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 There have been numerous new metaheuristic algorithms in this decade. 

Unfortunately, the attention on taking stagnation is still less considered so that 

it is difficult to find new metaheuristic algorithms that are enriched with 

stagnation taking mechanism. This work introduces a new method called 

conditional toggle algorithm (CTA). CTA is designed to be adaptive on facing 

enhancement and stagnation during iteration as its novelty. When 

enhancement occurs, the exploitation-focused look is applied. Meanwhile, the 

exploration-focused look is applied when stagnation occurs. The efficacy of 

CTA is then measured by implementing to solve three cases: 23 functions, 4 

engineering design problems, and economic emission dispatch (EED) 

problem in Java-Bali power system in Indonesia. CTA is compared with five 

new metaheuristic algorithms. The evidence provides that CTA is supreme in 

taking high dimension functions and competing in taking fixed dimension 

functions. CTA is also supreme in taking pressure vessel and speed reducer 

design problems and the EED problem. But its performance is average in 

taking welded beam and spring design problems. In the future, CTA can be 

modified with other metaheuristic algorithms to enhance its performance and 

challenged to take broader problems, especially in electrical engineering 

fields. 
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1. INTRODUCTION  

Optimization is a popular subject in engineering area. This subject can be found in the power system, 

manufacture, supply chain, and so on. In the power system, optimization is applied in economic dispatch (ED) 

problem whether it is economic load dispatch (ELD) [1] or EED [2] problem, power system stabilizer [3], unit 

commitment (UC) problem [4], optimal power flow (OPF) [5], and voltage controller [6]. In manufacturing 

system, optimization is needed in assembly planning [7], job-shop scheduling [8], and picker allocation [9]. In 

logistics and transportation system, optimization is needed such as in multi-echelon last mile delivery system 

[10], and meal delivery truck routing [11]. 

In latest years, there are numerous new metaheuristic algorithm. Among them, swarm intelligence 

(SI) becomes the most popular foundation. Many of them are metaphor-based metaheuristics where animal 

behavior becomes the most popular inspiration, such as: pufferfish optimization algorithm (POA) [12], lyrebird 

optimization algorithm (LOA) [13], osprey optimization algorithm (OOA) [14], marine predator algorithm 

(MPA) [15], sea lion optimization (SLnO) [16], white shark optimization (WSO) [17], Komodo mlipir 

https://creativecommons.org/licenses/by-sa/4.0/
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algorithm (KMA) [18], crayfish optimization algorithm (COA) [19], golden jackal optimization (GJO) [20], 

horse herd optimization algorithm (HHOA) [21], red fox optimization (RFO) [22], elk herd optimization 

(EHO) [23], hippopotamus optimization algorithm (HO) [24], and so on. Some of them use individual, social, 

or professional activity for inspiration, such as hiking optimization (HO) [25], and dollmaker optimization 

algorithm (DOA) [26]. Some metaheuristics use natural or mechanical behavior. Fortunately, some of them do 

not use any metaphor, such as golden look optimization (GSO) [27], and fully informed look algorithm  

(FISA) [28]. 

This extensive construction of metaheuristic algorithms is highly connected to the no-free-lunch 

(NFL) theorem. This theory states that no perfect method exists to manage all problems in a superior manner 

[20]. Each method has its own disadvantage as it cannot cover all mechanism. This circumstance becomes the 

motives of many scholars to introduce new algorithms. 

Unfortunately, metaheuristic algorithm that employs adaptive approach to taking both enhancement and 

stagnation is rare to find. Most methods employ the same look or strategy without considering the situation that 

it faces during the optimization process. For example, GSO will always perform directed look following the 

combination of the global and local most prominent particles based on sinusoid step size during the iteration [27]. 

Besides, recent studies that introduced new metaheuristics becomes thicker in the number of pages. Most 

of the portion of the article is spent on excessive evaluation rather than the presentation of the novel approach. 

Meanwhile, the use of these metaheuristic algorithms in the next studies to solve various practical optimization 

problems relied on the novel approach and not the evaluation. For example, the article that introduces HO contains 

50 pages while approximately 36 pages are consumed for the evaluation [24]. 

This work aims to propose a new adaptive algorithm that can take both stagnation and enhancement 

called conditional toggle algorithm (CTA). In general, CTA employs exploitation-focused look when it faces 

enhancement to intensify the trajectory. On the other hand, CTA employs exploration-focused looks when it 

faces stagnation to diversify and finds alternative trajectory. Moreover, below are the novelties, innovations, 

and contributions of this research. 

- It constructs a new metaheuristic that is independent from metaphor and adaptive on taking both 

enhancement and stagnation.  

- It introduces a novel approach where exploitation-focused look is employed during enhancement and 

exploration-focused look is employed during stagnation. 

- Its efficacy is assessed by employing it to solve the 23 functions, four engineering problems, and EED 

problem. 

- The submitted metaheuristic is benchmarked with five new metaheuristic algorithms. 

The arrangement of the following parts of this article is described below. Section 2 summarizes the 

recent studies on the construction of a new algorithm, including their algorithm and the existence of the 

adaptive algorithm. Section 3 delivers the details of the CTA including the idea and formalization. Section 4 

gives the efficacy investigation of CTA including the evaluation scenario, result, comprehensive discussion 

regarding the result, findings, complexity, and limitations. Section 5 gives the conclusion and the suggestion 

for further studies. 

 

   

2. LITERATURE REVIEW 

Metaheuristic algorithms have been known as a popular and advantageous tool for taking optimization 

problems. Its utilization can be found in numerous optimization studies. Some methods are very popular, for 

example: grey wolf optimization (GWO), MPA, particle swarm optimization (PSO), and so on so that they can 

be found anywhere. GWO has been utilized to solve traveling salesman problem (TSP) [29], routing in wireless 

sensor network [30], optimization in solar multigeneration system [31], task scheduling in cloud computing 

[32], and so on. MPA has been used to solve supercapacitor model optimization [33], task scheduling in internet 

of things system [34], and structural damage detection [35]. Meanwhile, OOA has been utilized to optimize 

the short-term power load forecasting [36], and size of hybrid renewable energy system [37]. 

The well-known metaheuristic algorithm arrives from several reasons. First, metaheuristic algorithms 

have advantages as flexible and simple tools so that they can be applied to broad problems with minimum 

customization. This advantage arrives from the nature of metaheuristics as a stochastic and iterative system, 

and moreover, it abstracts the problem by concentrating on the objective function and the constraints while the 

optimization is performed based on the trial-and-error approach [38] with certain rule. Second, there are 

numerous methods that can be chosen, modified, or hybridized to solve the optimization problems. In the end, 

this popularity motivates researchers to develop new metaheuristic algorithm. For example, GWO utilizes three 

best agents called wolves for the target of the motion of all wolves [39]. In GJO, the swarm moves toward two 

best jackals [20]. In COA, the blend of global best and local best crayfish becomes the target [19]. On the other 

hand, in MPA, the agents utilize the local best solution but with various strategies during the iteration [15]. 
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One issue in the development of metaheuristic algorithms is stagnation. Stagnation can be defined as 

the failure of the process to find an enhanced solution than the recent solution. This situation is common due 

to the essence of metaheuristic as a stochastic solution. Despite numerous new methods that have been 

introduced in recent years, most of them do not care about stagnation. In swarm-based metaheuristics, most of 

them still perform same look whether the process faces enhancement or stagnation.  

The second issue is that many recent articles that introduced a new metaheuristic becomes thicker in 

the number of pages. Many of these articles have more than 30 pages. This situation occurs because of the 

excessive evaluation that is carried out to measure the efficacy of the submitted metaheuristic algorithms. On 

the other hand, the portion for the explanation of the submitted method, including the idea, modeling, and 

formalization is too little. Meanwhile, the potential use of an algorithm depends on the novel approach of these 

metaheuristics compared to the previous or other ones while the evaluation is needed to support the submitted 

algorithm. Table 1 gives the existence of the adaptive approach and the thickness of the recent articles 

introducing new metaheuristics. 

 

 

Table 1. Recent studies that introduce a new metaheuristic algorithm 

No. Algorithm Adaptive mechanism 
Number of pages 

Evaluation Algorithm explanation 

1 POA [12] no 42 5 
2 HO [24] no 37 6 

3 HO [25] no 18 2 

4 LOA [13] no 48 5 
5 OOA [14] no 31 4 

6 DOA [26] no 5 2 

7 EHO [23] no 41 7 
8 COA [19] no 41 9 

 

 

Table 1 provides the lack of adaptive mechanism in recent metaheuristics and the excessive portion 

of evaluation in articles that introduce the metaheuristic. This fact gives a chance to develop a new 

metaheuristic that is independent from any metaphor and has ability for adaptation in facing both stagnation 

and enhancement rather than improving the existing ones, for example: adaptive multi-objective genetic 

algorithm based on greedy initialization strategy (AMoGA-GIS) [40], hybrid adaptive genetic algorithm 

(HAGA) [41], and chaotic elite adaptive genetic algorithm (CEAGA) [42]. Moreover, there is a chance to 

present this submitted method in a concise manner, but the evaluation is still appropriate and representative. 

 

 

3. METHOD 

The CTA is developed as swarm intelligence. It contains a collection of autonomous particles. Each 

particle performs looking individually without any mandatory direction from any entity. But the particle 

collaborates with other particles to improve the looking process. 

The core concept of the CTA comes from the adaptability of metaheuristic algorithms during two 

situations: enhancement and stagnation. The enhancement means the solution candidate is superior to the 

particle’s recent solution. Conversely, stagnation means that the solution candidate is not superior to the 

particle’s recent solution. If the particle achieves enhancement in the previous look, then the particle performs 

the exploitation-focused look in the recent look. But if the particle faces stagnation in the previous look, then 

the particle performs an exploration-focused look in the recent look. In CTA, the stringent acceptance method 

is employed. 

CTA is designed as a multiple-look algorithm. There are four looks in CTA. The 1st look is the 

migration following the most prominent particle. The 2nd look is the migration following the middle among the 

more prominent particles plus the most prominent particle. The 3rd look is the migration following a randomly 

taken more prominent particle plus the most prominent particle. The 4th look is the migration relative to a 

randomly taken particle. The visualization of these four looks is given in Figure 1. In Figure 1, the red hexagon 

represents the most prominent particle, the green hexagons represent the more prominent particle, the blue 

hexagons represent the random particle, and the grey hexagons represent the general particles.  

Each particle performs two consecutive stages. In the first stage, the particle may perform the first or 

second look. Meanwhile, in the second stage, the particle may perform the third or fourth look. In the first 

stage, the particle may select the first or second look. Meanwhile, in the second stage, the particle may select 

between the third look or fourth look. In the first stage, the first look represents the exploitation-focused look 

while the second look represents the exploration-focused look. In the second stage, the third look represents 

the exploitation-focused look while the fourth look represents the exploration-focused look. Figure 1(a) 
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visualizes the migration following the most prominent particle. Figure 1(b) visualizes migration following the 

middle among the more prominent particles plus the most prominent particle. Figure 1(c) visualizes migration 

following a randomly taken more prominent particle plus the most prominent particle. Figure 1(d) visualizes 

the migration relative to a randomly taken particle. 

 

 

    
(a) (b) (c) (d) 

 

Figure 1. Visualization of four looks; (a) first look, (b) second look, (c) third look, and (d) fourth look   

 

  

This adaptive mechanism is different from the existing adaptive algorithms. In AMoGA-GIS, the 

adaptive mechanism is performed through a non-uniform mutation during the iteration as selection strategy is 

recorded in every iteration [40]. In HAGA, the probability for mutation and crossover is determined based on 

local and global point of view, rather than the static mechanism as in the standard form [41]. In CEAGA, the 

adaptive mechanism is taken by determining the probability of mutation and crossover dynamically within 

range using the average fitness value and highest fitness value as controllers [42]. 

The formalization of CTA is as follows. The overall procedure is given in Algorithm 1 while the 

procedure in a stage is given in Algorithm 2. Mathematical formulation is given from (1) to (14). The list of 

variables is given in Table 2. All random numbers follow uniform distribution. 

 

 

Table 2. List of variables 
Notations Description 

a Particle 

A Set of particles 
ahst The most prominent particle 

asel1 A randomly taken particle from a pool of more prominent particles plus the most prominent particle 

asel2 A randomly taken particle among swarm 
Apool A pool that contains more prominent particles plus the most prominent particle 

blow Lower boundary 

bhigh Higher boundary 
c Solution candidate 

f Objective function 

p Previous value of particle’s solution 
t Iteration 

tmax Maximum iteration 

U1 Random [0,1] 
U2 Random {1, 2} 

U3 Random among a population 

 

  

As a metaheuristic-optimization, the procedure is split into two phases. The first phase is the 

initialization which lies from lines 2 to 6. Meanwhile, the second phase is the iteration which lies from lines 7 

to 12. As shown in (1) provides that CTA is a swarm that contains certain particles.  

The initialization phase contains three procedures. The first procedure is defining the initial particle 

randomly as in (2). The second procedure is setting the initial status of the particle as presented in (3). The 

third procedure is updating the most prominent particle as presented in (4). 

 

𝐴 = {𝑎1, 𝑎2, 𝑎3, … , 𝑎𝑛}  (1) 

 

𝑎𝑖,𝑗 = 𝑏𝑙𝑜𝑤,𝑗 + 𝑈1(𝑏ℎ𝑖𝑔ℎ,𝑗 − 𝑏𝑙𝑜𝑤,𝑗)  (2) 

 

𝑠𝑖 = 1   (3) 
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𝑎ℎ𝑠𝑡
′ = {

𝑎𝑖 , 𝑓(𝑎𝑖) < 𝑓(𝑎ℎ𝑠𝑡)
𝑎ℎ𝑠𝑡 , 𝑒𝑙𝑠𝑒

   (4) 

 

Algorithm 1. Conditional toggle algorithm 
1 begin 

2   for i=1 : n 

3     setup ai 

4     set si=1 

5     update ahst 

6   end 

7   for t=1: tmax 

8     for i=1: n 

9       perform stage 1 

10       perform stage 2 

11     end 

12   end 

13   return ahst 

14 end 

 

Algorithm 2. Stage procedure 
1 begin 

2   save previous score 

3   if si=1 then 

4     exploitation-focused look 

5   else 

6     exploration-focused look 

7   stringent acceptance 

8   update ahst 

9   update si 

10 end 

 

The iteration is the most complicated phase in CTA. This phase is started by storing the quality of 

recent particles’ solution into a certain buffer variable as provided in (5). As shown in (6) is the first look which 

is the migration following the most prominent particle. As shown in (7) and (8) represent the second look where 

(7) is used as the construction of the pool of more prominent particles plus the most prominent particle while 

(8) provides the migration. As shown in (9) and (10) represent the third look where (9) provides the randomly 

chosen particle from the more prominent pool and (10) provides the migration. As shown in (11) and (12) 

represent the fourth look where (11) represents the random picking and (12) provides the migration relative to 

the target.  

 

𝑝 = 𝑓(𝑎𝑖)   (5) 

 

𝑐𝑖,𝑗 = 𝑎𝑖,𝑗 + 𝑈1(𝑎ℎ𝑠𝑡,𝑗 − 𝑈2𝑎𝑖,𝑗)   (6) 

 

𝐴𝑝𝑜𝑜𝑙,𝑖 = {∀𝑎𝑘 ∈ 𝐴|𝑓(𝑎𝑘) < 𝑓(𝑎𝑖)} ∪ 𝑎ℎ𝑠𝑡   (7) 

 

𝑐𝑖,𝑗 = 𝑎𝑖,𝑗 + 𝑈1(
∑𝑎𝑝𝑜𝑜𝑙,𝑖,𝑘,𝑗

𝑛(𝐴𝑝𝑜𝑜𝑙,𝑖)
− 𝑈2𝑎𝑖,𝑗)   (8) 

 

𝑎𝑠𝑒𝑙1,𝑖 = 𝑈3(𝐴𝑝𝑜𝑜𝑙,𝑖)   (9) 

 

𝑐𝑖,𝑗 = 𝑎𝑖,𝑗 + 𝑈1(𝑎𝑠𝑒𝑙1,𝑖,𝑗 − 𝑈2𝑎𝑖,𝑗)   (10) 

 

𝑎𝑠𝑒𝑙2,𝑖 = 𝑈3(𝐴)  (11) 

𝑐𝑖,𝑗 = {
𝑎𝑖,𝑗 + 𝑈1(𝑎𝑠𝑒𝑙2,𝑖,𝑗 − 𝑈2𝑎𝑖,𝑗), 𝑓(𝑎𝑠𝑒𝑙2,𝑖) < 𝑓(𝑎𝑖)

𝑎𝑖,𝑗 + 𝑈1(𝑎𝑖,𝑗 − 𝑎𝑠𝑒𝑙2,𝑖,𝑗), 𝑒𝑙𝑠𝑒
   (12) 

 

The next two procedures are employed to complete the phase. These procedures are acceptance and 

updating the status. As shown in (13) provides the stringent acceptance method while (14) formalizes the 

updating of the status of the particle. Then, (14) is used to update the status of the particle. If the enhancement 

occurs, then the status is 1. It means, the next look will be the exploitation-focused look. Contrary, if stagnation 

occurs, then the status is 0. It means that the next look will be the exploration-focused look. 
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𝑎𝑖
′ = {

𝑐𝑖 , 𝑓(𝑐𝑖) < 𝑓(𝑎𝑖)
𝑎𝑖 , 𝑒𝑙𝑠𝑒

  (13) 

 

𝑠𝑖 = {
1, 𝑓(𝑎𝑖) < 𝑓(𝑝)

0, 𝑒𝑙𝑠𝑒
   (14) 

 

 

4. RESULTS AND DISCUSSION 

This part delivers the efficacy investigation of CTA and the discussion regarding its result. This 

section is divided into two sub sections. The first sub section gives the investigation scenario and its result. 

Meanwhile, the second sub section gives rigorous conversation regarding the result, findings, and limitations. 

 

4.1.  Experiment and result 

The investigation is carried out by implementing CTA to solve three use cases. The first use case is 

23 functions which represent the unconstrained problems. The second case is four engineering problems 

including: pressure vessel (PV), speed reducer (SR), welded beam (WB), and spring design (SD) problems. 

The third case is the EED problem. In this work, CTA is compared with five new metaheuristics including: 

POA [12], OOA [14], LOA [13], HO [25], and DOA [26]. In this investigation, the swarm size is 10 while the 

maximum iteration is 20. 

The computational environment to conduct this experiment is as follows. The program runs on Intel 

Core i5 PC with 8 GB RAM. The operating system is Windows 10 Pro. The program is developed using PHP 

language, Apache web server, and MySQL database to store the result. 

The first case is the 23 functions. It is chosen due to its coverage. It contains seven high dimension 

unimodal functions (HDUF), six high dimension multimodal functions (HDMF), and ten fixed dimension 

multimodal functions (FDMF). HDUFs are commonly used to measure exploitation capability. HDMFs are 

commonly used to measure exploration capability. Meanwhile, the FDMFs are used to measure the balancing 

capability between exploitation and exploration. This case is commonly used in various studies that submitted 

new algorithms, such as KMA [18], GSO [27], and so on. Detailed description of these functions including the 

mathematical formulation, dimension, and the optimal solution can be found in [27]. The dimension for the 

high dimension functions is 30. The result is presented in Tables 3 to 8. The decimal point smaller than 10-4 is 

rounded to 0. 

Table 3 exhibits the result on taking HDUFs. The result provides the dominance of CTA as it becomes 

the best of all seven functions and the sole best of six functions. POA, OOA, LOA, and DOA also achieved 

the best result in taking the second function. Moreover, CTA achieves the global optimal in three functions. In 

this group, HO becomes the poorest algorithm in five functions. Meanwhile LOA becomes the poorest 

algorithm in two functions. The result also provides that the difference between the best and poorest algorithms 

is wide in all seven functions. 

 

Table 3. Result on taking 7 HUDFs 
Function Variable POA [12] OOA [14] LOA [13] HO [25] DOA [26] CTA 

1 Average value 0.0924 0.0868 3.9196×101 3.9459×101 0.1852 0.0000 
Standard-dev 0.0354 0.0641 2.4578×101 2.1393×101 0.1469 0.0000 

Position 3 2 5 6 4 1 

2 Average value 0.0000 0.0000 0.0000 0.0008 0.0000 0.0000 

Standard-dev 0.0000 0.0000 0.0000 0.0035 0.0000 0.0000 

Position 1 1 1 6 1 1 

3 Average value 1.5170×103 4.8159×102 7.4885×103 6.3366×102 3.1350×102 0.9694 
Standard-dev 2.5554×103 5.1360×102 4.0197×103 5.4540×102 6.4690×102 2.5957 

Position 5 3 6 4 2 1 

4 Average value 0.3161 0.3744 6.2914 2.5615 0.5351 0.0000 
Standard-dev 0.1151 0.1204 2.8657 0.7172 0.1968 0.0000 

Position 2 3 6 5 4 1 

5 Average value 3.0448×101 3.0075×101 1.5359×103 2.8717×104 3.2409×101 2.8889×101 
Standard-dev 0.7736 0.8213 3.7238×103 2.6245×104 1.7778 0.0458 

Position 4 3 2 6 5 1 

6 Average value 5.7361 5.5239 4.9501×101 5.3525×101 5.8030 4.9490 
Standard-dev 0.5087 0.5076 4.4510×101 2.2400×101 0.5453 0.3845 

Position 3 2 5 6 4 1 

7 Average value 0.0267 0.0236 0.0617 1.8843×102 0.0281 0.0076 

Standard-dev 0.0157 0.0125 0.0455 9.3113×101 0.0164 0.0049 

Position 3 2 5 6 4 1 
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Table 4. Result on taking 6 HMFSs 
Function Variable POA [12] OOA [14] LOA [13] HO [25] DOA [26] CTA 

8 Average value -3.2893×103 -3.6152×103 -3.0614×103 -1.1293×102 -3.3590×103 -2.9727×103 
Standard-dev 6.0987×102 5.2793×102 5.1451×102 4.0907×101 3.5554×102 3.6972×102 

Position 3 1 4 6 2 5 

9 Average value 1.4177×101 4.6452 1.5208×102 2.9480×102 9.4052 0.0000 
Standard-dev 1.9267×101 9.1606 5.1326×101 4.0145×101 2.2517×101 0.0000 

Position 4 2 5 6 3 1 

10 Average value 0.1065 0.0748 3.0226 5.7617 0.1451 0.0000 
Standard-dev 0.0456 0.0270 0.8625 1.1121 0.0772 0.0000 

Position 3 2 5 6 4 1 

11 Average value 0.0497 0.0727 1.2913 0.4583 0.2046 0.0034 
Standard-dev 0.0341 0.1429 0.2911 0.2562 0.1847 0.0107 

Position 2 3 6 5 4 1 

12 Average value 0.8207 0.8561 2.5268 4.4944 0.8499 0.6501 
Standard-dev 0.1666 0.1735 1.5222 1.0396 0.1917 0.1410 

Position 2 4 5 6 3 1 

13 Average value 3.3275 3.1295 7.9694 4.1274 3.1791 2.8596 

Standard-dev 0.1824 0.1837 3.2314 2.2174 0.1664 0.1755 

Position 4 2 6 5 3 1 

 

 

Table 5. Result on taking 7 FDMFS 
Function Variable POA [12] OOA [14] LOA [13] HO [25] DOA [26] CTA 

14 Average value 5.9225 6.2989 7.9789 1.2968×101 5.9460 6.2521 

Standard-dev 3.3294 3.4700 3.6745 0.7546 3.3828 3.8333 

Position 1 4 5 6 2 3 
15 Average value 0.0045 0.0021 0.0049 0.0541 0.0026 0.0029 

Standard-dev 0.0098 0.0045 0.0039 0.0403 0.0048 0.0058 

Position 4 1 5 6 2 3 
16 Average value -1.0298 -1.0303 -1.0267 -0.1473 -1.0288 -1.0314 

Standard-dev 0.0020 0.0021 0.0064 0.7976 0.0034 0.0004 

Position 3 2 5 6 4 1 
17 Average value 0.3992 0.3985 0.4111 1.2912 0.3989 0.4002 

Standard-dev 0.0014 0.0007 0.0160 1.1986 0.0014 0.0078 

Position 3 1 5 6 2 4 
18 Average value 3.0317 3.0041 3.3469 3.2800×102 3.0536 6.8894 

Standard-dev 0.0639 0.0064 0.5209 5.3055×102 0.1586 9.4807 

Position 2 1 4 6 3 5 
19 Average value -0.0495 -0.0495 -0.0495 -0.0409 -0.0495 -0.0495 

Standard-dev 0.0000 0.0000 0.0000 0.0143 0.0000 0.0000 

Position 1 1 1 6 1 1 
20 Average value -3.1647 -3.1073 -2.9827 -0.8358 -3.2133 -3.0139 

Standard-dev 0.0823 0.1245 0.1572 0.5889 0.0613 0.1807 

Position 2 3 5 6 1 4 
21 Average value -5.2339 -3.0613 -3.1437 -1.3019 -5.9020 -4.3698 

Standard-dev 1.9610 1.3017 1.5709 0.9729 1.6445 1.4560 

Position 2 5 4 6 1 3 
22 Average value -5.5829 -3.4821 -3.6209 -1.1101 -6.0680 -4.0091 

Standard-dev 1.5850 1.1209 1.4544 0.5849 2.1220 1.3246 

Position 2 5 4 6 1 3 
23 Average value -5.2865 -3.4300 -3.7699 -1.2701 -6.0761 -4.4164 

Standard-dev 1.6960 1.2473 1.2632 0.4378 2.1378 2.2012 

Position 2 5 4 6 1 3 

 
 

Table 4 exhibits the result of taking six HDMFs. CTA is still proven to be dominant as it achieves the 

best result of five functions. Moreover, CTA achieves the global optimal in two functions. Meanwhile, CTA 

becomes the fifth best in one function. On the other hand, HO becomes the poorest algorithm in four functions 

and the second poorest algorithm in two functions. LOA becomes the poorest algorithm of the two functions. 

The result also provides the narrow difference among the metaheuristics in taking F8 while this difference is 

moderate in F13. Otherwise, the difference is wide. 

Table 5 exhibits the result in taking FDMFs. The result proves that CTA is competing in these 

functions although it is not dominant. CTA becomes the sole best algorithm only on F16. Meanwhile, it 

becomes the third best in 5 functions, fourth best in two functions, and fifth best in F18. On the other hand, HO 

becomes absolute poorest algorithm as it achieves the poorest result in all ten functions. Overall, narrow 

efficacy differences among metaheuristics occur in all ten functions except in F18. 

Table 6 provides the dominance of CTA in taking the high dimension functions. It happens in both 

unimodal functions and multimodal functions. Its dominance occurs compared to all five competitors. 

Meanwhile, the dominance of CTA in the FDMFs occurs only when CTA is compared with LOA and HO. 
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Table 6. Group based supremacy on taking 23 functions 
Cluster POA [12] OOA [14] LOA [13] HO [25] DOA [26] 

1 6 6 6 7 6 
2 5 5 5 6 5 

3 2 5 8 10 1 

Total 13 16 19 23 12 

 

 

Table 7. Significance result using t-test based p-value on taking 23 functions 
F POA [12] OOA [14] LOA [13] HO [25] DOA [26] 

1 0.000 0.000 0.000 0.000 0.000 

2 1.000 1.000 1.000 0.309 1.000 
3 0.010 0.000 0.000 0.000 0.029 

4 0.000 0.000 0.000 0.000 0.000 

5 0.000 0.000 0.065 0.000 0.000 
6 0.000 0.000 0.000 0.000 0.000 

7 0.000 0.000 0.000 0.000 0.000 

8 0.045 0.000 0.519 0.000 0.001 
9 0.001 0.017 0.000 0.000 0.058 

10 0.000 0.000 0.000 0.000 0.000 

11 0.000 0.011 0.000 0.000 0.000 
12 0.000 0.000 0.000 0.000 0.000 

13 0.000 0.000 0.000 0.012 0.000 
14 0.765 0.968 0.136 0.000 0.780 

15 0.519 0.619 0.190 0.000 0.897 

16 0.001 0.032 0.001 0.000 0.001 
17 0.551 0.309 0.006 0.001 0.445 

18 0.070 0.068 0.096 0.008 0.071 

19 1.000 1.000 1.000 0.007 1.000 
20 0.000 0.062 0.545 0.000 0.000 

21 0.108 0.003 0.011 0.000 0.002 

22 0.000 0.166 0.368 0.000 0.000 
23 0.143 0.077 0.240 0.000 0.015 

 

 

Table 8. Sensitivity and convergence analysis 

F 
Increase of swarm size Increase of maximum iteration 

n(A)=20 n(A)=40 tmax=30 tmax=60 

1 0.000 0.000 0.000 0.000 

2 0.000 0.000 0.000 0.000 

3 0.103 0.014 0.003 0.000 
4 0.000 0.000 0.000 0.000 

5 2.883×101 2.877×101 2.883×101 2.877×101 

6 4.297 3.866 4.728 4.241 
7 0.005 0.002 0.005 0.002 

8 -3.090×103 -3.565×103 -3.155×103 -3.532×103 

9 0.000 0.000 0.000 0.000 
10 0.000 0.000 0.000 0.000 

11 0.001 0.000 0.000 0.000 

12 0.477 0.383 0.670 0.458 
13 2.705 2.562 2.918 2.761 

14 3.799 2.793 4.380 3.375 

15 0.000 0.000 0.001 0.001 
16 -1.031 -1.031 -1.031 -1.031 

17 0.398 0.398 0.398 0.398 

18 3.000 3.000 4.424 5.700 
19 -0.049 -0.049 -0.049 -0.049 

20 -3.115 -3.204 -3.166 -3.213 

21 -5.261 -5.831 -5.212 -6.071 
22 -5.547 -6.134 -4.690 -7.424 

23 -4.001 -6.001 -4.822 -5.860 

 

 

Table 7 provides that there is significant difference between CTA and other algorithms in solving 23 

functions. This result is based on the p-value that is obtained by the two-tailed t-test that compares CTA and 

its benchmarks. Table 7 exhibits these p-values. In this context, the p-value which is less than 0.05 indicates 

that the difference between two results is significant. Based on this reasoning, the number of functions where 

CTA is significantly different compared to POA, OOA, LOA, HO, and DOA are 15, 14, 13, 22, and 16 

functions consecutively. Based on this result, the difference between CTA and DO is the most significant 

compared to other algorithms. 
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Table 8 provides the convergence analysis and the sensitivity analysis of CTA. It is carried out by 

increasing the swarm size and the maximum iteration. There are two values of swarm size, which are 20 and 

40, while there are two values of maximum iteration which are 30 and 60. The swarm size is still 20 for both 

values of swarm size. On the other hand, the swarm size is still 20 for both values of maximum iteration. Based 

on Table 8, it is shown that the convergence has been reached in the early iteration and low maximum iteration. 

This argument is constructed as there is not significant improvement when the swarm size increases from 20 

to 40 or the maximum iteration increases from 30 to 60. 

The second case is the engineering problems. There are four design problems All these problems have 

multiple constraints that make these problems harder to solve. These constraints make the solution cannot be 

put in the solution space easily in every dimension as there is complex interdependence among the dimensions. 

The penalty is used consequently for constraint violation. It means that a certain penalty is introduced every 

time the solution violates the constraints. The quadratic penalty function is chosen so that the penalty increases 

when the constraint violation goes wider. The detail description of these four problems can be found in various 

studies introducing new metaheuristics, such as in the first introduction of POA [12] and LOA [13]. The result 

is given in Tables 9 to 12. 

 

 

Table 9. Result on taking PV problem 
Algorithm Average score Standard deviation Rank 

POA [12] 8.5555 1.8254 3 
OOA [14] 1.2155×101 4.3207 4 

LOA [13] 1.2899×101 5.0713 5 

HO [25] 8.2459×1012 4.2202×1010 6 
DOA [26] 8.1738 3.1265 2 

CTA 6.7021 3.6063 1 
 

Table 10. Results on taking SR problem 
Algorithm Average score Standard deviation Rank 

POA [12] 3.5350×103 1.0766×101 2 
OOA [14] 3.5670×103 3.0100×101 5 

LOA [13] 3.5453×103 1.2235×101 4 

HO [25] 3.5730×103 2.4853×101 6 
DOA [26] 3.5365×103 1.0342×101 3 

CTA 3.5280×103 1.2856×101 1 
 

 

 

Table 9 provides that CTA becomes the best algorithm in taking the PV problem. On the other hand, 

HO becomes the poorest algorithm. The difference between CTA and HO is very wide. Meanwhile, the 

difference between CTA and other competitors is narrow. The difference between DOA and POA is narrow. 

Meanwhile, the difference between OOA and LOA is also narrow. 

Table 10 provides that CTA is still the best algorithm in taking the SR problem. On the other hand, 

HO becomes the poorest algorithm. But the result provides that the difference between CTA and HO is very 

narrow. This situation indicates very tight competition among the algorithms. Moreover, the result tends to be 

stable as the deviation of every algorithm is also small.  

Table 11 provides that CTA is competing in taking on the WB problem. It becomes the third best 

algorithm after DOA in the first place and POA in the second place. On the other hand, HO becomes the poorest 

algorithm. The difference between DOA as the best algorithm and HO as the poorest algorithm is high. The 

result can be grouped into three clusters. The first cluster contains DOA, POA, and CTA. The second cluster 

contains OOA and LOA. Finally, the third cluster contains HO. It means that the difference between DOA as 

the best algorithm and CTA as the third best algorithm is narrow.  

Table 12 provides that CTA is competing in dealing with the SD problem. CTA is the third best after 

OOA as the best algorithm and POA as the second-best algorithm. HO becomes the poorest algorithm. The 

difference between OOA as the best algorithm and HO as the poorest algorithm is large. Meanwhile, the 

difference between POA, OOA, LOA, DOA, and CTA are narrow. 

 

 

Table 11. Result on taking WB problem 
Algorithm Average score Standard deviation Rank 

POA [12] 2.3111×107 1.8442×107 2 
OOA [14] 1.8347×108 1.9973×108 4 

LOA [13] 2.1387×108 2.4035×108 5 

HO [25] 2.8781×1011 4.2869×1011 6 
DOA [26] 2.2903×107 3.7302×107 1 

CTA 9.2483×107 2.8074×108 3 
 

Table 12. Result on taking SD problem 
Algorithm Average score Standard deviation Rank 

POA [12] 3.7681 0.3732 2 
OOA [14] 3.6881 0.2418 1 

LOA [13] 4.2401 1.2797 4 

HO [25] 3.5348×102 4.2405×102 6 
DOA [26] 5.5644 4.7694 5 

CTA 3.7782 0.4667 3 
 

 

 

The third use case is the EED problem in Java-Bali grid system in Indonesia. This system is chosen 

to differentiate this study with many other studies in economic dispatch problems whose use cases are IEEE 

standard systems. This Java-Bali grid system is the heaviest grid system in Indonesia mostly because Java 

Island is the most populous and industrialized island in Indonesia. The power demand in this island is the 

highest compared to other regions or island in Indonesia. This system contains eight generating units where six 
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of them are thermal power plants and two others are hydroelectric power plants [43]. This problem is a multi-

objective problem where the objective is minimizing both operating cost and emission cost. This objective is 

presented in aggregate of weighted quadratic function. This problem contains both equality and inequality 

constraints. The equality constraint states that the total output power of the system should be equal to the 

demand. Meanwhile, the inequality constraint states that the output power of each generating unit should be 

within its power range. The formalization of the objective and the constraints, plus the constants for the cost 

function can be found in [43]. In this article, the demand is set to 12,228 MW while the weight of the function 

is 0.5. This situation provides the balance between the operating cost and the emission cost. The result can be 

found in Table 13. 

The result highlights the superiority of CTA in the EED problem. CTA becomes the best algorithm 

while HO becomes the poorest algorithm. The result also reveals very fierce competition among the algorithms 

in dealing with this problem. The indication is the very low difference between the best algorithm and the 

poorest algorithm. 

 

 

Table 13. Result on taking EED problem in Java-Bali grid system 
Algorithm Average score Standard deviation Rank 

POA [12] 2.0908×1010 8.4963×107 3 

OOA [14] 2.1106×1010 1.0052×108 5 

LOA [13] 2.1099×1010 2.0087×108 4 
HO [25] 2.2562×1010 6.7789×108 6 

DOA [26] 2.0818×1010 9.9154×107 2 
CTA 2.0769×1010 1.1011×108 1 

 

 

4.2.  Discussion 

Overall, the evaluation result provides that CTA is a new method with well efficacy in taking both 

unconstrained and constrained problems. In general, CTA is superior in taking the high dimension functions 

whether they are unimodal or multimodal functions. This fact means that CTA has superior exploitation and 

exploration capabilities. Meanwhile, CTA has competing capability to balance exploitation and exploration as 

it is competing in taking the fixed dimension multimodal functions. The result of taking on the constrained 

problems provides that the efficacy of CTA is acceptable in taking these problems. CTA is superior in taking 

both PV and SR design problems. On the other hand, CTA is competing in taking on both SD and WB 

problems. Moreover, the superiority of CTA is seen in taking the EED problem. 

HO performs as the poorest algorithm in almost all problems, whether they are unconstrained or 

constrained problems. The investigation can be carried out deeply on the approach that is used in HO. In 

general, HO is the only algorithm in the evaluation that does not employ stringent acceptance method. In HO, 

the worse solution candidate still replaces the existing solution. Besides, HO is the only algorithm that employs 

only single look while the others employ multiple looks. This fact highlights the supremacy of a stringent 

acceptance approach and multiple look methods to develop more capable metaheuristic algorithms. The 

stringent acceptance approach can prevent particles from flowing to the worsening situation while multiple 

look algorithm gives benefit where the strength of certain looks can cover the weakness of other looks and vice 

versa. 

The result also highlights the no-free-lunch (NFL theory). Overall, the NFL theory highlights the 

imperfectness of any algorithm or algorithm that cannot solve all problems with superior results. An algorithm 

may perform well in some cases but inferior in other cases. This statement can be measured through the 

difference and the efficacy of the algorithm in taking the problems. In general, the difference among algorithms 

in the high dimension functions is wide but narrow in the fixed dimension functions. In the engineering 

problems, the difference is wide in three problems (PV, SD, and WB) but narrow in the SR. The difference is 

narrow in taking the EED problem. In general, DOA and POA become the second and third best algorithms. 

But, in some cases, OOA becomes the best algorithm. 

Meanwhile, CTA still has limitations as it cannot cover all methods or approaches into a single 

algorithm. For example, despite the supremacy of the multiple look method proven more powerful, there is 

still a chance to loosen acceptance to a certain degree to prevent stagnation in several or multiple iterations as 

the solution candidates still fail to give enhancement in certain consecutive iterations. Meanwhile, there are 

numerous other adaptive approaches that can be explored to construct various adaptive algorithms in the future. 

There are also many adaptive mechanisms that already exist in many existing algorithms, especially the 

enhanced version of the standard ones. Besides, there is an approach that has been abandoned in the 

development of metaheuristics, which is the yellow flag or red flag mechanism. This mechanism is preventing 
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a certain area or solution that is proven fail, which can be found in the old tabu look but now this mechanism 

is rare to find. 

There is also limitation in assessing CTA in various optimization problems in a single article. There 

are other functions, such as CEC series that have not been accommodated in this work. Meanwhile, there are 

also derivatives of the economic dispatch problem, such as ELD, UC, OPF, and so on. Moreover, there are also 

various optimization problems in other sectors, especially in manufacturing and supply chain systems. 

 

 

5. CONCLUSION  

This article exhibited the concept, formalization, and efficacy investigation of the submitted CTA. 

The novel approach of CTA relies on the switching mechanism from exploitation-focused look to the 

exploration-focused look and vice versa. This mechanism is applied to create an adaptive algorithm due to the 

situation it faces whether it is stagnation or enhancement. Through evaluation, CTA has proven superior or 

competing compared to its five competitors. CTA is superior to POA, OOA, LOA, HO, and DOA in 13, 16, 

19, 23, and 12 functions respectively. It means that CTA is absolute superior to HO. Overall, CTA is superior 

in taking the high dimension functions and competing in taking fixed dimension functions. CTA has become 

the best in taking pressure vessel and speed reducer design problems and the second best in taking welded 

beam and spring design problems. Moreover, CTA also becomes the best in taking EED problems in Java-Bali 

grid system. On the other hand, HO becomes the poorest algorithm in taking almost all functions, all four 

engineering problems, and EED problems.  

The suggestion for future studies based on this work is as follows. First, the exploration to construct 

various adaptive methods is challenging. Then, the second track is utilizing CTA to solve numerous 

optimization problems, especially within the wide range of engineering sectors. The third track is hybridizing 

CTA with other optimization or looking algorithms or with various machine learning or deep learning 

algorithms to give better intelligent system. 
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