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Over the last ten years, many novel metaheuristic strategies have emerged but most of 

them are metaphor-inspired algorithms. In this study, we introduce a newly developed 

metaphor-free method named the push spread algorithm (PSA). Term push represents 

exploitation while spread represents exploration. It accommodates six actions and four 

references including the biggest agent, the bigger agents, the smaller agents, and the 

boundaries. The effectiveness of PSA is investigated through two cases including 23 

standard functions and 2 economic load dispatch (ELD) problems. The performance of 

PSA was evaluated against five other optimization strategies: the farmer and season 

approach (FSA), coati optimizer (COA), osprey optimizer (OOA), kookaburra 

optimizer (KOA), and particle swarm optimization (PSO). The result shows that PSA 

is better than FSA, COA, OOA, KOA, and PSO in 21, 12, 10, 12, and 23 functions. 

Meanwhile, PSA is in the third best in handling the first ELD case and in the fourth best 

in handling the second one. This result makes PSA acceptable as a stochastic 

optimization to achieve quasi-optimal solution. Findings indicate that PSA 

demonstrates strong capability for tackling large-scale functions and remains effective 

when applied to fixed-size problems and ELD tasks. 
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1. INTRODUCTION

Cost becomes the most important issue in many studies 

related to the operational of various systems. Cost becomes the 

rationale consequence of the operation of any system. This 

cost can come from fuel or energy consumption [1], labor 

utilization [2], maintenance [3], emission handling [4], waste 

[5], time or opportunity lost [6], and so on. Management must 

focus on keeping this cost as low as possible for the continuity 

of the operation of the system as this cost becomes the main 

factor in the selling price. Keeping the cost low gives positive 

impact to make the price still acceptable and competitive. That 

is why minimizing cost has become the most famous goal in 

many optimization studies. This goal in minimizing cost can 

be found in many optimization studies in various fields, such 

as manufacturing [7], transportation [8], logistics [9], and 

power systems [10]. 

A well-known challenge in power system optimization is 

the economic load dispatch (ELD). This task involves 

determining the optimal allocation of generation levels for 

each unit in the network [11]. This cumulative power must be 

equal to the required demand which in general is known in 

advance. Each generator has its own operational range. The 

main or general goal of ELD problem is minimizing the total 

operational cost where each generator has its own cost 

structure. In addition, numerous aspects are taken into account 

when dealing with the ELD issue, including factors like the 

valve-point effect [12], restrictions due to ramping limits [13], 

forbidden operating zones [14], among others. On the other 

hand, each power system has its own mixture of generators 

where in some studies, the power system consists of generators 

from various energy resources, such as fossils, wind, water, 

nuclear, and so on. In many ELD studies, metaheuristic 

algorithm is often used as the optimization tool. 

Many metaheuristics-algorithms that have been introduced 

in this recent decade are metaphor-inspired algorithms and 

developed root in swarm intelligence (SI) framework. The 

inspiration behind many metaheuristic techniques is often 

drawn from natural occurrences, especially the survival 

strategies of animals in reproduction and foraging activities. 

Several methods developed from this concept include the coati 

optimization algorithm (COA) [15], kookaburra optimization 

algorithm (KOA) [16], osprey optimization algorithm (OOA) 

[17], komodo mlipir algorithm (KMA) [18], golden jackal 

optimization (GJO) [19], fennec fox optimization (FFO) [20], 

fossa optimization algorithm (FOA) [21], salamander 

optimization algorithm (SOA) [22], among others. Several 

optimization paradigms have drawn inspiration from socio–

cultural or human-centered dynamics, including the farmer–

season framework (FSA) [23], motorbike courier-based 
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optimization (MCO) [24], an enhanced variant of the social 

force method (MSFA) [25], the physician–patient model 

(DPO) [26], the deep sleep mechanism (DSO) [27], and the 

program manager-based approach (PMOA) [28], among 

others. In contrast, other studies emphasize approaches 

detached from metaphorical analogies, such as the fully 

informed search method (FISA) [29], subtraction–average 

optimization (SABO) [30], average–subtraction optimization 

(ASBO) [31], the adaptive grouping algorithm (AGA) [32], 

and golden search optimization (GSO) [33], among several 

additional proposals.  

The rapid emergence of various new methods has been 

driven by multiple factors. One major factor is the absence of 

a single metaheuristic technique that consistently outperforms 

others across every type of optimization challenge. The second 

aspect is that there are numerous mathematical techniques that 

can be explored to create a new algorithm and there are 

numerous methods to implement these techniques. In addition 

to designing novel algorithms, researchers have often relied on 

mathematical approaches to refine or adjust existing 

metaheuristic methods. Such enhancements are evident in 

well-established techniques like the genetic algorithm (GA), 

particle swarm optimization (PSO), and various others. 

Another important point is the abundance of real-world 

optimization challenges across diverse domains, especially in 

engineering, which provide valuable testbeds for evaluating 

newly developed algorithms. 

Although numerous advanced metaheuristic techniques 

have been introduced, this study puts forward a novel 

approach known as the push spread algorithm (PSA). This 

algorithm is metaphor-free so that it becomes the alternative 

for the many metaphor-inspired algorithms. There is critique 

regarding the metaphor-inspired algorithms as many of them 

hide their trivial novel mechanics by utilizing the metaphor to 

cover it. PSA is established root in SI framework so that it is a 

population-based technique where individuals become 

autonomous agents that act collectively but without any 

central command. Related to its name, PSA lays its effort on 

push and spread actions. The push action represents 

exploitation as the agent moves toward the entities that give 

higher probability for improvement. Contrary, the spread 

action represents the exploration where agent moves away 

from the convergence to find alternatives to avoid being 

trapped within the local optimal region. 

Due to the goal and the unresolved problems which are 

previously explained, the following points highlight the 

scholarly value produced through this study. 

 This paper presents a new metaheuristic-algorithm 

called PSA, which is established as metaphor-free 

algorithm and root in SI framework. 

 PSA is evaluated by applying it to a collection of 

benchmark functions and by testing its performance on 

ELD tasks. 

 The competitiveness of PSA is investigated by 

comparing its performance with five other algorithms 

including FSA, COA, OOA, KOA, and PSO. 

The rest of this article is organized in the following way: 

Section 2 outlines and synthesizes recent research related to 

ED, while Section 3 introduces the proposed PSA, detailing its 

underlying idea, computational procedure, and mathematical 

framework. Section 4 presents the experiment that is 

conducted to investigate the effectiveness and competitiveness 

of PSA including the following results. Section 5 provides 

discussion related to the experiment result, findings, and 

limitations. Section 6 provides an overview of the key findings 

and outlines potential directions for upcoming research. 

 

 

2. RELATED WORKS 
 

There are numerous studies in ED problems. Despites in 

general or standard form, ED problem also has derivatives, 

such as ELD problem [34], unit commitment (UC) problem 

[35], economic emission dispatch (EED) problem [36], 

optimal power flow (OPF) problem [37], and so on. Below is 

the example of some recent studies in the ED problem. 

Hassan et al. [12] employ eagle-strategy supply-demand 

algorithm with chaotic (ESCSDO). ESCSDO is the 

modification of the existing supply demand optimization 

(SDO), which is an algorithm that was developed root in 

economic concept or principle. Hassan et al. [12] introduced 

an approach known as the eagle strategy, designed to guide the 

population closer to optimal candidates while steering it away 

from poor ones. Moreover, as the name suggests, ten chaotic 

maps are introduced to make the convergence process better. 

In their work, the suggested ESCSDO was confronted with 

several algorithms, such as the GA, SDO, and PSO.  

Spea [38] suggested the enhanced version of manta ray 

foraging optimization (MRFO) in his ED study. There are four 

variants related to this enhancement. The first derivative is 

opposition-based MRFO. The second type is quasi-

oppositional MRFO (QMRFO). The third extension of MRFO 

is formulated using an opposition-driven generation-jumping 

strategy (JOMRFO). The fourth version applies to a quasi-

oppositional approach combined with JQMRFO. This 

enhancement originates from three core principles: 

opposition-based learning, quasi-oppositional learning, and 

the jumping rate mechanism. Opposition-based learning is a 

mechanism for exploration within the solution space by 

implementing the opposite numbers or points. Meanwhile, 

quasi-oppositional learning is the variant of opposition-based 

learning by converting the standard version of opposition-

based learning which is deterministic into stochastic so that the 

opposite number within space is not static. In the generation 

jumping, oppositional action is conducted root in the 

stochastic parameter called probabilistic jumping rate. If a 

generated random number between 0 and 1 is less than this 

jumping rate, then the oppositional action is taken whether it 

is oppositional learning or quasi-oppositional learning. 

Otherwise, the oppositional action is not taken so that the 

solution stays in its current location. Overall, this 

improvement is designed to avoid the local optimal. 

Nagarajan et al. [39] introduced a refined variant of the 

cheetah optimization method, termed the Enhanced Cheetah 

Optimizer Algorithm (ECOA), designed to address the 

economic dispatch (ED) problem. The improvement of the CO 

was conducted through several mechanisms. The normal 

distribution for the step size during the searching strategy is 

replaced by the sine map. Still during the searching strategy, 

the factor that is controlled by the iteration is replaced by using 

the gap between the agent and the selected agent. Meanwhile, 

during the attacking strategy, the normal distribution is 

replaced with the Levy flight. In this work, the suggested 

ECOA is confronted with several algorithms, such as the 

improved version of PSO, grey wolf optimization, and the 

standard form of CO. 

Hassan et al. [40] suggested the improved version of white 

shark optimization (WSO) called leader white shark 
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optimization (LWSO) to solve the ELD problems. This 

improvement is also designed to avoid the local optimal. The 

improvement is conducted root in the mechanism called 

leader-based mutation selection. In the classic WSO, there are 

two best solutions that are used as references, including the 

global best and the local best. Conversely, in LWSO, the 

references are the best solution, the second-best solution, and 

the third best solution. This leader-based solution is generated 

after the agent moves using the standard WSO. Then, this 

leader-based solution is used to replace the location of the 

agent after conducting searches, only if this leader-based 

solution is better than the previous ones. In this work, the 

LWSO is confronted with the standard WSO, northern 

goshawk optimization (NGO), GJO, and so on. 

Tariq et al. [41] introduced the Directional Bat Algorithm 

(DBA) as an enhanced variant of the traditional Bat Algorithm 

(BA) for addressing ELD tasks. Unlike DBA, the conventional 

BA typically produces candidate solutions by performing a 

stochastic walk in the neighborhood of the current best 

candidate. When the random walk process does not yield 

progress, one candidate is chosen at random from the 

population and evaluated against the newly generated 

candidate. Whichever of the two performs better will replace 

the current solution. In the context of the DBA, an agent may 

follow two possible routes: moving closer to the global best 

solution or carrying out a localized exploration. In this study, 

the DBA approach is assessed in comparison with three 

alternative methods, namely the baseline DBA, PSO, and GA. 

Secui et al. [42] introduced an enhanced variant of the social 

group optimization (SCO) technique, referred to as chaotic 

social group optimization (CSCO), to address the ELD 

problem. The refinement was accomplished through the 

incorporation of five different chaotic mapping strategies into 

the conventional SCO framework. These maps include double, 

logistic, iterative, singer, and cat. In general, the procedure of 

CSCO is the same as the standard CSCO. But, in CSCO, these 

logistic maps are used to replace the random numbers that are 

used during the initialization, improving stage, and acquiring 

phase. In its standard form of SCO, the random numbers 

follow uniform distribution. In this work, the CSCO was 

confronted with many algorithms, such as Jaya algorithm, 

PSO, GA, and TSA. 

In general, several use cases are used in every study. Many 

of these studies used common cases or systems. Singh et al. 

[43] evaluated their approach on three scenarios, namely 

networks with 6, 13, and 15 generating units. In contrast, Secui 

et al. [42] carried out experiments on five configurations 

consisting of systems with 10, 20, 30, 40, and 50 units. Zein et 

al. [14] examined three alternatives corresponding to 10-, 13-, 

and 40-unit arrangements. Meanwhile, Hassan et al. [12] 

investigated four different test systems that involved 6, 13, 15, 

and 40 units. 

Many ED studies also employed their own considerations 

or additional parameters. Hassan et al. [12] incorporate the 

influence of valve-point loading into the formulation of the 

cost objective. In addition, restrictions such as ramp-rate 

constraints and prohibited zones are applied, which compress 

the feasible operating region compared to the theoretical case. 

The ramp rate limit is introduced to avoid the power of 

generator jumping too high or falling too low in the next time 

frame. The prohibited operating zone is introduced because of 

the vibration on the shaft bearing. This VPLE aspect is also 

considered in Zein’s work [14]. Power loss is considered in the 

studies by Hassan et al. [12] so that the output must equal the 

summation of the demand and power loss. In the study by 

Tariq et al. [41] the thermal generators are combined with the 

solar and wind powered generators, where the cost function 

does not follow the quadratic equation. In the wind and solar 

power generators, the cost comes from operation and 

maintenance. Puspitasari et al. [13] formulated the objective 

function by merging fuel expenses with emission-related costs, 

thereby transforming the ED task into what is known as the 

EED problem. 

This short review shows that there are numerous variations 

in ED studies. These variations may come from several aspects, 

including cases, considerations, and the optimization tools. As 

mentioned previously, most of these studies used existing 

metaheuristic algorithms, particularly in their improvised form. 

On the other hand, only a few studies investigate ED problems 

but also introduce a new metaheuristic algorithm in single 

paper. Root in this circumstance, this study proposes a new 

metaheuristic algorithm and using ED problems as cases 

despites the standard functions. 

  

 

3. MODEL 
 

3.1 Suggested PSA model 

 

This suggested PSA is established as a metaphor-free 

technique. Root in its name, there are two key terms which are 

push and spread. Push represents exploitation while spread 

represents exploration. Within SI, PSA functions as a 

foundational method where multiple agents collaborate 

collectively, resembling a swarm, to carry out a guided 

exploration. PSA is also established as a multiple-search 

technique. PSA accommodates multiple references including 

the biggest agent, the bigger agents, the smaller agents, and the 

boundary. The passage toward the biggest agent and the bigger 

agents represents exploitation. Conversely, the passage 

avoiding the smaller agents and toward the boundary 

represents exploration. 

There are six actions that can be conducted by each agent. 

These actions are accommodated into two stages in every 

iteration during the initial phase, the agent is allowed to choose 

among three possible operations: the first, the second, or the 

third. In the following phase, the available options shift, and 

the agent can instead select from the fourth, fifth, or sixth 

operation. The probability of becoming the picked action is 

equal among three actions.  

Details and sequence of these six actions are provided 

below: (1) The initial movement is directed solely toward the 

dominant or biggest agent. (2) Subsequently, the process 

evolves into gradual advancements encompassing all 

relatively bigger agents, including the biggest one. (3) In the 

third stage, the orientation is selectively targeted toward a 

single agent chosen from the collective of bigger agents 

together with the biggest agent. (4) The fourth stage represents 

a composite mechanism, either combining progression toward 

both the biggest agent and a selected agent or integrating 

advancement toward the biggest agent with simultaneous 

avoidance of the selected agent. (5) Finally, the fifth stage 

involves incremental advancement toward all bigger agents 

while explicitly excluding interactions with smaller agents. (6) 

The sixth action is the passage toward the upper boundary or 

lower boundary.  
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Figure 1. Illustration of six actions in PSA 

 

The visualization of these actions is provided in Figure 1. 

The black dot represents the agent. The red dot represents the 

biggest agent. The yellow dots represent the bigger agent. The 

blue dots represent the other agents. The black bars represent 

the boundaries. 

Algorithm 1 together with Eqs. (1)-(23) describe the 

structured representation of PSA. While the algorithmic steps 

are outlined in the form of pseudocode, the mathematical 

operations underlying the procedure are expressed in Eqs. (1)-

(23). 

 

𝑋 = {𝑥1, 𝑥2, … , 𝑥𝑛} (1) 

 

𝑥𝑖 = {𝑥𝑖,1, 𝑥𝑖,2, 𝑥𝑖,3, … , 𝑥𝑖,𝑚} (2) 

 

Eq. (1) and Eq. (2) formalize the establishment of the swarm. 

Eq. (1) defines the establishment of the swarm that consists of 

certain number of agents. Eq. (2) defines the establishment of 

each agent that contains certain number of values where each 

value represents the position in a dimension. 

 

𝑥𝑖,𝑗 = 𝑏𝑙𝑜𝑤,𝑗 + 𝑟1(𝑏𝑢𝑝,𝑗 − 𝑏𝑙𝑜𝑤,𝑗) (3) 

 

𝑥𝑏𝑔𝑡
′ = {

𝑥𝑖 , min (𝑓(𝑥𝑖), 𝑓(𝑥𝑏𝑔𝑡)) = 𝑓(𝑥𝑖)

𝑥𝑏𝑔𝑡 , min (𝑓(𝑥𝑖), 𝑓(𝑥𝑏𝑔𝑡)) = 𝑓(𝑥𝑏𝑔𝑡)
 (4) 

 

Eq. (3) and Eq. (4) formalize the processes in the 

initialization phase. Eq. (3) defines the initial solution or value 

of the agent is uniformly located in the solution space. Then, 

Eq. (4) is used for the update of the biggest agent root in the 

value of the agent. The updating process of the biggest agent 

also occurs at every stage during the iteration. 

 

𝑎1,𝑖,𝑗 = 𝑥𝑖,𝑗 + 𝑟1(𝑥𝑏𝑔𝑡,𝑗 − 2𝑥𝑖,𝑗) (5) 

 

𝑃𝑖 = {∀𝑥𝑘 ∈ 𝑋|min(𝑓(𝑥𝑘), 𝑓(𝑥𝑖)) = 𝑓(𝑥𝑘)} ∪ 𝑥𝑏𝑔𝑡 (6) 

 

𝑎2,𝑖,𝑗 = 𝑥𝑖,𝑗 +
∑ 𝑟1(𝑝𝑖,𝑘,𝑗 − 2𝑥𝑖,𝑗)
𝑛(𝑃𝑖)
𝑘=1

𝑛(𝑃𝑖)
 (7) 

 

𝑥𝑠𝑒𝑙1,𝑖 = 𝑟2(𝑃𝑖) (8) 

 

𝑎3,𝑖,𝑗 = 𝑥𝑖,𝑗 + 𝑟1(𝑥𝑠𝑒𝑙,𝑖,𝑗 − 2𝑥𝑖,𝑗) (9) 

 

𝑥𝑠𝑒𝑙2,𝑖 = 𝑟2(𝑋) (10) 

 

𝑎𝑠1,𝑖,𝑗 = 𝑟3(𝑥𝑏𝑔𝑡,𝑗 − 2𝑥𝑖,𝑗) (11) 

 

𝑎𝑠2,𝑖,𝑗 = 𝑟3(𝑥𝑠𝑒𝑙2,𝑖,𝑗 − 2𝑥𝑖,𝑗) (12) 

 

𝑎𝑠3,𝑖,𝑗 = 𝑟3(𝑥𝑖,𝑗 − 𝑥𝑠𝑒𝑙2,𝑖,𝑗) (13) 

 
𝑎4,𝑖,𝑗

= {
𝑥𝑖,𝑗 + 𝑎𝑠1.𝑖.𝑗 + 𝑎𝑠2,𝑖,𝑗 , min(𝑓(𝑥𝑖), 𝑓(𝑥𝑠𝑒𝑙2)) = 𝑓(𝑥𝑠𝑒𝑙2)

𝑥𝑖,𝑗 + 𝑎𝑠1.𝑖.𝑗 + 𝑎𝑠3,𝑖,𝑗 , min(𝑓(𝑥𝑖), 𝑓(𝑥𝑠𝑒𝑙2)) = 𝑓(𝑥𝑖)
 

(14) 

 

𝑊𝑖 = {∀𝑥𝑘 ∈ 𝑋|min(𝑓(𝑥𝑘), 𝑓(𝑥𝑖)) = 𝑓(𝑥𝑖)} (15) 

 

𝑎𝑠4,𝑖,𝑗 = ∑ 𝑟1(𝑝𝑖,𝑘,𝑗 − 2𝑥𝑖,𝑗)

𝑛(𝑃𝑖)

𝑘=1

 (16) 

 

𝑎𝑠5,𝑖,𝑗 = ∑ 𝑟1(𝑥𝑖,𝑗 −𝑤𝑖,𝑘,𝑗)

𝑛(𝑊𝑖)

𝑘=1

 (17) 

 

𝑎5,𝑖,𝑗 = 𝑥𝑖,𝑗 +
𝑎𝑠4,𝑖,𝑗 + 𝑎𝑠5,𝑖,𝑗

𝑛(𝑋)
 (18) 
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𝑎6,𝑖,𝑗 = {
𝑥𝑖,𝑗 + 𝑟1(𝑏𝑢𝑝,𝑗 − 𝑥𝑖,𝑗), 𝑟1 < 0.5

𝑥𝑖,𝑗 + 𝑟1(𝑥𝑖,𝑗 − 𝑏𝑙𝑜𝑤,𝑗), 𝑟1 ≥ 0.5
 (19) 

 

Eqs. (5)-(19) describe the framework of six possible 

operations available to every agent. Specifically, Eq. (5) 

introduces the initial operation, while Eq. (6) specifies the 

creation of a pool that gathers all larger agents together with 

the single largest one. Eq. (7) defines the second action. Eq. (8) 

defines the random selection of an agent from the pond 

containing bigger agents. Eq. (9) defines the third action. Eq. 

(10) defines the random selection of an agent from the swarm. 

Eqs. (11)-(13) specify three components of the fourth 

operation, namely moving in the direction of the biggest agent, 

advancing toward the selected agent, and shifting away from 

the selected agent. Eq. (14) defines the fourth action. Eq. (15) 

defines the establishment of the pond containing all smaller 

agents. Eq. (16) and Eq. (17) defines the two parts that are used 

in the fifth action, which are the passage toward all bigger 

agents and the passage avoiding all smaller agents. Eq. (18) 

defines the fifth action. Eq. (19) defines the sixth action. 

 

𝑐1,𝑖 = {

𝑎1,𝑖 , 𝑟1 ≤ 0.33

𝑎2,𝑖 , 0.33 < 𝑟1 ≤ 0.67

𝑎3,𝑖 , 𝑟1 > 0.67
 (20) 

 

𝑥𝑖
′ = {

𝑐1,𝑖 , min (𝑓(𝑐1,𝑖), 𝑓(𝑥𝑖)) = 𝑓(𝑐1,𝑖)

𝑥𝑖 , min (𝑓(𝑐1,𝑖), 𝑓(𝑥𝑖)) = 𝑓(𝑥𝑖)
 (21) 

 

𝑐2,𝑖 = {

𝑎4,𝑖 , 𝑟1 ≤ 0.33

𝑎5,𝑖 , 0.33 < 𝑟1 ≤ 0.67

𝑎6,𝑖 , 𝑟1 > 0.67
 (22) 

 

𝑥𝑖
′ = {

𝑐2,𝑖 , min (𝑓(𝑐2,𝑖), 𝑓(𝑥𝑖)) = 𝑓(𝑐2,𝑖)

𝑥𝑖 , min (𝑓(𝑐2,𝑖), 𝑓(𝑥𝑖)) = 𝑓(𝑥𝑖)
 (23) 

 

Algorithm 1. Push spread algorithm 

1 start 

2  for i=1 to n(X)  

3   initialize xi using Eq. (3) 

4   update xbgt using Eq. (4) 

5  stop for 

6  for t=1 to T 

7   for i=1 to n(X) 

8    generate c1,i using Eq. (20) 

9    update xi using Eq. (21) and xbgt using Eq. (4) 

10    generate c1,i using Eq. (22) 

11    update xi using Eq. (23) and xbgt using Eq. (4) 

12   stop for 

13  stop for 

14  return xbgt 

15 stop 

 

Eqs. (20)-(23) define the establishment of the first and 

second candidates, including the update of the agent root in 

these candidates. Eq. (20) defines the establishment of the first 

solution candidate root in the first, second, or third. Eq. (21) 

defines the update of the agent root in the first candidate 

representing the first stage. Eq. (22) defines the establishment 

of the second solution candidate root in the fourth, fifth, or 

sixth action. Eq. (23) defines the update of the agent root in 

the second candidate representing the second stage. 

The pseudocode of PSA is presented in Algorithm 1. Lines 

2–5 describe the setup phase, while lines 6–13 outline the 

repetitive process. The outcome is the optimal solution 

obtained. In Algorithm 1, the initialization stage involves 

cycling through the entire swarm. During the iteration phase, 

two nested loops are present: the outer one continues until the 

maximum number of iterations is reached, and the inner one 

goes through all swarm members as each individual performs 

its search activity. 

There are two more loops in every stage. During the initial 

iteration, the system attempts to identify every participant in 

the swarm to establish a pool. However, this detection is not 

assured, since in the opening stage the chance of it occurring 

is roughly 67%, while in the following stage the likelihood 

decreases to about 33%. Then, there is an additional loop in 

every searching process that runs for whole dimension. Root 

in this explanation, the complexity during the initialization is 

presented as O(nd) while the complexity during the iteration is 

presented as O(n2dT). 

 

3.2 Model of the ELD problem 

 

This work employs the standard ELD problem. In general, 

the goal is minimizing the total fuel cost or operation cost 

where the cost function of each generator is presented in 

quadratic function. Then, there are two constraints. The 

restriction on inequality ensures that every generator operates 

only within its designated power limits. In contrast, the 

equality condition requires that the overall generated power 

exactly matches the predetermined demand. The conventional 

formulation of the ELD problem is expressed mathematically 

in Eqs. (24)-(29). 

 

𝑜𝐸𝐿𝐷 = min⁡(𝑒𝑡𝑜𝑡) (24) 

 

𝑒𝑡𝑜𝑡 = ∑ 𝑒(𝑔𝑗)

𝑛(𝐺)

 (25) 

 

𝑒(𝑔𝑗) = 𝑠1,𝑗𝑔𝑗
2 + 𝑠2,𝑗𝑔𝑗 + 𝑠3,𝑗 (26) 

 

𝑔𝑡𝑜𝑡 = 𝑔𝑑𝑒𝑚𝑎𝑛𝑑 (27) 

 

𝑔𝑡𝑜𝑡 = ∑ 𝑔𝑗
𝑛(𝐺)

 (28) 

 

𝑔𝑚𝑖𝑛,𝑗 ≤ 𝑔𝑗 ≤ 𝑔𝑚𝑎𝑥,𝑗 (29) 

 

The discussion that follows covers Eqs. (24)-(29). In Eq. 

(24), the main objective is expressed as reducing the overall 

expenditure. Meanwhile, Eq. (25) specifies that the sum of 

expenses from every generator constitutes this total cost. Eq. 

(26) defines the quadratic function as the cost function of each 

generator. Eq. (27) defines the equality constraint. Eq. (28) 

defines the accumulation of power from all generators to 

create the total power. Eq. (29) defines the inequality 

constraint. 

 

 

4. EXPERIMENT AND RESULT 

 

The effectiveness of PSA is investigated through its 

implementation to solve optimization problems. In this paper, 

the theoretical problems are represented by the 23 standard 

functions while the practical problems are represented by two 
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cases of ELD problem. In this investigation, PSA is compared 

with five other metaheuristic algorithms, including FSA [23], 

COA [15], OOA [17], KOA [16], and PSO [44]. Throughout 

the experiment, each method was executed with a group 

consisting of five agents and was allowed to progress for up to 

twenty iterations. This setting is applied in both standard 

functions and ELD problems.  

In both cases, the swarm size is 5 while the maximum 

iteration is 20. This setting is designed to investigate the 

performance of the algorithms to achieve optimal or quasi-

optimal results in the limited computational environment. 

Despite the concern of producing the convergence too soon, 

achieving fast optimal solution is still needed. 

The 23 standard functions are picked due to their coverage. 

A total of 23 benchmark functions is categorized into three 

distinct classes. The first class includes seven unimodal 

problems in high-dimensional space, mainly used to assess the 

algorithm’s ability to perform exploitation. The second class 

is made up of six high-dimensional multimodal problems that 

serve to evaluate exploration capability. The last class contains 

ten multimodal problems with fixed dimensionality, aimed at 

analyzing how well an algorithm maintains a balance between 

exploration and exploitation. For the high-dimensional cases, 

the dimensionality is set at 50. The outcomes are summarized 

in Tables 1-4, while Figure 2 illustrates their visual 

representation. The detailed description of these functions can 

be found in a previous study [33], including the function 

declaration, dimension, and boundaries. 

 

    
F1 F2 F3 F4 

    
F5 F6 F7 F8 

    
F9 F10 F11 F12 

    
F13 F14 F15 F16 

    
F17 F18 F19 F20 
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Figure 2. Visualization of the average score on solving 23 functions 

 

Table 1. Result of solving seven HDUFs 

 
F Parameter FSA [23] COA [15] OOA [17] KOA [16] PSO [44] PSA 

1 

Mean 4.936 × 104 2.094 0.748 0.574 4.524 × 104 0.000 

Std. deviation 8.856 × 103 1.432 0.776 0.308 7.255 × 103 0.000 

Mean rank 6 4 3 2 5 1 

2 

Mean 0.000 0.000 0.000 0.000 5.115 × 1060 0.000 

Std. deviation 0.000 0.000 0.000 0.000 1.935 × 1061 0.000 

Mean rank 1 1 1 1 6 1 

3 

Mean 1.490 × 105 6.839 × 103 4.539 × 103 9.573 × 103 4.093 × 105 0.000 

Std. deviation 6.283 × 104 8.098 × 103 3.398 × 103 7.119 × 103 3.362 × 105 0.000 

Mean rank 5 3 2 4 6 1 

4 

Mean 7.050 × 101 3.963 1.574 5.607 6.561 × 101 0.000 

Std. deviation 7.229 1.001 0.590 1.524 × 101 5.243 0.000 

Mean rank 6 3 2 4 5 1 

5 

Mean 1.065 × 108 1.192 × 102 5.723 × 101 5.693 × 101 8.654 × 107 4.896 × 101 

Std. deviation 9.648 × 107 4.531 × 101 5.947 5.332 2.190 × 107 0.016 

Mean rank 6 4 3 2 5 1 

6 

Mean 4.432 × 104 1.485 × 101 1.158 × 101 1.144 × 101 4.247 × 104 1.119 × 101 

Std. deviation 9.648 × 103 1.596 0.810 0.594 5.860 × 103 0.405 

Mean rank 6 4 3 2 5 1 

7 

Mean 8.482 × 101 0.068 0.049 0.037 6.687 × 101 0.008 

Std. deviation 3.072 × 101 0.033 0.021 0.019 2.624 × 101 0.005 

Mean rank 6 4 3 2 5 1 

 

Table 2. Result of solving six HDMFs 

 
F Parameter FSA [23] COA [15] OOA [17] KOA [16] PSO [44] PSA 

8 

Mean -3.539 × 103 -4.441 × 103 -4.148 × 103 -3.935 × 103 -2.665 × 103 -3.140 × 103 

Std. deviation 7.082 × 102 7.146 × 102 5.766 × 102 5.725 × 102 7.138 × 102 3.952 × 102 

Mean rank 4 1 2 3 6 5 

9 

Std. deviation 5.658 × 102 5.350 1.174 7.069 5.745 × 102 0.000 

Range 3.455 × 101 6.095 2.155 8.218 3.158 × 101 0.000 

Mean rank 5 3 2 4 6 1 

10 

Mean 1.944 × 101 0.575 0.192 0.815 1.858 × 101 0.000 

Std. deviation 0.810 0.208 0.082 2.339 0.364 0.000 

Mean rank 6 3 2 4 5 1 

11 

Mean 4.416 × 102 0.528 0.133 0.187 4.198 × 102 0.000 

Std. deviation 9.894 × 101 0.309 0.171 0.165 6.925 × 101 0.000 

Mean rank 6 4 2 3 5 1 

12 

Mean 1.343 × 108 1.205 1.067 1.143 1.022 × 108 1.137 

Std. deviation 6.048 × 107 0.185 0.154 0.111 5.567 × 107 0.110 

Mean rank 6 4 1 3 5 2 

13 

Mean 2.923 × 108 4.155 3.532 3.544 2.547 × 108 3.136 

Std. deviation 1.578 × 108 0.593 0.165 0.160 8.511 × 107 0.001 

Mean rank 6 4 2 3 5 1 

 

Table 3. Result of solving ten FDMFs 

 
F Parameter FSA [23] COA [15] OOA [17] KOA [16] PSO [44] PSA 

14 

Mean 2.129 × 101 4.936 8.277 9.162 5.185 × 101 9.398 

Std. deviation 2.731 × 101 3.644 3.231 5.191 1.055 × 102 3.421 

Mean rank 5 1 2 3 6 4 

15 

Std. deviation 0.035 0.007 0.004 0.005 0.767 0.004 

Range 0.026 0.011 0.004 0.007 0.834 0.005 

Mean rank 5 4 1 3 6 1 
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16 

Mean -0.443 -1.030 -1.026 -1.021 1.429 -0.978 

Std. deviation 0.858 0.001 0.010 0.013 6.011 0.098 

Mean rank 5 1 2 3 6 4 

17 

Mean 2.277 0.399 0.402 0.402 9.730 0.736 

Std. deviation 3.422 0.002 0.010 0.004 1.129 × 101 0.346 

Mean rank 5 1 2 2 6 4 

18 

Mean 4.277 × 101 5.172 7.138 3.103 1.717 × 102 1.130 × 101 

Std. deviation 3.513 × 101 6.273 9.761 0.249 2.135 × 102 1.556 × 101 

Mean rank 5 2 3 1 6 4 

19 

Mean -0.007 -0.049 -0.049 -0.049 -0.001 -0.049 

Std. deviation 0.013 0.000 0.000 0.000 0.003 0.000 

Mean rank 5 1 1 1 6 1 

20 

Std. deviation -1.816 -3.093 -3.068 -3.142 -1.411 -2.083 

Range 0.778 0.124 0.144 0.074 0.712 0.415 

Mean rank 5 2 3 1 6 4 

21 

Mean -1.308 -5.189 -2.829 -4.166 -0.585 -1.781 

Std. deviation 1.242 2.379 1.320 1.321 0.263 0.951 

Mean rank 5 1 3 2 6 4 

22 

Mean -1.552 -4.623 -3.353 -4.352 -0.643 -1.848 

Std. deviation 0.812 2.283 1.735 1.265 0.209 0.979 

Mean rank 5 1 3 2 6 4 

23 

Mean -1.528 -3.852 -2.540 -3.971 -0.866 -2.468 

Std. deviation 0.957 1.687 1.032 1.578 0.271 1.191 

MEAN rank 5 2 3 1 6 4 

 

Table 4. Summary results of the supremacy of PSA in solving 23 functions 

 
Group FSA [23] COA [15] OOA [17] KOA [16] PSO [44] 

1 6 6 6 6 7 

2 5 5 4 5 6 

3 10 1 0 1 10 

Total 21 12 10 12 23 

 

Although PSA remains competitive for fixed-dimension 

multimodal functions, it does not outperform other methods, 

as illustrated in Table 3. PSA ranks fourth in ten functions 

(F14, F16–F18, F20–F23) and holds the top position in two 

functions (F15 and F19). In the case of F15, OOA matches 

PSA’s performance. For F19, PSA shares the highest score 

with three additional algorithms: COA, OOA, and KOA. 

Across all ten functions, PSO consistently yields the poorest 

outcomes, while FSA ranks just above it with the second-

lowest performance. The difference among algorithms in each 

function is also narrow, except in F15. 

Table 4 highlights PSA’s strong performance across 23 

benchmark functions. Compared to other methods, PSA 

outperforms FSA in 21 functions, COA in 12, OOA in 10, 

KOA in 12, and PSO in all 23 cases. Root in this result, PSA 

is better than FSA and PSO in three groups of functions. 

Meanwhile, PSA is better than COA, OOA, and KOA only in 

the high-dimensional functions. 

There are two cases of ELD problem that are used in this 

research. In the initial scenario, a system composed of six units 

is analysed, whereas the subsequent scenario involves a 

system with ten units. The detailed description of the six-unit 

system can be found in reference [12], while the ten-unit 

system can be found in reference [41]. This description 

includes the cost constant and power range for the generating 

units. The outcomes are summarized in Tables 5-8. 

Specifically, Tables 5 and 6 present the findings for the six-

unit configuration, while Tables 7 and 8 display the results for 

the ten-unit system. Table 5 and Table 7 provide five 

parameters for the result for the total cost, including average 

standard deviation, minimum, maximum, and mean rank. On 

the other hand, Table 6 and Table 8 provide the detailed results 

for the best scenario for every algorithm: the power that is 

produced by every generator and the total cost root in this 

scenario.  

The findings indicate that PSA performs effectively in 

addressing both scenarios of the ELD challenge. PSA is placed 

in the third rank in the 6-unit system and in the fourth rank in 

the 10-unit system. KOA becomes the best algorithm in the 6-

unit system while OOA becomes the best algorithm in the 10-

unit system. FSA becomes the second-worst algorithm in both 

systems, while PSO becomes the worst algorithm in both 

systems. The result also shows the very competitive 

circumstances in handling both cases, as the difference among 

algorithms is very narrow. 

 

Table 5. Result of solving 6-unit system 

 
Algorithm Average ($) Std-dev ($) Min ($) Max ($) Rank 

FSA [23] 12,230 77 12,157 12,487 5 

COA [15] 12,157 3 12,152 12,164 2 

OOA [17] 12,185 17 12,161 12,234 4 

KOA [16] 12,156 3 12,151 12,167 1 

PSO [44] 12,262 47 12,215 12,399 6 

PSA 12,172 12 12,155 12,201 3 
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Table 6. Best result of solving 6-unit system 

 
Parameter FSA [23] COA [15] OOA [17] KOA [16] PSO [44] PSA 

G1 (MW) 500 500 500 500 492 500 

G2 (MW) 183 151 179 156 151 166 

G3 (MW) 260 261 270 251 222 240 

G4 (MW) 107 119 120 116 112 104 

G5 (MW) 158 156 144 166 185 168 

G6 (MW) 55 76 50 74 101 85 

Cost ($) 12,157 12,152 12,161 12,151 12,215 12,155 

 

Table 7. Result of solving 10-unit system 

 
Algorithm Average ($) Std-dev ($) Min ($) Max ($) Rank 

FSA [23] 97,284 2,262 95,669 105,847 5 

COA [15] 96,132 345 95,686 97,181 3 

OOA [17] 95,894 182 95,685 96,381 1 

KOA [16] 96,050 303 95,673 96,881 2 

PSO [44] 99,898 3,107 96,892 106,577 6 

PSA 96,739 737 95,842 98,694 4 

 

Table 8. Best result of solving 10-unit system 

 
Parameter FSA [23] COA [15] OOA [17] KOA [16] PSO [44] PSA 

G1 (MW) 37 40 33 31 83 23 

G2 (MW) 50 46 45 51 58 45 

G3 (MW) 188 178 186 189 165 168 

G4 (MW) 132 143 136 131 109 141 

G5 (MW) 10 10 14 12 20 10 

G6 (MW) 10 10 10 10 16 10 

G7 (MW) 23 23 23 23 23 23 

G8 (MW) 26 29 28 30 46 33 

G9 (MW) 23 23 23 23 23 23 

G10 (MW) 117 114 118 116 73 140 

Cost ($) 95,669 95,686 95,685 95,673 96,892 95,842 

 

 

5. DISCUSSION 

 

In general, the findings indicate that PSA can be considered 

a viable approach for optimization tasks. The result shows that 

the exploration and exploitation capabilities of PSA are 

superior while its balancing competence between both 

exploitation and exploration is competitive. Meanwhile, PSA 

is absolute superior compared to FSA and PSO. 

The performance gap among algorithms when applied to 23 

benchmark functions is closely linked to the variation 

observed between their top and bottom outcomes. Specifically, 

for high-dimensional unimodal functions, six of them (F1–F6) 

exhibit a substantial disparity between the highest and lowest 

results, whereas F7 shows only a slight difference. The 

difference between the best and worst results is wide in three 

functions (F8, F11, and F12), moderate in two functions (F9 

and F10), and narrow in F13. In the case of fixed-dimension 

multimodal functions, four functions (F14, F15, F17, and F18) 

exhibit a large gap between their highest and lowest outcomes, 

whereas six functions (F16, F19–F23) show only a small 

variation. This observation highlights the tendency for high-

dimensional functions to produce widely varying results, 

while functions with a fixed dimension generally yield more 

consistent outcomes. 

The superiority of PSA in handling high dimension 

functions can also be traced root in the nature of the terrain in 

high dimension functions. In general, the terrain of these high 

dimension functions is clear except in F8. Moreover, the 

global optimal also lies in the area in the center of the solution 

space, except in F8. In F8, the general terrain is very wavy and 

the trend for the location of the global optimal is ambiguous 

so that it is difficult to trace. Conversely, in multimodal 

problems with a fixed number of variables, the landscape tends 

to be less clear, typically resembling a level surface where the 

region containing the global optimum is extremely limited. It 

makes it difficult for the algorithm with stringent acceptance 

approach to improve its solution as the probability for 

improvement is low so that the probability of an agent staying 

in its current location is high due to high probability of 

stagnation. 

Very competitive situation in the ELD problems can be 

related to the constraints. As provided in reference [12], the 

demand for the 6-unit system is 1,263 MW. Meanwhile the 

minimum total power is 300 MW while the maximum total 

power is 1,470 MW. It means that the demand is 86 percent of 

the maximum total power while the minimum total power is 

26 percent of the maximum total power. It means that although 

the power range is wide enough, the actual solution space is 

narrow as almost all generators must be set near their 

maximum power. Moreover, the maximum power of generator 

G1 is 500 MW which is almost one-third of the maximum total 

power so that it is impossible for the power of G1 to be set 

low. The same circumstance also occurs in the 10-unit system. 

The demand is 616 MW. On the other hand, the minimum total 

power is 271.25 MW while the maximum total power is 1,094 

MW. It means that the demand is 56 percent of the maximum 

total power while the minimum total power is 25 percent of 

the maximum total power. It makes the actual solution space 

of the 10-unit system narrow too although it is not so narrow 

as the 6-unit system. Wider actual solution space in 10-unit 
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system rather than the 6-unit system makes the standard 

deviation of the result in 10-unit system is much higher than 

the 6-unit system. This fact shows that in the ELD problem, 

the actual solution space becomes more dominant than the 

algorithm which makes even the superior algorithm lose its 

superiority in handling ELD problems. 

 

 

6. CONCLUSIONS 

 

This research has provided a new metaheuristic-algorithm 

called PSA. It has specific nature including free from 

metaphor and multiple-search approach. Detailed description 

and investigation of its effectiveness also have been provided. 

The findings indicate that PSA outperforms FSA, COA, OOA, 

KOA, and PSO in 21, 12, 10, 12, and 23 of the 23 tested 

functions, respectively. It is concluded that FSA is superior to 

FSA and PSO in most of the 23 functions. PSA is competitive 

in solving both cases of ELD problems as it becomes the third 

best in the 6-unit system and fourth best in the 10-unit system. 

The result also shows that ELD problem is highly competitive 

as there is not any technique that performs superiorly 

compared to other techniques with significant gap.  

In the future, PSA can be implemented to solve numerous 

other ED problems or in the broader context, wider practical 

optimization problems in engineering fields, such as 

manufacturing system, supply chain system, transportation, 

and so on. 
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NOMENCLATURE 

 

a action 

blow lower boundary 

bup upper boundary 

c solution candidate 

d dimension 

e cost 

etot total cost 

f objective function 

g generator or power of generator 

G set of generators 

gmin minimum power 

gmax maximum power 

oELD objective function for ELD problem 

P set of bigger agents 

r1 uniform random [0,1] 

r2 uniform random from a set 

r3 uniform random [0, 0.5] 

s constants for ELD cost function 

x agent 

X set of agents 

xbgt the biggest agent 

xsel selected agent 

t iteration 

T maximum iteration 

W set of smaller agents 

 

Subscripts 

 

 

i index for agent 

j index for dimension or dimension or 

generator 

n cardinality 

m dimension size 
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