — xi,j));a =1
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Equation (9) and (10) are used for the two possible motions of each agent. Equation (9) shows the action
taken based on the stochastic manner based on the reward. There are two values for action a which are 1 and
2 which is determined based on the threshold and a random number. r; is a uniform random number [0,1].
Equation (10) formalizes the construction of the solution candidate based on the chosen motion where sc is the
solution candidate.

= fpie ¥ LI6O) < TG an
@ Pra f(50) 2 f(x0)

X; = sc (12)

Equation (11) and equation (12) formalize the updating process. Equation (11) formalizes the updating
process of the sub pool. Equation (12) formalizes the updating process of the agent using the solution candidate.
Both equations are also used for updating the sub pools and the agent in RGSO-2. The flowchart of this
updating process can be found in Figure 3.

The complexity analysis of RGSO-1 is as follows. During the initialization, the complexity is O(nm).
The common complexity of sorting in the beginning of every iteration is O(n?). It means that the complexity
during iteration will be 0(t(n? + m(n — 1))).

algorithm 2: RGSO-1
begin
for all X
initialize x; using (3)
setp; to 1
end for
fort=1toT
X’ =sort(X)
fori=2ton
get Xpest using (5) and Xsel1> Xsel2> and Xsel3 uSing (4)
10 setmy
11 set a using (9)
12 construct sc using (10)
13 update p; using (11)
14 update x; using (12)

03O LN A W~

O

15 end for

16  end for

17 return Xpes
18 end

first sub pool
increments

end

second sub pool
increments

Figure 3. Reward update mechanism of RGSO-1
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3.3. Reward Based Glider Snake Optimization (RGSO-2)

RGSO0-2 is the second version or the reward-based GSO proposed in this work. RGSO-2 can be seen as
an extended version of the RGSO-1. There are two differences between RGSO-2 and RGSO-1. First, there are
three motions in RGSO-2. Two motions are same as in GSO and RGSO-1. The third motion is the motion of
the best agent away from the related agent. This motion is adopted from the second motion which is the
replacement of the lower quality agent. But, as there is no swarm split in both RGSO-1 and RGSO-2, the best
agent is selected as replacement because it is the most possible option to replace any agents in the swarm. The
movement away from the agent is inspired by the motion in the third iteration window or in the second half of
swarm in the second iteration window in MPA [26]. Second, the best agent is transformed from the best agent
in the current iteration to the best agent until the current iteration. It is because the value of the best agent is
updated each time after a motion is taken by any agent. This best solution update mechanism is also found in
BPBO [17].

The consequence of the additional motion is that there are three sub pools for every agent now. The third
pool is created to store the reward for the third motion. The additional consequence is there are two thresholds
now. The first threshold separates the first sub pool and the second sub pool. The second threshold separates
the second sub pool and the third sub pool. The first threshold is obtained by the dividing the reward in the first
sub pool with the accumulation reward from all sub pools. The second threshold is obtained by dividing the
accumulation of reward from the first and second sub pools with the accumulation of the reward from all sub
pools. The visualization of these thresholds is provided in Figure 4. The formalization of RGSO-2 is provided
in (13) to (16) while the pseudocode is presented in algorithm 3.

1=t threshold 2" threshold

'

sub pool1 sub pool 2 sub pool 3

Figure 4. Threshold of RGSO-2

pi = {Pi,1, Pi2 Di3} (13)
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Xij+ (1 - %) ((xbest,j —xi;) + (Xio1 — xi,j)):a =1

_ id(Xsel1) . _t fxpest) | fxserz) _
G = st + (1-7) (57 +7025) e = 2 (15)

t
Xpest,j + (1 - ;) (xbest,j - xi)' a=3

o= { X, f (%) < f(Xpest)
best ™ \xpeses F (X)) = f (Xpest)

The explanation of (13) to (16) is as follows. Equation (13) declares the pool of every agent consists of
three sub pools. Equation (14) shows that the decision of the action based on the stochastic process using two
thresholds and there are three possible actions now. Equation (15) shows the construction of the solution
candidate based on three possible motions. Equation (16) states the updating of the best agent is based on
quality comparison between the best agent and the related agent. Moreover, the reward update mechanism of
RGSO-2 is illustrated using Figure 5. As presented in algorithm 2, the complexity of RGSO-2 is equal to
RGSO-1. It means that the complexity during initialization is O(nm). Meanwhile, the complexity during
iteration is O (t(n* + m(n — 1))).

(16)

Purba Daru Kusuma (Reward Based Glider Snake Optimization: An Improved Metaheuristic Algorithm with
Reward Mechanism as Decision Making)



1436 Buletin Ilmiah Sarjana Teknik Elektro ISSN: 2685-9572
Vol. 8, No. 5, October 2026, pp. 1427-1446

first sub poal
increments

second sub pool
increments

no

third sub poal
increments

Figure 5. Reward update mechanism of RGSO-2

algorithm 3: RGSO-2
begin
for all X
initialize x; using (3)
Update xp,; using (16)
end for
fort=1toT
X’ = sort(X)
fori=2ton
8et Xsei1, Xserz, aNd Xge3 using (4)
10 setry
11 set a using (14)
12 construct sc using (15)
13 update p; using (11)
14 update x; using (12)
16 update xp,¢; using (16)

01N DN DW=

N}

17 end for

18  end for

19 return xpeq
20 end

3.4. Economic Load Dispatch Problem

Please fill this section with a system block diagram, research flow diagram, control system block diagram
or other that illustrates the research. This section also can be fill with a flowchart or pseudocode of the program.
ELDP is a practical optimization problem in electrical engineering, specifically in power system. It is
categorized as the continuous one. As practical problem, it has constraints. ELDP becomes very popular
optimization problem due to its richness in variants, considerations, and use cases. In general, the system
consists of a set of generating units. Each generating unit produces power within its specified range. The power
produced by each generating unit is then accumulated to become total power where this total power should
meet i.e. equals to the specified demand. Cost is generated as consequence of producing power. Each cost from
all generating units is then accumulated to become the total cost. In its standard form, the objective of the
problem is to minimize the total cost. Meanwhile, there are two constraints. The first constraint is the power
limitation of each generating unit as should be within its range. The second constraint is the equality of total
power to the demand. This second constraint makes the power of each generating unit cannot be freely put
anywhere within its range as the power of one generating unit affects the power of other generating units. The
formalization of ELDP is provided in (17) to (21).

P ={py,p2, -, P} (17)
Pi = [Pmin,i- Pmax,i] (18)
Paemana = Li=1Pi (19)
obj = min Q1= co;) (20)
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a;p? + b;p; + c¢; , NVPLE
. l={ ipi +bhipi + ¢ 21

(a;p? + bip; + ¢) + |essin (fiPmini — pi))|, VPLE

Below is the explanation of (17) to (21). (17) states the system as a set of generating units where P is set
of generating units p with the number of units n. (18) states the power of each generating unit should be within
its range of its minimum power P,,;, and maximum power p,,., . Equation (19) states that the total power
should equals to the demand pgemana- Equation (20) declares the objective obj on minimizing the total cost.
Equation (21) formalizes the cost function of each generating unit with two scenarios including without valve
point loading effect (NVPLE) or with valve point loading effect (VPLE) where a, b, c, e, and f are the cost
constants.

In this work, round robin-based adjustment is used to handle the equality constraint rather than penalty-
based constraint handling. In this round robin-based adjustment, rotating mechanism is applied with small
fraction of power for adjustment. If the total power surpasses the demand, then this rotating mechanism is
applied to reduce the power of all generating units. This power reduction is applied to the generating units
where its power is still above its minimum power. On the other hand, if the total power is below the demand,
then this rotating mechanism is applied to increase the power of all generating units. The power increase is
applied to the generating units where its power is still below its maximum power. The rotation runs until the
total power equals to the demand.

4. RESULT AND DISCUSSION
4.1. Experiment Result

This section provides the experiment and analysis regarding the performance of both RGSO-1 and RGSO-
2. Both algorithms are implemented two problems. The first problem is the set of 23 classic functions. The
second problem is ELDP. There are three cases for the ELDP including 3-unit system, 5-unit system, and 10-
unit system. There are two scenarios for each case of ELDP including NVPLE and VPLE. In this experiment,
five existing algorithms are chosen as competitors including GWO [12], HO [13], BPBO [17], GSO [41], and
PSO [14]. PSO is chosen as it is a classic and highly cited algorithm. GWO is a relatively new and highly cited
algorithm. Both PSO and GWO have numerous variants. BPBO and HO are chosen as new algorithms. GSO
is chosen for comparison as both RGSO-1 and RGSO-2 are derivatives of it. There are 30 independent runs for
each function or case. The parameter setting for these algorithms is found in Table 1. The maximum iteration
is set to 100 for 23 functions and 200 for ELDP. Both values represent moderate computational process.

Table 1. Parameter Setting for Experiment

Algorithm Parameter
GWO n=20
HO n=20
BPBO n=20
GSO n=20,7,=05
PSO n=20,w=01,¢ =01,¢c,=0.1
RGSO-1 n=20
RGSO-2 n=20

This parameter setup is like many existing studies. For example, in [50], the swarm size is 10, the
maximum iteration is 200, and the dimension size ranges from 10 to 20. In [46], the swarm size is 25 and the
maximum iteration is 100. In [44], the swarm size is 25 and the maximum iteration is 500. In [51], the swarm
size is 50 and the maximum iteration is 200. In [21], the swarm size is 30 while the maximum iteration is 500.
In [27], as there are also sensitivity analysis to conduct the influence of swarm size and maximum iteration,
there are multiple values of swarm size and maximum iteration where the values of swarm size are 30, 50, 80,
and 1000 while the values of maximum iteration are 100, 300, 500, and 1000.

The first problem is the set of 23 functions. It can be split into three groups including seven high dimension
unimodal functions (HDUF), six high dimension multimodal functions (HDMF), and ten fixed dimension
multimodal functions (FDMF). The detail description regarding the 23 functions can be found in [52]. The
dimension size for the high dimension functions is 30.

Table 2 exhibits the result for the HDUF. The GSO is slightly superior as it is the best in five functions
including F1, F2, F3, F5, and F7. RGSO-2 follows as the second best as it is the best in four functions including
F2, F5, F6, and F7. BPBO also achieves the best result in three functions including RGSO-2 achieves the best

Purba Daru Kusuma (Reward Based Glider Snake Optimization: An Improved Metaheuristic Algorithm with
Reward Mechanism as Decision Making)



1438 Buletin Ilmiah Sarjana Teknik Elektro ISSN: 2685-9572

Vol. 8, No. 5, October 2026, pp. 1427-1446

result in three functions including F2, F4, and F5. All algorithms achieve the best result in F2. PSO becomes
the worst algorithm while HO becomes the second worst algorithm.

Table 3 shows the superiority of RGSO-2. It achieves the best result in four functions including F9, F11,
F12, and F13. RGSO-1 achieves the best result in F8 and F11. Both GSO and BPBO achieves one best result.
PSO becomes the worst algorithm, and HO follows as the second worst.

Table 2. Result for HDUF

F Parameter GWO HO BPBO GSO PSO RGSO-1 RGSO-2
mean 0.187 2.100x10*  9.634x107"  1.714x10% 5.365x10° 2.121x10*  4.287x10%
1 std. deviation 0.650 1.366x101  3.415x10™  9.230x10%*  1.889x10° 1.140x10*  2.308x10°’
mean rank 5 6 4 1 7 2 3
mean 0.000 0.000 0.000 0.000 0.000 0.000 0.000
2 std. deviation 0.000 0.000 0.000 0.000 0.000 0.000 0.000
mean rank 1 1 1 1 1 1 1
mean 7.964x10%  2.237x10° 1.279x10°  2.546x107"  1.763x10*  1.904x10°7  1.628x107’
3 std.deviation 4.278x10%  1.607x10*>  2.081x10°  1.350x107° 7.056x10° 1.025x10%° 8.767x10%’
mean rank 5 6 4 1 7 3 2
mean 0.037 2.131 1.028x107  4.974x10°  2.772x10'  1.426x10* 1.681x10°
4  std. deviation 0.094 0.566 9.473x10°® 1.114x10* 5.462 3.083x10*  6.616x10°
mean rank 5 6 1 3 7 4 2
mean 1.306x10° 1.028x10* 2.889x10! 2.871x10"  2.018x10°  2.871x10! 2.871x10!
5  std. deviation  7.139x10° 1.271x10* 0.060 0.001 1.234x10°  4.244x10*  7.571x10*
mean rank 6 5 4 1 7 1 1
mean 7.376 4.050x10" 5.165 0.005 5.291x10° 0.002 4.971x10*
6  std. deviation 0.469 2.036x10! 0.410 0.008 1.398x10° 0.003 1.474x10°
mean rank 5 6 4 3 7 2 1
mean 0.039 9.376x10! 0.001 0.001 1.195 0.002 0.001
7  std. deviation 0.037 4.976x10" 0.001 0.001 0.783 0.002 0.001
mean rank 5 7 1 1 6 4 1
Table 3. Result for HDMF
F Parameter GWO HO BPBO GSO PSO RGSO-1 RGSO-2
mean -0.442  -1.025x102 -4.048%103 -9.778x10%  -2.723x10%  -1.041x10*  -9.570x10%
8  std. deviation  2.017 4.462 7.272x10? 2.061x103 4.649x102 1.926x103 1.769x103
mean rank 7 6 4 2 5 1 3
mean 0.738  2.998x10%  1.515x107* 0.003 2.355x10'  5.455x107° 0.000
9  std. deviation  3.535 1.828x107  8.162x107* 0.012 1.930x10*  2.937x1078 0.000
mean rank 5 7 2 4 6 3 1
mean 0.008 4.432 8.342x1078 2.985x10* 1.249x10*  5.938x10™* 4.817x1077
10 std. deviation ~ 0.025 0.760 2.859x1077 4.750x10* 1.068 9.371x107*  1.053x107°
mean rank 5 6 1 4 7 3 2
mean 0.076 0.260 4.694x107* 0.000 5.318x10! 0.000 0.000
11 std. deviation  0.409 0.178 0.002 0.000 1.598x10? 0.000 0.000
mean rank 5 6 4 1 7 1 1
mean 1.704 3.230 0.658 0.001 7.783x10*  2.531x107*  5.714x107°
12 std. deviation  0.244 0.759 0.146 0.001 2.150x10°  2.951x107*  9.307x107°
mean rank 5 6 4 3 7 2 1
mean 3.182 2.860 2.825 4793x107%  2.155x10°  8.197x107°% 6.373x107°
13 std. deviation  0.195 1.445 0.191 1.100x107*  1.954x10° 1.204x10~5 1.137x1075
mean rank 6 5 4 3 7 2 1

Table 4 shows the continuous superiority of RGSO-2. RGSO-2 achieves the best result in seven functions
including F16, F17, and F19-F23. BPBO stays as the second best as it achieves the best result in four functions
including F14, F15, F17, and F19. GSO achieves the best result in three functions including F16, F17, and F19.
GWO becomes the worst algorithm followed by HO as the second worst.

Table 5 and Table 6 exhibits the Wilcoxon rank test to compare the difference between the proposed
algorithms and competitors as non-parametrical statistical test. There are several reasons on using Wilcoxon
test rather than other tests such as t-test or Friedman test. First, the normality of the data distribution cannot be
guaranteed as it is the requirement of conducting the t-test. Second, the Wilcoxon test is suiter in comparing
two sets of data while Friedman test is suiter in comparing multiple sets of data. In this context, the comparison
analysis is conducted to investigate the difference of the proposed RGSO with each of the benchmark
algorithms. Third, the Wilcoxon test is more common as non-parametrical statistical test for many studies
introducing new algorithms, such as in GAO [22], POA [23], COA [19], and so on. Table 5 shows the result
for comparison of RGSO-1 with other algorithms while Table 6 for comparison of RGSO-2 with other
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algorithms. The 0.05 threshold is used. There are two values including SD for significantly different and NSD
for not significantly different. Table 5 shows that the number of functions which are significantly different to
RGSO-11is2, 1, 5, 14, 4, and 10 consecutively for GWO, HO, BPBO, GSO, PSO, and RGSO-2. On the other
hand, Table 6 shows that the number of functions which are significantly different to RGSO-21is 1, 1, 8, 11, 1,
and 10 consecutively to GWO, HO, BPBO, GSO, PSO, and RGSO-1.

Table 4. Result for FDMF

F Parameter GWO HO BPBO GSO PSO RGSO-1 RGSO-2
mean 1.267x10%  1.267x10* 5.046 7.427 5.095 8.944 8.189
14 std. deviation 0.000 0.013 3.930 4.780 3.324 5.114 5.065
mean rank 6 6 1 3 2 5 4
mean 0.148 0.037 5.470x107* 0.004 0.027 0.001 5.577x107*
15  std. deviation 0.000 0.051 2.417x107* 0.017 0.034 5.975xx10™*  4.376x107*
mean rank 7 6 1 4 5 3 2
mean 0.000 -0.536 -1.028 -1.031 -1.004 -1.022 -1.031
16  std. deviation 0.000 0.342 0.004 6.739x1075  0.131 0.034 9.408x107°
mean rank 7 6 3 1 5 4 1
mean 5.562x10% 0.839 0.398 0.398 0.526 0.408 0.398
17 std. deviation 0.146 0.440 1.291x107*  2.012x10™*  0.285 0.055 6.807x107*
mean rank 7 6 1 1 5 4 1
mean 6.000x10%  9.640x10* 4.304 8.432 4.175 7.565 6.793
18  std. deviation 0.000 1.167x10? 5.183 2.032x10? 4.985 1.021x10! 9.680
mean rank 6 5 2 4 1 3
mean -0.001 -0.048 -0.049 -0.049 -0.001 -0.049 -0.049
19  std. deviation 0.004 0.004 0.000 0.000 0.002 0.000 0.000
mean rank 6 5 1 1 6 1 1
mean -0.005 -1.087 -2.905 -2.377 -2.392 -2.537 -2.959
20  std. deviation 0.000 0.663 0.230 0.633 0.564 0.532 0.388
mean rank 7 6 2 5 4 3 1
mean -0.273 -1.234 -5.544 -1.011x10*  -4216  -1.014x10! -1.015%x10*
21  std. deviation 0.000 0.832 2.297 0.050 2.842 0.015 0.006
mean rank 7 6 4 3 5 2 1
mean -0.293 -1.668 -6.122 -1.037x10*  -4.984  -1.038x10! -1.040x10?
22 std. deviation 0.000 0.840 2.402 0.075 3.051 0.037 0.004
mean rank 7 6 4 3 5 2 1
mean -0.321 -1.463 -5.298 -1.052x10"  -4.499  -1.052x10* -1.053x10*
23 std. deviation 0.000 0.391 2.268 0.031 2.616 0.028 0.004
mean rank 7 6 4 2 5 2 1

Table 5. Wilcoxon Rank Test for Comparison between RGSO-1 and Its Benchmarks

F GWO HO BPBO GSO PSO RGSO-2
1 SD SD SD SD SD NSD
2 NSD SD NSD NSD NSD NSD
3 SD SD SD SD SD NSD
4 SD SD SD NSD SD SD
5 SD SD SD SD SD SD
6 SD SD SD SD SD SD
7 SD SD SD NSD SD SD
8 SD SD SD NSD SD NSD
9 SD SD NSD SD SD NSD
10 NSD SD SD NSD SD SD
11 SD SD SD NSD SD NSD
12 SD SD SD SD SD SD
13 SD SD SD NSD SD NSD
14 SD SD SD NSD SD NSD
15 SD SD SD NSD SD SD
16 SD SD NSD SD  NSD SD
17 SD SD NSD  NSD SD SD
18 SD SD SD NSD NSD NSD
19 SD NSD NSD NSD SD NSD
20 SD SD SD NSD NSD SD
21 SD SD SD SD SD SD
22 SD SD SD NSD SD SD
23 SD SD SD SD SD SD
Total NSD 2 1 5 14 4 10
Total SD 21 22 18 9 19 13
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Table 6. Wilcoxon Rank Test for Comparison between RGSO-2 and Its Benchmarks

F GWO HO BPBO GSO PSO RGSO-1
1 SD SD SD SD SD NSD
2 NSD SD NSD NSD NSD NSD
3 SD SD SD SD SD NSD
4 SD SD SD NSD  SD SD
5 SD SD SD NSD  SD SD
6 SD SD SD SD SD SD
7 SD SD SD SD SD SD
8 SD SD SD NSD  SD NSD
9 SD SD NSD SD SD NSD
10 SD SD NSD SD SD SD
11 SD SD SD NSD  SD NSD
12 SD SD SD SD SD SD
13 SD SD SD NSD  SD NSD
14 SD SD NSD NSD SD NSD
15 SD SD NSD NSD SD SD
16 SD SD SD SD SD SD
17 SD SD SD SD SD SD
18 SD SD NSD NSD SD NSD
19 SD NSD NSD NSD SD NSD
20 SD SD NSD SD SD SD
21 SD SD SD SD SD SD
22 SD SD SD SD SD SD
23 SD SD SD NSD SD SD
Total NSD 1 1 8 11 1 10
Total SD 22 22 15 12 22 13

Table 7 reports the sensitivity analysis regarding the different values of swarm size. As mentioned
previously, the increase of maximum iteration is not considered as this issue has been covered in the
convergence analysis as reported in Figures 6. Meanwhile, the various values of threshold are not carried out
as the RGSO is designed to provide equal size of sub pools. Moreover, violating the equal size sub pools
provides abundance of combinations regarding the threshold in RGSO-1 and two thresholds in RGSO-2. There
are two values for each RGSO including 25 and 50. The result shows that significant improvements occur only
in five functions for RGSO-1 and nine functions for RGSO-2. All these five functions for RGSO-1 are high
dimension functions while eight of nine functions for RGSO-2 are high dimension functions. It means that the
increase of swarm size above 20 does not affect significantly for fixed dimension functions in general.

Table 7. Sensitivity Analysis based on Swarm Size

F RGSO-1 RGSO-2
n=25 n=50 Significant improvement n=25 n=50 Significant improvement

1 2259%x107%7  2.257x10753 yes 5.534x107%*  2.198x107°° yes
2 0.000 0.000 no 0.000 0.000 no
3 1.149x107%¢  1.653x107%3 no 6.418x1075°  2.518x10785 yes
4 1.184x107*  3.806x1075 yes 3.404x107¢  2.535x107® yes
5 2.871x10* 2.871x10* no 2.871x10* 2.871x10* no
6 0.001 4.047x107* yes 1.071x107* 1.371x1075 yes
7 0.001 7.116x107* no 0.001 2.391x107* yes
8 -1.073x10* -1.224x10* yes -1.044x10* -1.116x10* no
9 0.000 0.000 no 5.684x10715 0.000 yes
10 2.253x107*  5.138x107° yes 2.137x1077  6.297x1071° yes
11 0.000 0.000 no 0.000 0.000 no
12 1.097x107*  1.262x107* no 6.405x107¢  3.649x107° no
13 4.189x107%  2.217x107° no 7.944x107%  3.901x1077 yes
14 8.258 4.398 no 7.757 4.360 no
15 9.033x10™*  5.255x107* no 5.066x107*  5.270x107* no
16 -1.030 -1.031 no -1.031 -1.031 no
17 0.398 0.398 no 0.398 0.398 no
18 6.610 5.700 no 1.300x10* 3.900 yes
19 -0.049 -0.049 no -0.049 -0.049 no
20 -2.657 -2.875 no -2.913 -3.055 no
21 -1.014x10! -1.015x10? no -1.015x10? -1.015x10? no
22 -1.038x10! -1.039x10? no -1.040x10?* -1.040x10? no
23 -1.052x10* -1.053x10" no -1.053x10! -1.053x10" no
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Figure 6 shows the convergence analysis on solving the 23 functions. There are three samples for the
iteration including 1, 50, and 100. They represent the first iteration, half of maximum iteration, and the
maximum iteration. The result shows that both RGSO-1 and RGSO-2 converge in the half of the maximum
iteration in all functions. This convergence behaviour is also found in other benchmark algorithms except GWO
in some functions. Based on this circumstance, there is no need to conduct additional test for higher maximum
iteration.

F1 F4
—GWO —GwWo —GWO
—HO —HO —Ho
—BPBO —BPBO —BPBO
—GS0 —G50 —Gso
—Ps0 —P30 —Ps0
—RGS0-1 —RGS0-1 —RGSO-1
—RGS0-2 —RGSO-2 —RGS0-2
F5 F8
—GWO —GWO
—Ho —HO
—BPBO —BPBO
—6S0 —G50
—Ps0 —ps0
——RGS0-1 —RGS0-1
—RG50-2 —RGSO-2
F9
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Figure 6. Convergence analysis of 23 functions

The first case in the second problem is 3-unit system. The system consists of three generating units. The
demand is 850 MW. The detail description of this system can be found in [53]. The result is exhibited in Table
8 for NVPLE and Table 9 for VPLE. Table 8 shows that five algorithms including BPBO, GSO, PSO, RGSO-
1, and RGSO-2 performs equally while GWO becomes the worst algorithm. Meanwhile, Table 9 shows that
BPBO becomes the best algorithm in VPLE. The performance of GSO, RGSO-1, and RGSO-2 is almost equal.
GWO still becomes the worst algorithm.

The second case is the 5-unit system. The system consists of five generating units. The detail description
of this system can be found in [53]. The demand is 730 MW. The result is exhibited in Table 10 for NVPLE
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and Table 11 for VPLE. Table 10 shows that RGSO-2 becomes the best algorithm while RGSO-1, GSO, and
BPBO follow in the second place for NVPLE. The difference between RGSO-2 and these three algorithms is
very narrow. GWO becomes the worst followed by HO in the second worst. In the VPLE, BPBO becomes the
best while RGSO-2 becomes the second best and RGSO-1 becomes the third best. The difference between
RGSO-2 and RGSO-1 is very narrow. GWO still becomes the worst followed by HO as the second worst.
The third case is 10-unit system. This system consists of ten generating units. The detail description of
this system can be found in [54]. The demand is 2,000 MW. The result is provided in Table 12 for NVPLE and
Table 13 for VPLE. Table 12 exhibits that RGSO-2 becomes the best algorithm followed by GSO in the second
place for NVPLE. Table 13 exhibits that GSO becomes the best algorithm followed by RGSO-2 as the second
best. Meanwhile, the difference among four algorithms including BPBO, GSO, RGSO-1, and RGSO-2 is
narrow for both scenarios. In both scenarios, GWO becomes the worst followed by HO as the second worst.

Table 8. Result for ELDP on 3-unit System without VPLE

Parameter GWO HO BPBO GSO PSO RGSO-1 RGSO-2
avg. p; (MW) 439.7 387.3 3933 393.1 3935 393.1 393.0
avg. p, (MW) 266.4 339.0 334.7 3349 334.0 3349 335.0
avg. ps (MW) 143.9 123.7 122.0 122.0 122.5 122.0 122.0

avg. total cost (§)  8,237.2  8,196.6 88,1943 8,1943 8,1943  §,1943 8,194.3
rank 7 6 1 1 1 1 1

Table 9. Result for ELDP on 3-unit System with VPLE

Parameter GWO HO BPBO GSO PSO RGSO-1  RGSO-2
avg. p; (MW) 4323 397.1 366.4 373.3 439.5 387.0 387.1
avg. p, (MW) 271.6 260.6 350.3 330.0 277.2 279.0 283.8
avg. p; (MW) 140.1 192.3 1333 146.7 1333 184.0 179.1

avg. total cost (§)  8,644.4 8,296.7 8236.8 82447 83074  8,248.0 8,248.3
rank 7 5 1 2 6 3 4

Table 10. Result for ELDP on 5-unit System without VPLE
Parameter GWO HO BPBO GSO PSO RGSO-1  RGSO-2

p1 (MW) 227.2 225.8 223.8 2239 237.5 222.6 2223
p, (MW) 106.5 97.4 95.6 95.0 94.7 94.9 95.0
p3 (MW) 140.5 142.2 152.4 151.4 143.5 151.9 151.9
ps (MW) 60.8 47.7 28.7 29.2 36.4 28.9 29.0
ps MW) 195.0 216.9 229.5 230.5 217.9 231.7 231.8
total cost ($)  1,968.1 1,957.5 1,950.6 1,950.6 1,952.3 1,950.6 1,950.5
rank 7 6 2 2 5 2 1

Table 11. Result for ELDP on 5-unit System with VPLE
Parameter GWO HO BPBO GSO PSO RGSO-1  RGSO-2

1 MW) 2333 2294 234.0 218.1 230.3 227.2 230.9
p, MW) 105.4 112.2 100.6 112.4 103.0 112.0 111.8
Pz (MW) 146.9 131.5 118.6 140.7 122.9 138.1 136.5
P, (MW) 62.1 72.2 66.9 73.8 61.6 73.0 65.9
ps (MW) 182.3 184.7 209.9 185.0 212.2 179.7 184.9
total cost ($)  2,473.9 22738 2,072.6 2,152.1 2,165.1 2,147.5 2,147.4
rank 7 6 1 4 5 3 2

Table 12. Result for ELDP on 10-unit System without VPLE

Parameter __GWO HO BPBO GSO PSO RGSO-1__RGSO-2
1 (MW) 49.6 536 53.0 54.6 517 54.6 55.0
s (MW) 723 777 77.7 792 762 79.6 79.8
s (MW) 110.2 114.7 914 933 111.6 96.1 85.9
Pa (MW) 1215 1142 80.8 777 113.0 77.0 75.1
ps (MW) 144.7 1379 66.3 632 122.0 63.3 63.1
P (MW) 216.5 144.6 74.8 70.0 146.1 70.0 70.0
P, (MW) 261.9 252.0 292.0 290.5 2467 288.9 295.3
P (MW) 275.6 288.5 329.5 331.6 280.5 330.7 336.0
Do (MW) 376.1 427.0 466.8 470.0 4218 469.9 469.9
P10 (MW) 371.6 389.8 4677 469.9 4304 469.9 469.9
total cost () 111,293.4  108,729.6 106,026.0 105,996.7 108,261.4 106,003.4 105,977.5
rank 7 6 4 2 5 3 1
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Table 13. Result for ELDP on 10-unit System with VPLE

Parameter GWO HO BPBO GSO PSO RGSO-1 RGSO-2
p1 (MW) 49.5 533 53.5 54.8 522 54.6 54.9
P, (MW) 74.6 78.3 77.7 79.2 76.6 79.5 79.7
p3 (MW) 111.9 115.6 90.4 91.5 1123 939 87.3
s (MW) 124.3 112.9 82.2 76.8 116.4 76.8 75.3
ps (MW) 148.6 137.3 66.1 63.0 119.2 63.3 61.5
Pe (MW) 218.8 149.5 75.4 70.1 146.4 70.1 70.0
p; (MW) 257.7 249.2 291.5 291.4 2474 290.0 294.8
pg (MW) 281.7 301.1 328.9 3333 283.5 331.9 336.5
Py (MW) 364.4 400.1 467.0 469.9 4153 469.9 470.0
P10 (MW) 368.5 402.7 467.3 470.0 430.7 470.0 470.0

total cost ($) 111,819.6  109,107.9 106,236.0 106,191.2 108,454.2 106,207.6  106,200.1

rank 7 6 4 1 5 3 2

4.2. Discussion

In general, the experiment results show that both RGSO-1 and RGSO-2 are competitive in handling both
set of problems. Both RGSO-1 and RGSO-2 are superior compared to three algorithms including GWO, HO,
and PSO. The result also shows that RGSO-2 tends to be the best algorithm which means that RGSO-2 is better
than RGSO-1. The performance of RGSO-1 is comparable to GSO as its origin and BPBO.

Overall, these seven algorithms can be split into two clusters based on their performance. The first cluster
consists of RGSO-1, RGSO-2, BPBO, and GSO. The second cluster consists of GWO, HO, and PSO. The
performance of algorithms in the first cluster is better than algorithms in the second cluster. As algorithms in
the first cluster conduct multiple strategy approach while algorithms in the second cluster conduct single
strategy approach, it can be said that algorithms with multiple strategies tend to perform better than algorithms
with single strategy.

By comparing RGSO-1 and RGSO-2, adding the third search, which is the motion toward the best agent
where the best agent is updated each time the motion is conducted provides significant improvement. RGSO-
2 is better than RGSO-1 in many functions of 23 functions and many cases in ELDP. RGSO-1 outperforms
RGSO-2 only in F1, F8, and 3-unit system with VPLE. As, the third motion tends to be more focus on the best
agent, it can be said that adding more portion for the best agent-oriented search produces better performance
than managing equal probability between both searches as it is found in RGSO-1.

This statement is strengthened by comparing RGSO-1 and GSO. Based on the model, GSO provides 75
percent probability for best-agent oriented search and 25 percent probability for random agent-oriented search.
Meanwhile, RGSO-1 provides equal probability between both searches. Based on the result on solving 23
functions, GSO is slightly better than RGSO-1 in the HDUF while RGSO-1 is slightly better than GSO in
HDMF and FDMF. Meanwhile, RGSO-1 and GSO are almost equal in ELDP.

There are limitations regarding the proposed RGSO in specific and the work in general. First, this is a
modification of existing GSO. Meanwhile, there are also various modifications that can be conducted. Second,
this modification, which is the reward-based mechanism is applied to GSO. On the other hand, there are
abundance metaheuristic algorithms that perform multiple search strategy where this reward-based mechanism
can also be applied to them. Third, the experiments are limited to the 23 functions and three systems for ELDP.
This single paper cannot cover broader benchmark cases such as CEC series, more various case of ELDP, and
broader practical engineering problems as excessive paper length becomes the consequence. The excessive
paper length in one research paper where the experiment dominates the paper makes the scientific contributions
and novelties seem less significant.

5. CONCLUSIONS

In this study, we have proposed two modified versions of the existing GSO using reward-based approach
which is adopted from the RL called as RGSO-1 and RGSO-2. The experiment results show that RGSO-2 is
superior in almost all functions compared to RGSO-1 and GSO. Meanwhile, the performance of RGSO-1 is
comparable to GSO which means that RGSO-1 is better than GSO in some problems but worse than GSO in
other problems. RGSO-1 is better than GSO in multimodal functions while GSO is better than RGSO-1 in
unimodal functions. The result also shows that algorithms with multiple search strategy are better than
algorithms with single search strategy as BPBO, GSO, RGSO-1, and RGSO-2 tend to be better than GWO,
HO, and PSO. Moreover, through comparing RGSO-1 and RGSO-2, allocating more portion for best-agent
oriented search than random agent-oriented search is better than allocating equal portion for both searches.
Meanwhile, the limitations of both RGSOs are that their performance is still comparable with the standard
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GSO and BPBO. Moreover, as referred to the NFL theory, both RGSO-1 and RGSO-2 are not superior to solve
all problems.

There are several trajectories can be taken for future studies. First, as this reward-based mechanism is
applied only in GSO, this mechanism can also be applied in many other existing algorithms. More
comprehensive investigation is needed to analyse the performance of this mechanism in other algorithms.
Second, this reward-based mechanism can also be explored and improved to construct better mechanisms in
determining the search strategy rather than the existing probabilistic, sequential, and split mechanisms as there
are a lot of RL-based methods that be adopted as RL is suitable for reward-based system. Third, both proposed
RGSO-1 and RGSO-2 can be applied to solve broader optimization problems, both the continuous and discrete
ones, such as allocation problems, timetabling problems, scheduling problems, routing problems, and so on.
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