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 A B S T R A C T

Tree Seed Algorithm (TSA) is an outstanding algorithm for optimization problems, but it inevitably falls into 
the local optimum and has a low convergence speed in solving complex problems. This paper aims to address 
these above defects. Inspired by efficient learning from neighbors, a K-Nearest Neighbor (KNN) mechanism 
is adopted to enhance the tree or seed generation strategies for achieving the balance between exploitation 
and exploration. The proposed algorithm is named the KNN Ameliorated Tree Seed Algorithm (KATSA). First, 
based on the current best tree, the search space is divided into best and non-best neighbor areas by the KNN 
mechanism. Based on this division approach, the proposed seed generation strategy has a precise heuristic, and 
the convergence speed can be accelerated. Second, the proposed seed generation and tree migration strategies 
integrate the proposed dynamic regulation mechanism, which reduces the possibility of falling into a local 
optimum. Third, the proposed feedback mechanism can effectively balance exploration and exploitation. With 
these enhancements from the KNN mechanism, KATSA can converge to the global optima more effectively 
during its evolutionary process. The results obtained from IEEE CEC 2014 benchmark function evaluation 
verify the excellent performance of the KATSA when compared with some recent variants, including STSA, 
EST-TSA, fb_TSA, and MTSA. In addition, GWO, PSO, BOA, BA, GA, LSHADE, and RSA are also adopted for 
some benchmark comparative experiments. The applicability of the proposed KATSA is demonstrated by three 
real complex and constrained problems when compared to TSA, fb_TSA, LSHADE, RSA, GWO, ABC, and PSO. 
The experimental results show that the proposed KATSA can obtain stable and optimal results on these complex 
problems. The source code is available at www.jianhuajiang.com.
1. Introduction

The optimization problem is essential in the range of human produc-
tive activities, such as product design (Zhao et al., 2024; Zhou et al., 
2021), resource allocation (Deng et al., 2022; Urooj et al., 2024), pro-
duction scheduling (Chen et al., 2020; Goli et al., 2021; Shehadeh et al., 
2024), path planning (Eswaran et al., 2024) and so on. Traditional 
optimization methods mainly rely on gradient-based information about 
the involved functions to find the optimal solution, such as Dynamic 
Programming (Zhang et al., 2002), Least Squares (Suykens & Vande-
walle, 1999), and Newton’s method (Qi & Jie, 1993). However, with 
the growing complexity of big data-driven optimizations, significantly 
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since the number of feasible solutions has exponentially increased, it is 
hard to solve these problems based on these traditional methods.

Inspired by the wisdom of nature, population-based meta-heuristic 
algorithms provide new ideas for solving complex optimization prob-
lems (Deng & Liu, 2023; Salgotra et al., 2023). They mainly rely on 
nature-inspired computing, with little or no use of objective functions 
and constraints (Bejarbaneh et al., 2019; Kılıç et al., 2021). Hence, 
these algorithms have the advantage of being global, parallel, and 
versatile and do not require detailed problem information. Typical 
meta-heuristic algorithms include Genetic Algorithm (GA) (Holland 
& Reitman, 1977), Particle Swarm Optimization (PSO) (Kennedy & 
Eberhart, 1995), Ant Colony Optimization (ACO) (Dorigo et al., 2006), 
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data mining, AI training, and similar technologies. 
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Artificial Bee Colony (ABC) (Karaboga & Ozturk, 2011), Cuckoo Search 
(CS) (Yang & Deb, 2014), Bat Algorithm (BA) (Yang & He, 2013), 
Besiege and Conquer Algorithm (BCA) (Jiang et al., 2024) and so 
on. These meta-heuristic algorithms are implemented by achieving a 
good balance between exploration and exploitation (Lin & Gen, 2009). 
However, no one algorithm can solve all optimization tasks according 
to the No Free Lunch (NFL) theorem (Droste et al., 2002).

Among them, Kiran proposed the Tree Seed Algorithm (TSA) in-
spired by tree and seed evolution (Kiran, 2015). TSA usually provides 
quick and easy access to the optimal or near-optimal solution (Beşkirli 
& Kiran, 2023; Jiang, Xu et al., 2020). In the TSA, each tree and seed 
represents a solution in the search space. The TSA is better than some 
meta-heuristic algorithms, such as PSO, GA, and some emerging heuris-
tic algorithms (Jiang, Meng et al., 2020). In addition, it has a more 
straightforward structure, higher accuracy, and stronger robustness 
than some traditional intelligent optimization algorithms (Cinar et al., 
2020; Jiang et al., 2019). However, it has disadvantages, such as pre-
mature convergence and easy stagnation in the local optimum (Jiang 
et al., 2019). This study aims to address these issues by proposing a 
TSA variant with modification and hybridization.

1.1. Motivations

In the high-dimensional and multi-modal problems, the search space 
and objective space have certain relationships (Li et al., 2023). That 
indicates the neighbor area of the best solution in the search space is 
of some heuristic meaning heuristic information that can be adopted to 
accelerate its convergence. The search in the neighbor area around the 
current best solution has more probability of enhancing the exploita-
tion ability of the algorithm, while the K-Nearest Neighbor (KNN) is 
an excellent way to classify data from the spatial view (Fix, 1985). 
Based on the KNN, we can find the population located in the neigh-
bor area of the current best solution. Therefore, by introducing this 
mechanism into the TSA, seeds will no longer be generated randomly 
but heuristic-guided. Therefore, the motivations of this paper are as 
follows:

• During the evolutional process of TSA, seeds are generated by 
its parent trees. However, this strategy will generate many use-
less seeds since its insufficient heuristic information. A search 
space division strategy is required to provide heuristic guidance 
for seeds. KNN can classify data from spatial dimensions which 
means that KNN can provide more heuristic information when 
dealing with high-dimensional and multi-modal problems.

• TSA adopts a constant search tendency (ST) parameter for all 
trees to balance the exploration and exploitation. This strategy 
is effective when solving simple problems. However, for complex 
problems, each tree has different gradients in objective space, and 
it is difficult to adapt to different situations through the same 
𝑆𝑇 . Therefore, a dynamic 𝑆𝑇  strategy is required to balance the 
exploration and exploitation for each tree.

• TSA adopts a single way to generate seeds, which leads to an 
insufficient population diversity. TSA relies on the current tree 
and does not well exchange information with the current best 
tree. Therefore, the seeds are mainly distributed around its parent 
tree with insufficient diversity.

• TSA is easy to trap to the local optima because of its single seed 
generation strategy. Therefore, a variant that can avoid local op-
tima is required to improve the TSA to solve the high-dimensional 
and multi-modal problems.

1.2. Contributions

In this study, we have proposed three mechanisms to improve 
the capability of TSA when solving high-dimensional and multi-modal 
problems based on the KNN principle. The contributions of this paper 
can be summarized as follows:
2 
Table 1
Parameters used in TSA.
 Parameters Symbol  
 D Problem dimension  
 N Number of trees in a population  
 ns Number of seeds in a tree  
 ST Search tendency  
 𝐿𝑗,𝑚𝑖𝑛 Lower bound of the 𝑗𝑡ℎ dimension of search space  
 𝐻𝑗,𝑚𝑎𝑥 Higher bound of the 𝑗𝑡ℎ dimension of search space  
 𝑇𝑖,𝑗 𝑗𝑡ℎ dimension of the 𝑖𝑡ℎ tree  
 𝑟𝑎𝑛𝑑 A random number in range of [0, 1]  
 𝑆𝑖,𝑗 𝑗𝑡ℎ dimension of the 𝑖𝑡ℎ seed  
 𝐵𝑗 the 𝑗𝑡ℎ dimension of best tree location  
 
𝑇𝑟,𝑗

The neighbor of 𝑖𝑡ℎ tree in 𝑗𝑡ℎ dimension,  
 𝑟 is the random index generate from the trees population  
 𝛼𝑖,𝑗 Scaling factor of 𝑆𝑖,𝑗 produced randomly in range of [−1, 1] 
 Iters Number of iterations  
 MaxIters Termination condition  

• Search space division mechanism is proposed to divide the search 
space into two sub-spaces. The trees located in different areas are 
classified into two categories. Trees with different categories will 
generate more promising seeds.

• Dynamic search tendency mechanism is proposed to allocate 
different 𝑆𝑇  to each tree. This mechanism makes trees adjust 
their 𝑆𝑇  to balance exploration and exploitation adaptively.

• Binary-switched seed generation mechanism is proposed. This 
mechanism fully considers the best solution for the current gener-
ation. The population diversity is improved by proposing differ-
ent seed generation methods. The tree evolutionary trajectory is 
recorded to adopt different seed generation methods dynamically 
for local optima avoidance.

• The proposed algorithm is evaluated on the IEEE CEC 2014 
benchmark functions. The experiment results show that the pro-
posed algorithm outperforms other comparative algorithms in 
high-dimensional and multi-modal problems.

To verify its performance, the proposed KATSA algorithm is experi-
mented on the IEEE CEC 2014 benchmark functions, including 4 classes 
(unimodal, multimodal, composite, and hybrid) and 3 real complex and 
constrained engineering problems.

The remainder of this paper is organized as follows. Section 2 
reviews the TSA and relevant works. Section 3 presents the inspiration 
and the proposed algorithm. Both qualitative and quantitative results 
of algorithms on various benchmark functions and real complex con-
strained engineering problems are presented and discussed in Section 4. 
Finally, Section 5 concludes the work and suggests several future 
research directions.

2. Relevant works

2.1. An overview of tree seed algorithm

Tree Seed Algorithm (TSA) is a novel meta-heuristic algorithm 
based on the evolution mechanism between the tree and its seeds (Ki-
ran, 2015). TSA has been cited 336 according to Google Scholar. Table 
1 lists all parameters associated with TSA.

• Eq. (1) generates a new initial tree position. 
𝑇𝑖,𝑗 = 𝐿𝑗,𝑚𝑖𝑛 + 𝑟𝑎𝑛𝑑 × (𝐻𝑗,𝑚𝑎𝑥 − 𝐿𝑗,𝑚𝑖𝑛) (1)

• Seed generation is realized by Eqs. (2) and (3). There are two 
ways to generate seeds: the first is for local search, while the 
second is for global search. The search tendency parameter ST
is adopted to balance exploration and exploitation. 
𝑆 = 𝑇 + 𝛼 × (𝐵 − 𝑇 ) (2)
𝑖,𝑗 𝑖,𝑗 𝑖,𝑗 𝑗 𝑟,𝑗
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Eq. (2) plays a pivotal role in facilitating the exploitation phase 
of TSA around the current tree. 
𝑆𝑖,𝑗 = 𝑇𝑖,𝑗 + 𝛼𝑖,𝑗 × (𝑇𝑟,𝑗 − 𝑇𝑖,𝑗 ) (3)

The Eq. (3) enables the TSA algorithm to perform a global search 
based on the current tree, encompassing a broader exploration of 
the solution space.

• Computation of the iterations (Iters) by Eq. (4). 
𝐼𝑡𝑒𝑟𝑠 = 𝐼𝑡𝑒𝑟𝑠 + 1 (4)

where, 𝐼𝑡𝑒𝑟𝑠 on the right side represents the current number of 
iterations.

In the entire search space, excellent trees and seeds will continue to 
be iteratively updated, and new seeds will be generated continuously 
to complete both global and local searches. The seed generation mech-
anism (Eqs. (2) and (3)) is used to generate seeds depending on the 
search tendency (ST ) parameter.

In the basic TSA, another important focus is the number of seeds 
produced by each tree. However, TSA has some deficiencies (Jiang 
et al., 2019; Jiang, Meng et al., 2020):

• The tree selection strategy is based on a randomly selected tree 
which affects its convergence efficiency.

• All seeds are generated in a single way, reduces diversity.
• The balance between exploration and exploitation depends on a 
constant ST  without feedback, which is unreasonable.

2.2. An overview of TSA

Recently, TSA has gained attention in the algorithm design commu-
nity with 336 citations. In the past few years, many excellent variants 
of TSA have been proposed. They mainly focus on tree migration, seed 
generation, feedback mechanisms, and real-world applications.

• For tree migration, the Migration Tree Seed Algorithm (MTSA)
(Jiang et al., 2022) integrates hierarchical gravity learning and 
random-based migration inspired by Grey Wolf Optimizer (GWO)
(Mirjalili et al., 2014) to address imbalance, local stagnation 
and premature convergence. Additionally, two tree migration 
mechanisms are proposed in the Triple Tree Seed Algorithm 
(TriTSA) (Jiang et al., 2021).

• For seed generation, the Tree Seed Algorithm with Sine–Cosine 
(TSASC) (Jiang, Han et al., 2020) incorporates the Sine–Cosine 
Algorithm (SCA) (Mirjalili, 2016). Previously, excessive reliance 
on specific group members weakened the ability to explore (De-
hghani & Trojovskỳ, 2022). Meanwhile, the Sine Tree Seed Al-
gorithm (STSA) (Jiang, Xu et al., 2020) hypothesizes that seeds 
can be generated from more to less, producing more in the early 
search stage and fewer later. To achieve this goal, STSA proposed 
an adaptive regulation mechanism k, which linearly varies with 
the number of iterations. To address TSA’s lack of a mechanism to 
avoid local optima and failed seed classification, Kiran and Hakli 
(2021) integrate four different approaches (withering process, 
sequential seed generation, best-based solution update rule and 
dimensional selection) into basic TSA, naming it New Tree Seed 
Algorithm (NTSA).

• For the feedback mechanism, the feedback Tree Seed Algorithm 
(fb_TSA) (Jiang, Meng et al., 2020) is an outstanding variant 
that use a feedback mechanism to overcome the shortcoming 
of the Search Tendency (ST ) mechanism. The value of ST  and 
the numbers of seeds (ns) are dynamically adjusted during the 
optimization process. Jiang et al. (2019) pointed out that the 
basic TSA fails to balance exploration and exploitation and must 
fully consider the current optimal position. They redesigned the
ST  mechanism and proposed the Effective Search Tendency Tree 
Seed algorithm (EST-TSA).
3 
• For the real-world application, SimLogicTSA (Cinar & Kiran, 
2018) is applied to solving binary optimization by using logic 
gates (LogicTSA) and similarity measurement techniques
(SimTSA). This variant of TSA is first used to resolve uncon-
strained optimization problems. CTSA (Babalik et al., 2018) intro-
duced Deb’s rules to select the promising trees and seeds based 
on the original TSA to resolve constrained optimization issues. 
The Levy search mechanism and a new seed updating equation 
have been added to TSA (I-TSA) (Ding et al., 2019) to solve the 
nonlinear hysteric parameter identification problem.

Given the above aspects, scholars have mainly focused on tree 
migration and seed generation mechanisms to enhance the evolu-
tional mechanism of TSA. However, these proposed mechanisms need 
improvements in terms of slow convergence, lack of focus on the 
relationship between seeds, lower seed diversity, and other areas. This 
paper attempts to address these shortcomings.

2.3. An overview of KNN

The K-Nearest Neighbors (KNN) is a non-parametric classification 
method (Fix, 1985), which is simple but effective in many cases
(Adithiyaa et al., 2020; Liang et al., 2020; Liu et al., 2022). Many 
scholars have proposed variants of KNN to improve the performance 
of classification tasks (Uddin et al., 2022).

• Adaptive KNN (AdaNN): The adaptive KNN algorithm aims to 
find the optimal 𝑘 value for each test example (Sun & Huang, 
2010). The author proposed a sub-algorithm called 9NN to de-
termine the optimal 𝑘 of training examples. The main algorithm 
finds the nearest neighbor from the training example based on the 
Euclidean distance for each test example, and the test example 
inherits the 𝑘 value of the nearest neighbor. The variant then 
adopts corresponding KNN algorithm to get the test examples’ 
class labels.

• Locally Adaptive KNN with Discrimination Class (DC-LAKNN):
This variant of KNN utilizes the discrimination classes to de-
termine the optimal 𝑘 value (Pan et al., 2020). The quantity 
and distribution of the majority class neighbors and the second 
majority class neighbors in the k-neighborhood are considered 
by the discrimination classes concept. The algorithm defines 
discriminating classes through multiple stages, then selects one 
of those classes and forms a ranking table with various 𝑘 values, 
distances from centroids, and their ratios.

• Fuzzy KNN (F-KNN): The fuzzy KNN is proposed based on the 
concept of membership assignment (Keller et al., 1985). The 
variant tries to find the 𝑘-nearest neighbors of a testing dataset 
from the training dataset, similar to the original KNN. It then 
confers ‘‘membership’’ values to every class found in the 𝑘-nearest 
neighbor list. The fuzzy math method based on the weight of each 
class is employed to calculate the membership fitness. The class 
with the best membership fitness is chosen for the classification 
result.

• K-Means Clustering-based KNN (KM-KNN): This variant in-
corporates two popular algorithms: 𝑘-means and 1NN. It uses 
the 𝑘-means algorithm to cluster the training dataset in ad-
vance (Cherif, 2018). The centroids of each cluster are computed, 
and a novel training dataset including all cluster centroids is 
generated. Subsequently, the 1NN algorithm is executed on this 
processed training dataset, employing the single nearest neighbor 
for classification.

• Weight Adjusted KNN (W-KNN): This variant emphasizes the 
utilization of attribute weighting (Han et al., 2001). The algo-
rithm first assigns weights to each training data point using a 
kernel function, assigning greater weight to closer points and 
lesser weight to farther points. The frequency of all nearest neigh-
bors is then used to predict the output class of a given testing 



J. Jiang et al. Expert Systems With Applications 280 (2025) 127465 
Fig. 1. Best and non-best neighbor areas are divided via search space division mechanism (𝑘 = 5).
data point. This variant considers the classification importance 
of different attributes when defining the kernel function for a 
multi-attribute dataset.

• Hassanat Distance KNN (H-KNN): The Hassanat KNN algo-
rithm emphasizes the distance measurement formula (Alkasass-
beh et al., 2015). This variant introduces a novel approach to 
determining the distance between two data points. The Hassanat 
distance metric computes the nearest neighbors of a testing query 
and applies the majority voting rule, resembling the traditional 
KNN algorithm.

• Generalized Mean Distance KNN (GMD-KNN): This variant 
is based on employing local vector constructions and repeated 
calculations of generalized mean distance (Gou et al., 2019). The 
algorithm stores sorted lists of 𝑘-nearest neighbors for each class, 
transformed them into local mean vectors, and performs repeated 
mean distance calculations to obtain the final distance value 
for each class relative to the testing query. The class with the 
shortest distance to the testing query is confirmed as the correct 
prediction.

• Mutual KNN (M-KNN): The Mutual KNN algorithm focuses on 
mutual neighbors (Dhar et al., 2020). It transforms the train-
ing dataset by eliminating sets lacking mutual 𝑘-nearest neigh-
bors with other sets, reducing anomalies and noise. The method 
identifies the 𝑘-nearest neighbors of the testing dataset’s nearest 
neighbors by using the testing dataset to identify the 𝑘-nearest 
neighbors from the training dataset. The majority voting rule is 
then applied to classify the testing datasets.

• Ensemble Approach KNN (EA-KNN): This approach solves the 
problem of having a fixed 𝑘 parameter for classification (Hassanat 
et al., 2014). The algorithm finds the 𝑘-nearest neighbors of a 
testing data point by using a 𝐾𝑚𝑎𝑥 value of √𝑛, where 𝑛 is the 
size of the training dataset. It sorts the list of nearest neighbors 
based on distance and conducts weight summation operations, 
involving iteratively adding an inverse logarithm function for 𝑘
values ranging from 1 to 𝑘𝑚𝑎𝑥 in increments of 2. The class 
with the highest weight summation is identified as the predicted 
classification for the testing query.

The KNN algorithm classify data by measuring the distance between 
different eigenvalues. The working principle of the KNN algorithm can 
be summarized as follows.

For the input (training datasets): 𝐷 = {(𝑥1, 𝑦1), (𝑥2, 𝑦2), . . . ,(𝑥𝑁 , 
𝑦𝑁 )}, where 𝑥𝑖 ∈ 𝑋 ⊆ 𝑅𝑛 is an instance feature vector, 𝑦𝑖 ∈ 𝑌 = { 𝑐1, 
𝑐2, . . . , 𝑐𝑘 } is the class of the instance, i=1, 2, . . . ,N.

For the output (the class y for the input x): firstly, according to 
a given distance metric, find 𝑥 in the training set D such that x is 
among the k nearest neighbor points, covering the k points x as the 
field called 𝑁𝑘(𝑥). Secondly, determine the category (y) of the x: 𝑦 =
𝑎𝑟𝑔𝑚𝑎𝑥𝑐𝑗

∑

𝑥𝑖∈𝑁𝑘(𝑥) 𝐼(𝑦𝑖 = 𝑐𝑖) according to the classification decision 
rules in 𝑁𝑘(𝑥) (e.g., majority voting). The result of KNN algorithm 
depends greatly on the choice of k (Abu et al., 2019; Li et al., 2024).

The KNN algorithm is described as follows:
4 
Step 1: Calculate the distance between test data and each training 
data point.

Step 2: Sort by increasing distance.
Step 3: Select k points with the smallest distances.
Step 4: Determine the frequency of occurrence of the category in 

which the first k points belong.
Step 5: Return the most frequent category among the first k points 

as the predicted classification of test data.
Incorporating the KNN mechanism into the TSA algorithm necessi-

tates developing novel balance mechanisms to regulate the equilibrium 
between global and local search phases. Consequently, Section 3 elab-
orates extensively on integrating the enhancements mentioned above 
into the TSA framework.

3. Method

In certain research literature concerning the TSA algorithm, nu-
merous scholars have highlighted the potential occurrence of local 
optimal solutions or even the challenge of encountering local stagna-
tion when applied to complex optimization problems (Gharehchopogh, 
2022; Jiang et al., 2022, 2023). To address these concerns, integrat-
ing the KNN and a novel dynamic adjustment mechanism has been 
introduced to enhance the basic TSA algorithm.

As shown in Eqs. (2) and (3), each agent updates its position driven 
by the ST  threshold. Although the current local optima 𝐵𝑗 is concerned 
by Eq. (2), seeds are generated randomly around the tree. These seeds 
may take the solution to a worse search space and slow down the 
convergence (Jiang et al., 2022). A lower ST  has been verified to 
provide a more powerful solution (Jiang et al., 2019).

This section uses the KNN mechanism to optimize the balance 
parameter ST. The tree population around the current best tree is 
divided into two spaces: best neighbor area and the non-best neighbor 
area. Trees in different areas will generate seeds with different ST. If a 
tree is always beyond the best neighbor area, we will migrate it to the 
best neighbor area of the best tree by Eq. (8). Additionally, we improve 
the seed generation approach with Eq. 3.4 to fit our new mechanism. 
A binary-switched seed generation mechanism is introduced to control 
tree migration and avoid dismissing promising solution. The seed will 
converge to the best position more effectively in high-dimensional 
complex problems. Table  2 lists all the parameters used in KATSA.

3.1. Search space division mechanism

The seed position is essential in the TSA (Kiran, 2015). We divide 
the tree search space into two areas based on the relative distance to 
the current best tree: the best neighbor area and the non-best area as 
shown in Fig.  1.

3.1.1. Best neighbor area
Neighbor trees will have more opportunities to search for the best 

tree. This strategy of search will lead to an effective local search and 
enhanced exploitation capability. Therefore, we select two neighbor 
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Table 2
Parameters used in KATSA.
 Parameters Symbol  
 𝑘 The number of neighbors in the best neighbor area  
 𝑟𝑎𝑛𝑑 A random number in range of [0, 1]  
 N Number of trees in a population  
 𝑠𝑐𝑝(𝑖) The search control parameter of 𝑖𝑡ℎ tree  
 𝑏𝑐𝑝(𝑖) The binary control parameter of 𝑖𝑡ℎ grownup seed  
 𝑆𝑖,𝑗 𝑗𝑡ℎ dimension of the 𝑖𝑡ℎ seed  
 𝐵𝑗 the 𝑗𝑡ℎ dimension of best tree location  
 𝑇𝑖,𝑗 𝑗𝑡ℎ dimension of the 𝑖𝑡ℎ tree  
 𝑇𝑛,𝑗 Randomly selected from the non-best neighbor area in 𝑗𝑡ℎ dimension  
 
𝑇𝑟,𝑗

The neighbor of 𝑖𝑡ℎ tree in 𝑗𝑡ℎ dimension,  
 𝑟 is the random index generate from the trees population  
 𝑇𝑏1,𝑗 Randomly selected from the best neighbor area in 𝑗𝑡ℎ dimension  
 𝑇𝑏2,𝑗 Randomly selected from the best neighbor area, but different with 𝑇𝑏1,𝑗 in 𝑗𝑡ℎ dimension 
Fig. 2. Dynamic Serch Tendecy Regulation Mechanism — Tree Migration.
Fig. 3. Seed generation mechanism of the KATSA.
trees randomly to generate new seeds, and the indices of these trees 
can be generated using Eq. (5). 

𝑏1, 𝑏2 = 𝑓𝑖𝑥(𝑟𝑎𝑛𝑑 × 𝑘) + 1 (5)

3.1.2. Non-best neighbor area
The KNN mechanism divides the search space into two spaces. In 

the best neighbor area, seeds can be effectively generated around the 
best tree. In the non-best neighbor area, seeds should be generated in 
potentially valuable area to avoid local stagnation. The selection of 
non-neighbor tree’s index as Eq. (6). 

𝑛 = 𝑓𝑖𝑥(𝑟𝑎𝑛𝑑 × (𝑁 − 𝑘 − 1)) + 1 (6)
5 
3.2. Dynamic search tendency regulation mechanism

In different search sub-space, seeds should be generated using dif-
ferent balance strategies. A dynamic 𝑆𝑇  should be adopted for different 
areas. If a tree constantly searches far from the current best tree and 
cannot find a seed to replace it, the tree should be migrated to the best 
neighbor area. The search control parameter (𝑠𝑐𝑝) accomplishes this. 
The 𝑠𝑐𝑝 will be updated by Eq. (7). 
𝑠𝑐𝑝(𝑖) = 𝑠𝑐𝑝(𝑖) + 1 (7)

If 𝑠𝑐𝑝 reaches a value of 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑, it means the tree generates 𝑁
seeds, but it cannot be evolved in the non-best neighbor area. The tree 
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Fig. 4. The process of KNN-based seed generation mechanism.
will be migrated towards the best neighbor area through Eq. (8), and 
the 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 is calculated using Eq. (9). The tree migration process is 
shown in Fig.  2. 
𝑇𝑖,𝑗 = 𝐵𝑗 + (𝑇𝑛,𝑗 − 𝑇𝑟,𝑗 ) × 𝑐𝑜𝑠(𝑟𝑎𝑛𝑑 × 2 × 𝜋) (8)

𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 = 𝑁∕𝑛𝑠 (9)

After a tree has been migrated to the best neighbor area, its 𝑆𝑇
will be changed to 0.8 for enhancing local search, and its 𝑠𝑐𝑝 will be 
reinitialized. Tree migration can reduce local stagnation. After a tree is 
migrated to the best neighbor area, its seeds can cover the area near 
the best tree more completely.

3.3. Binary-switched seed generation mechanism

Trees will be migrated when the 𝑠𝑐𝑝 reaches a threshold value. 
Based on the previous mechanism, many unnecessary tree migrations 
may occur, resulting in many wasted evaluations. Therefore, if a seed 
replaces its tree, the new tree should not trigger the tree migration 
process. We give a flag named binary control parameter (𝑏𝑐𝑝) and set 
its 𝑆𝑇  value to a high level, leading the new seed to search the vicinity. 
The binary control parameter is assigned to False.

When a seed replace its tree, the new tree will update its 𝑏𝑐𝑝(𝑖) value 
to True and reinitialize after producing the next generation of seeds. 
The new tree is expected to search its neighbors more efficiently, so the 
seed generation mechanism differs from the KNN-based seed generation 
mechanism in Eq. , and its effective search is shown in Fig.  3. 

⎧

⎪

⎪

⎨

⎪

⎪

⎩

𝑆𝑖,𝑗 = 𝑇𝑖,𝑗 + (𝑇𝑖,𝑗 − 𝑇𝑟,𝑗 ) × 𝑠𝑖𝑛(𝑟𝑎𝑛𝑑 × 2 × 𝜋) × 0.05 , if 𝑆𝑇 < 𝑟𝑎𝑛𝑑,

𝑆𝑖,𝑗 =
𝑇𝑖,𝑗 + 𝐵𝑗

2
+ (𝑇𝑛,𝑗 − 𝐵𝑗 ) × cos(𝑟𝑎𝑛𝑑 × 𝜋 × 2) , if 𝑆𝑇 ≥ 𝑟𝑎𝑛𝑑.

(10)

3.4. New algorithm: KNN ameliorated tree seed algorithm (KATSA)

The proposed KATSA algorithm uses the KNN method to divide the 
best and non-best neighbor areas based on the current best tree. An 
excessive value of 𝑘 will affect the decision on the best neighbor area 
and its convergence speed.
6 
Fig. 5. Schematic diagram of the evolution process of TSA.

The seed is generated based on two trees in the best neighbor area 
when its random number is lower than 𝑆𝑇 . When the random number 
is larger than 𝑆𝑇 , the trees in the non-best neighbor area should also be 
considered. The equation is shown in Eq. 3.4. The mechanism is present 
vividly in Fig.  4. 
⎧

⎪

⎪

⎨

⎪

⎪

⎩

𝑆𝑖,𝑗 = 𝑇𝑖,𝑗 + (𝑇𝑏1 ,𝑗 − 𝑇𝑏2 ,𝑗 ) × sin(𝑟𝑎𝑛𝑑 × 𝜋 × 2) , if 𝑆𝑇 < 𝑟𝑎𝑛𝑑,

𝑆𝑖,𝑗 =
𝑇𝑖,𝑗 + 𝐵𝑗

2
+ (𝑇𝑛,𝑗 − 𝐵𝑗 ) × cos(𝑟𝑎𝑛𝑑 × 𝜋 × 2) , if 𝑆𝑇 ≥ 𝑟𝑎𝑛𝑑.

(11)

The workflow diagrams for TSA and KATSA are depicted in Figs.  5
and 6, respectively.

In Fig.  5-a, trees can be generated in the search space (e.g., 6 trees) 
and the function fitness of the trees is evaluated (Kiran, 2015).

In Fig.  5-b, the number of seeds for each tree is dynamic. For clearer 
observation, we chose some of its seeds to show.

In Figs.  5-(c, d) each seed is compared with its parent tree, and the 
best seed is retained for further evolution.
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Fig. 6. Schematic diagram of the evolution process of KATSA.

Fig. 7. The flow chart for the KATSA.
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In Fig.  6-a, trees are planted in the search space, and the search 
space is segregated by the KNN mechanism into the best neighbor area 
and non-best neighbor area in Fig.  6-b.

If a tree cannot be replaced by its seeds for a long time, it will be 
migrated based on the dynamic search tendency regulation mechanism 
as shown in Fig.  6-c.

In Fig.  6-d, after tree migration, the seed will be generated via the 
KNN-based seed generation mechanism.

In Fig.  6-e, the generated seed will be as in TSA. In the KATSA, new 
trees will be marked. These markers are vividly represented in Fig.  6-f, 
which demonstrates that the new best neighbor area is set after tree 
replacement.

The marked tree will generate seeds by the KNN-based tree migra-
tion mechanism, and seeds will spawn in the immediate vicinity of the 
tree. The inset of Fig.  6-g shows the mechanism.

After all the mechanisms have been carried out, the iteration will 
go to the next loop, as shown in Fig.  6-h.

The primary steps are expressed in Algorithm 1, and the flowchart 
of KATSA is shown in Fig.  7.

3.5. Discussion on KATSA computational complexity

In this study, the complexity of the proposed KATSA is primarily 
influenced by several factors: the population size (N), the number of 
seeds generated per tree (ns), the problem’s dimensionality (D) and the 
maximum number of iterations (MaxIters). These factors are the same 
as the basic TSA.

Regarding tree generation and initialization, N trees are created, 
each having D dimensions. Therefore, the time complexity for initial-
ization is 𝑂(𝑁 ×𝐷).

For the entire population of trees’ updates, the entire population 
needs to be updated for MaxIters iterations. Thus, the time complexity 
incurred during this process is 𝑂(𝑀𝑎𝑥𝐼𝑡𝑒𝑟𝑠 ×𝑁).

Moreover, each tree requires generating seeds, with ns being the 
number of seeds generated per tree. Each seed corresponds to a solution 
for the problem, with each solution having D dimensions. Hence, for 
each tree, generating a generation of seeds has a time complexity of 
𝑂(𝑛𝑠×𝐷). As each tree generates a batch of seeds, the time complexity 
for seed generation across all trees is 𝑂(𝑁 × 𝑛𝑠 ×𝐷).

Summing up the factors above, the overall complexity of the pro-
posed algorithm can be expressed as 𝑂(𝑁 ×𝐷+𝑀𝑎𝑥𝐼𝑡𝑒𝑟𝑠×𝑁 ×𝑛𝑠×𝐷). 
This is the same as the basic TSA.

4. Experiments and discussion

In this section, we design three experiments to evaluate the per-
formance of KATSA. Section 4.1 introduces the parameter settings in 
the following experiments, in Section 4.2, we try to obtain the optimal 
value of k by sensitivity analysis experiments, Section 4.3 introduces 
the qualitative analysis of KATSA, Section 4.4 introduces the quanti-
tative analysis, Section 4.5 analyzes the experiments data from Sec-
tion 4.4, Section 4.6 gives the statistical experiments to prove that 
KATSA performs significantly than other algorithms. To further prove 
the application of KATSA, we use KATSA to solve three real-world 
problems in Section 4.7.

4.1. Experiment setting

To further evaluate its performance, KATSA was compared with 
other state-of-the-art algorithms and several variants as shown in Table 
3.

To ensure the fairness of the experiment, this paper reviews the data 
sets and parameters used by some comparison algorithms in the original 
paper. This information is shown in Tables  4 and 5. According to the 
statistical results, we used the IEEE CEC 2014 benchmark function as 
the experiment data set for the experiment. More information about the 
CEC 2014 benchmark function can be found in Tables  13 and 14. 
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Algorithm 1 The pseudo code of the KATSA.
Step 1. Initialize of the algorithm
1.1 Set up the number of tree population (N);
1.2 Set the dimensionality of the problem (D);
1.3 Decide the termination condition (MaxIters);
1.4 Generate 𝑁 random tree locations on the D-dimensional search 

space;
1.5 Evaluate the tree location using objective function specified for 

the problem;
1.6 Select the best solution;
1.7 Set the number of neighbor for best tree (𝑘);
1.8 For all trees set the search control parameter (𝑠𝑐𝑝) as 0;
1.9 For all trees set the binary control parameter (𝑏𝑐𝑝) as False.
1.10 Generate threshold by Eq.  (9)

Step 2. Search with seeds
For all trees

2.1 Decide the number of seeds produced for this tree;
2.2 Calculate tree’s Euclidean distance to best tree;
2.3 If tree belongs to the best neighbor area of best tree 

then;
Set this tree 𝑆𝑇  = 0.8;
Set this tree 𝑠𝑐𝑝 = 0;

Else
Update this tree 𝑠𝑐𝑝 by Eq.  (7)
If this tree 𝑠𝑐𝑝 ≥ 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 then

Migrate this tree by Eq.  (8);
Set this tree 𝑆𝑇  = 0.8;

Else
Set this tree 𝑆𝑇  = 0.2;

End if
End if

2.4 If this tree 𝑏𝑐𝑝 is True then
Set this tree 𝑏𝑐𝑝 = False;
Set this tree 𝑆𝑇 = 0.8;
For all seeds

For all dimensions
Update this dimension using

End for
End for

Else
For all seeds

For all dimensions
Update this dimension using 

Section 3.4
End for

End for
End if

2.5 Select the best seed;
2.6 Seed substitutes for this tree, if the seed objective value 

is better than its tree.
End for

Step 3. Select of Best Solution
3.1 Select the best solution of population ;
3.2 New best solution substitutes for the previous best solution, set 

𝑠𝑐𝑝 = 0 and set 𝑏𝑐𝑝 = True, if new best solution is better than the 
previous best solution;
Step 4. Experiment Termination condition
Go to Step 2, if termination condition is not met. 

Step 5. Report
Report the best solution.
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Table 3
Comparative algorithm used in the experiments.
 Categories Algorithms Authors and years  
 

TSA with its variants

TSA Kiran (2015)  
 EST_TSA Jiang et al. (2019)  
 STSA Jiang, Xu et al. (2020)  
 fb_TSA Jiang, Meng et al. (2020)  
 MTSA Jiang et al. (2022)  
 
Classic algorithms

GA Holland and Reitman (1977)  
 PSO Kennedy and Eberhart (1995) 
 BA Yang and Hossein (2012)  
 BOA Arora and Singh (2019)  
 Recent popular algorithms GWO Mirjalili et al. (2014)  
 RSA Abualigah et al. (2022)  
 DE variant LSHADE Tanabe and Fukunaga (2014) 

4.2. Sensitivity analysis

To obtain an optimal value of parameter 𝑘, we have conducted 
experiments by testing the KATSA algorithm on the IEEE CEC 2014 
benchmark function sets with different dimensions of 30, 50 and 100. 
Furthermore, we designed experiments using seven different values of 
𝑘 to observe their impact on convergence performance.

The summary results are presented in Table  6. The number in Table 
6 indicates how many first ranks are obtained in each dimension when 
𝑘 = 𝑛. Each experimental test involved 30 rounds with 500 iterations. 
More details can be found in Tables  15–17. The data indicate that for 
dimensions 30 and 100, using 𝑘 = 2 yields better results. However, in 
the case of dimension 50, 𝑘 = 4 produces superior results compared to 
𝑘 = 2. Based on the experimental results and for simplicity, we chose 
𝑘 = 2 for subsequent experiments.

4.3. Qualitative analysis

To make a qualitative analysis of the proposed algorithm, we con-
duct experiments to observe its performance. The experiments include:

• In Fig.  8(a), we record the tree’s position in the 500 iteration 
experiments. The whole range is the search space. The iteration’s 
change will vary the point color, and the color will change from 
green to blue. The last point is red, indicating global optimal 
solution. It shows a wide distribution of the trees in the search 
space, and the color shows the fast convergence to the global 
optima.

• We track the tree’s position in the first dimension. From Fig.  8(b), 
we notice that in the former phase of the search history, Eq. 3.4 
varies in a vast range, to the latter phase of the search history, 
Eq.  applies, causing trees to change within a narrow range.

• Fig.  8(c) and (d) show the convergence of KATSA in 500 itera-
tions. Fig.  8(c) records the average fitness history in the whole 
population, while Fig.  8(d) shows the global optima’s conver-
gence. The convergence curve shows that KATSA can converge 
to the global optima at high speed and efficiently.

By analyzing Fig.  8, we can conclude that KATSA can quickly 
converge to the global optima. The experimental data in Section 4.4 
support this view.

4.4. Quantitative analysis

In this section, we design three experiments to prove the superiority 
of KATSA. The experiments’ results support our views. In Section 4.4.1, 
KATSA is compared with other variants of TSA, and the results show 
that KATSA is better than the variants of TSA. In Section 4.4.2, we 
added other metaheuristic algorithms to implement the comparative 
experiments, and the results show that KATSA has a strong ability to 
solve complex problems. In Section 4.4.3, we draw the boxplot based 
on experiment results. These boxplots show the stability of KATSA.
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4.4.1. Comparison of KATSA and variants of TSA
The comparison results for KATSA, EST-TSA, fb_TSA, TSA, STSA and 

MTSA in dimensions 30, 50 and 100 are presented in Tables  18–20. 
Each value in these tables represents the average of the best values 
obtained from 30 rounds of experiments, with 500 iterations per round. 
These results reflect the convergence performance of these algorithms, 
a crucial metric for evaluating their superiority.

Additionally, visual representations of the convergence curves for 
these algorithms are shown in Figs.  9–11, we documented the con-
vergence process generated over 500 iterations for each round of the 
experiment. Specifically, for a given iteration within one of the 30 
rounds, the algorithm produced 30 local optima. Taking the average 
of these 30 local optima at each iteration forms a point on the line 
in the graph. The slopes of these lines at specific points represent 
its convergence speed at those moments. These visualizations aid in 
analyzing both the convergence speed and solution quality of these 
algorithms.

These experimental results underscore that leveraging the KNN 
mechanism to partition the search space around the best tree enhances 
its convergence speed significantly. Furthermore, the improvements 
in the seed position update formula (Eq. 3.4) enable the KATSA to 
achieve better results compared to previous variants of TSA. Based on 
the experimental findings in this section, we assert that the proposed 
KATSA outperforms other TSA algorithms and their variants.

4.4.2. Comparison of KATSA and other algorithms
In order to further demonstrate the effectiveness of the proposed 

algorithm, additional experiments were conducted. We selected classi-
cal heuristic optimization algorithms (such as GA and PSO) and novel 
algorithms (like RSA and LSHADE) for comparative experiments with 
the innovative algorithm proposed in this paper. Additionally, the 
parameters for each algorithm were set as outlined in Table  5, adhering 
to the settings provided in their original papers.

Tables  21–23 document the average best values achieved by KATSA 
and other comparative algorithms. The tables also present the av-
erage rankings of each algorithm throughout the entire comparative 
experiment. The results in these tables indicate that KATSA performs 
well in solving multimodal problems. This suggests that the dynamic 
adjustment mechanism and the tree migration mechanism of KATSA 
contribute to its ability to avoid local optima.

Figs.  12–14 depict the convergence processes of KATSA compared to 
other comparative algorithms across different dimensions. In
Figs.  12(a), 12(c), 13(d), 13(e), 14(b) and 14(f), it is observable that the 
convergence speed of KATSA is superior to that of other comparative 
algorithms, particularly in the initial iterations where KATSA’s conver-
gence curve slope is steeper than that of other algorithms. The KNN 
mechanism contributes to KATSA’s convergence speed, while the binary 
seed generation mechanism prevents KATSA from getting trapped in 
local optima, particularly in multimodal problems. The ranking results 
of all the comparative algorithms are shown in Table  7.

Table  8 summarizes the experimental results in this section. The 
table displays the number of times KATSA wins, ties or loses in compar-
isons with different algorithms on each objective function. The results 
indicate that in low-dimensional functions, KATSA performs compa-
rably to other comparative algorithms. However, in high-dimensional 
experiments, KATSA achieves significantly superior results than other 
algorithms. Therefore, we conclude that the proposed KATSA algorithm 
excels at solving high-dimensional problems compared to the other 
algorithms.

4.4.3. Stability analysis of the proposed KATSA
In this section, we present boxplots of experimental results that 

assist in analyzing the stability of the KATSA algorithm. In these 
boxplots (Figs.  15–17), the 𝑥-axis represents the proposed KATSA along 
with some comparative algorithms.
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Table 4
The data sets adopted by some comparative algorithms.
 Algorithms Criteria  
 EST-TSA 19 benchmark functions &

1 real-world problem
 

 fb_TSA IEEE CEC 2014 benchmark functions &
4 real-world problems

 

 TSA 24 benchmark functions  
 STSA 24 benchmark functions &

2 real-world problems
 

 MTSA IEEE CEC 2014 benchmark functions &
3 real-world problems

 

 GWO 23 benchmark functions, 
6 of which are from IEEE CEC 2005 benchmark functions

 

 BA 8 real-world problems  
 BOA IEEE CEC 2013 benchmark functions & 

3 real-world problems
 

 RSA 23 benchmark functions ( 13 from IEEE CEC 2017 and 10 from IEEE CEC 2019 ) &
7 real-world problems

 

 LSHADE IEEE CEC 2014 benchmark functions  
Table 5
The initial parameters of comparative algorithms.
 Algorithms Parameters Values  
 KATSA neighbor tree number (𝑘) 2  
 EST-TSA ST 0.1  
 fb_TSA null null  
 TSA ST 0.1  
 STSA 𝑆𝑇 0.1  
 MTSA 𝑆𝑇 0.1  
 GA Type Real coded  
 Selection Roulette wheel  
 Crossover Probability = 0.7  
 Mutation Probability = 0.2  
 PSO Acceleration constants 0.2  
 GWO ⃖⃗𝑎 linearly decreased from 2 to 0 
 BA Loudness(A) 0.5  
 Pulse rate (a) 0.5  
 Frequency minimum 0  
 Frequency maximum 2  
 BOA p 0.8  
 power exponent 0.1  
 sensory modality = 0.01  
 RSA Evolutionary Sence 2 × 𝑟𝑎𝑛𝑑𝑛 × (1 − (𝑖𝑡𝑒𝑟∕𝑚𝑎𝑥𝑖𝑡𝑒𝑟))  
 sensitive parameter controlling the exploration accuracy 0.005  
 sensitive parameter controlling the exploitation accuracy 0.1  
 LSHADE 𝑟𝑁 𝑖𝑛𝑖𝑡 30  
 𝑟𝑎𝑟𝑐 1.4  
 p 0.11  
 Historical memory size (H) 5  
By comparing these boxplots, we observe that the KATSA algorithm 
demonstrates relatively consistent performance across various experi-
ments, with high stability of the box and fewer outliers. This signifies 
that the KATSA algorithm consistently produces favorable outcomes 
in diverse experiment environments, validating its attribute of high 
stability.

4.5. Further analysis

To explain the performance of KATSA further, we need to analyze 
the experimental phenomena by combining the results of qualitative 
and quantitative experiments.

First, the KATSA algorithm is highly competitive compared to other 
TSA variants. This can be observed from the data in Tables  18–20. The 
KNN mechanism sorts out the best tree and other tree relationships 
and enables the proposed algorithm to converge quickly to the global 
optima.

Second, KATSA is better than other algorithms in solving high-
dimensional complex problems, as evidenced by the rank first and 
10 
Table 6
The summary results of the different 𝑘 values in different dimensions.
 Dimensions k = 2 k = 3 k = 4 k = 5 k = 6 k = 7 k = 8 
 D = 30 9 3 3 6 3 6 6  
 D = 50 4 6 7 5 5 5 4  
 D = 100 15 6 2 3 2 1 1  
 Number of first ranks 28 15 12 14 10 12 11  

average rank in Tables  21–23. However, solving low-dimensional prob-
lems is not significantly better than other algorithms. The reason is 
that when the algorithm faces low-dimensional problems, the KNN 
mechanism cannot divide best neighbor areas, reducing convergence 
speed. At the same time, this analysis also highlights that KATSA has 
room for improvement.

Third, the experimental results are shown in the boxplot Figs. 
16(b), 17(c) and 17(f) demonstrate that the algorithm proposed in 
this article is more stable and of better quality than the compara-
tive algorithms in this experiment. The experiment results of KATSA’s 
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Fig. 8. The qualitative analysis of KATSA in Function 1 and dimension 100 (search history(a), trajectory history(b), average fitness history(c), convergence curve(d)).
Fig. 9. Convergence curve of the KATSA, TSA and its variants in 30 dimensions.
Table 7
The ranking results of all algorithms in the experiment.
 Dimensions Rank type KATSA EST_TSA fb_TSA TSA STSA MTSA GA PSO GWO BA BOA RSA LSHADE 
 D = 30 Rank first 14 1 5 0 0 1 0 0 0 0 5 3 5  
 Average rank 2.47 5.9 3.73 5.97 9.07 3.53 9.57 6.7 7.37 12.93 9.8 10.2 3.77  
 D = 50 Rank first 16 1 0 0 1 1 0 0 0 0 5 3 7  
 Average rank 2.03 6.37 4.1 6.53 9.83 3.63 9.03 6.47 6.9 12.97 9.63 9.8 3.7  
 D = 100 Rank first 21 2 1 0 1 0 0 0 0 0 5 4 2  
 Average rank 2.03 6.27 4.93 7.47 10.47 3.9 8.67 6.37 5.9 13 9.3 8.63 4.07  
11 
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Fig. 10. Convergence curve of the KATSA, TSA and its variants in 50 dimensions.
Fig. 11. Convergence curve of the KATSA, TSA and its variants in 100 dimensions.
Table 8
The summary of the experimental results (KATSA compared with other algorithms).
 Algorithms EST-TSA fb_TSA TSA STSA MTSA GA PSO GWO BA BOA RSA LSHADE 
  
 D = 30 26/0/4 18/0/12 28/0/2 29/0/1 20/0/10 29/0/1 30/0/0 29/0/1 30/0/0 25/0/5 27/0/3 25/0/5  
 D = 50 26/0/4 27/0/3 29/0/1 29/0/1 27/0/3 28/0/2 30/0/0 29/0/1 30/0/0 25/0/5 27/0/3 22/0/8  
 D = 100 25/0/5 29/0/1 29/0/1 29/0/1 27/0/3 27/0/3 30/0/0 27/0/3 30/0/0 24/0/6 25/0/5 27/0/3  
boxes for some functions are smaller and lower than those of other 
comparative algorithms, highlighting its superior performance. Upon 
analysis, this superiority can be attributed to integrating the dynamic 
12 
search tendency regulation mechanism and the binary-switched seed 
generation mechanism proposed in this article. These mechanisms en-
able the proposed algorithm to adaptively adjust the optimization 
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Fig. 12. The convergence curve for the KATSA and other algorithms in 30D.
Fig. 13. The convergence curve for the KATSA and other algorithms in 50D.
process when facing different benchmark function experiments, leading 
to smaller standard deviations in multiple rounds of experiments and 
more reliable results.

4.6. Statistical experiments

Table  9 displays the results of Wilcoxon’s Signed-Rank Test con-
ducted on the experimental data of the KATSA algorithm compared 
to 12 other comparative algorithms. 𝑅+ is the sum of ranks for the 
problems in which the KATSA outperformed the others, and 𝑅− is the 
sum of ranks for the inverse (Derrac et al., 2011).
13 
We posit that KATSA surpasses the performance of the other com-
parative algorithms. If the 𝑝-value resulting from the experiment be-
tween KATSA and a comparative algorithm is smaller than the sig-
nificance level 𝛼, it signifies that KATSA’s performance is superior to 
the compared algorithm. Table  9 shows that KATSA outperforms other 
algorithms in most dimensions. As the table states, KATSA shows a 
significant improvement over all the comparison algorithms with a 
level of significance 𝛼 = 0.1 in 50 dimensions and all algorithms with 
𝛼 = 0.01 in 100 dimensions. This indicates that KATSA significantly 
outperforms the other algorithms in complex optimization problems.
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Fig. 14. The convergence curve for the KATSA and other algorithms in 100D.
Fig. 15. Boxplot of all comparative algorithms in 30D.
4.7. Practical engineering problems of mathematical modeling

According to the further analysis results in Section 4.5, KATSA per-
forms better in solving high-dimensional complex problems. Therefore, 
this section will adopt some problems with complex objective functions 
and many constraints to verify KATSA’s ability to perform on complex 
constrained problems: Rolling Element Bearing (Rao et al., 2011), 
Topology Optimization (Sigmund, 2001) and Wind Farm Layout Prob-
lem (Wang et al., 2017). These problems are widely discussed in some 
literature, and these problems’ definitions are from a test-suite (Kumar 
et al., 2020; Kunakote et al., 2022; Savsani et al., 2017; Smith & 
14 
Randall, 2015). In the results of the Tables  10–12, 𝑏𝑒𝑠𝑡 represents the 
best value obtained by the algorithm in 30 rounds of experiment, 𝑚𝑒𝑎𝑛
represents the average value results, and 𝑠𝑡𝑑 represents the standard 
deviation of results, 𝑤𝑜𝑟𝑠𝑡 represents the worst result. The remaining 
𝑥 value represents the best solution obtained by the algorithm when 
obtaining the best value.

4.7.1. Example 1: Rolling element bearing
The objective of this task is to enhance the load-carrying capacity 

of a rolling element bearing through the optimization of five design 
variables and five design parameters. These design variables encompass 
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Fig. 16. Boxplot of all comparative algorithms in 50D.
Fig. 17. Boxplot of all comparative algorithms in 100D.
the pitch diameter (𝐷𝑚), ball diameter (𝐷𝑏), as well as the coefficients 
for outer and inner raceway curvatures (𝑓𝑜 and 𝑓𝑖), in addition to 
the total number of balls (𝑍). Correspondingly, the design parameters 
involve 𝑒, 𝜖, 𝜁 , 𝐾𝐷max and 𝐾𝐷min, all of which are exclusively present 
within the constraints. These elements collectively constitute a set of 
ten variables — five design variables and five design parameters. The 
problem comprises nine intricate nonlinear constraints that are rooted 
15 
in considerations of manufacturing and kinematic factors, as detailed 
by Rao et al. (2011).

Maximize : 

𝑓 (�̄�) =

{

𝑓𝑐𝑍2∕3𝐷1.8
𝑏 ,  if 𝐷𝑏 ≤ 25.4 mm
2∕3 1.4 (12)
3.647𝑓𝑐𝑍 𝐷𝑏 ,  otherwise 
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Table 9
Results of the Wilcoxon’s test for KATSA and other algorithms.
 Dimensions Comparison 𝑅+ 𝑅− 𝑝-value Comparison 𝑅+ 𝑅− 𝑝-value  
 

D = 30

KATSA versus EST-TSA 413 52 1.74228E−04 KATSA versus PSO 465 0 1.73440E−06 
 KATSA versus fb_TSA 307 158 1.98610E−01 KATSA versus GWO 446 19 3.88218E−06 
 KATSA versus TSA 456 9 2.16302E−05 KATSA versus BA 465 0 1.73440E−06 
 KATSA versus STSA 451 14 3.18168E−06 KATSA versus BOA 442 23 2.22483E−04 
 KATSA versus MTSA 315 150 1.30592E−01 KATSA versus RSA 448 17 1.12654E−05 
 KATSA versus GA 461 4 2.87860E−06 KATSA versus LSHADE 390 75 1.95692E−02 
 

D = 50

KATSA versus EST-TSA 413 52 8.91873E−05 KATSA versus PSO 465 0 1.73440E−06 
 KATSA versus fb_TSA 443 22 1.74228E−04 KATSA versus GWO 446 19 3.88218E−06 
 KATSA versus TSA 464 1 9.31566E−06 KATSA versus BA 465 0 1.73440E−06 
 KATSA versus STSA 462 3 2.87860E−06 KATSA versus BOA 445 20 2.83079E−04 
 KATSA versus MTSA 424 41 8.18775E−05 KATSA versus RSA 451 14 1.49356E−05 
 KATSA versus GA 459 6 3.51524E−06 KATSA versus LSHADE 373 92 5.70965E−02 
 

D = 100

KATSA versus EST-TSA 423 42 1.74228E−04 KATSA versus PSO 465 0 1.73440E−06 
 KATSA versus fb_TSA 463 2 1.79885E−05 KATSA versus GWO 430 35 1.12654E−05 
 KATSA versus TSA 464 1 1.49356E−05 KATSA versus BA 465 0 1.73440E−06 
 KATSA versus STSA 462 3 2.87860E−06 KATSA versus BOA 439 26 3.88111E−04 
 KATSA versus MTSA 439 26 5.30699E−05 KATSA versus RSA 441 24 8.18775E−05 
 KATSA versus GA 453 12 8.46608E−06 KATSA versus LSHADE 432 33 1.11380E−03 
subject to :

𝑔1(�̄�) = 𝑍 −
𝜙0

2 sin−1
(

𝐷𝑏∕𝐷𝑚
)
− 1 ≤ 0,

𝑔2(�̄�) = 𝐾𝐷min(𝐷 − 𝑑) − 2𝐷𝑏 ≤ 0,

𝑔3(�̄�) = 2𝐷𝑏 −𝐾𝐷max(𝐷 − 𝑑) ≤ 0,

𝑔4(�̄�) = 𝐷𝑏 − 𝑤 ≤ 0,

𝑔5(�̄�) = 0.5(𝐷 + 𝑑) −𝐷𝑚 ≤ 0,

𝑔6(�̄�) = 𝐷𝑚 − (0.5 + 𝑒)(𝐷 + 𝑑) ≤ 0,

𝑔7(�̄�) = 𝜖𝐷𝑏 − 0.5
(

𝐷 −𝐷𝑚 −𝐷𝑏
)

≤ 0,

𝑔8(�̄�) = 0.515 − 𝑓𝑖 ≤ 0,

𝑔9(�̄�) = 0.515 − 𝑓0 ≤ 0,

where,

𝑓𝑐 = 37.91

⎧

⎪

⎨

⎪

⎩

1 +

⎧

⎪

⎨

⎪

⎩

1.04
(

1 − 𝛾
1 + 𝛾

)1.72
(

𝑓𝑖
(

2𝑓0 − 1
)

𝑓0
(

2𝑓𝑖 − 1
)

)0.41⎫
⎪

⎬

⎪

⎭

10∕3
⎫

⎪

⎬

⎪

⎭

−0.3

,

𝛾 =
𝐷𝑏 cos(𝛼)

𝐷𝑚
, 𝑓𝑖 =

𝑟𝑖
𝐷𝑏

, 𝑓0 =
𝑟0
𝐷𝑏

,

𝜙0 = 2𝜋 − 2

× cos−1
(

{(𝐷 − 𝑑)∕2 − 3(𝑇 ∕4)}2 +
{

𝐷∕2 − (𝑇 ∕4) −𝐷𝑏
}2 − {𝑑∕2 + (𝑇 ∕4)}2

2{(𝐷 − 𝑑)∕2 − 3(𝑇 ∕4)}
(

𝐷∕2 − (𝑇 ∕4) −𝐷𝑏
}

)

,

𝑇 = 𝐷 − 𝑑 − 2𝐷𝑏 , 𝐷 = 160, 𝑑 = 90, 𝐵𝑤 = 30.

with bounds : 
0.5(𝐷 + 𝑑) ≤ 𝐷𝑚 ≤ 0.6(𝐷 + 𝑑),

0.15(𝐷 − 𝑑) ≤ 𝐷𝑏 ≤ 0.45(𝐷 − 𝑑),

0.515 ≤ 𝑓0 ≤ 0.6, 0.515 ≤ 𝑓𝑖 ≤ 0.6,

0.4 ≤ 𝐾𝐷min ≤ 0.5, 0.6 ≤ 𝐾𝐷max ≤ 0.7,

4 ≤ 𝑍 ≤ 50, 0.3 ≤ 𝜖 ≤ 0.4,

0.02 ≤ 𝑒 ≤ 0.1, 0.6 ≤ 𝜁 ≤ 0.85.
The Table  11 displays optimization outcomes for a rolling element 

bearing. The 𝑏𝑒𝑠𝑡 and 𝑠𝑡𝑑 rows show that KATSA, TSA, fb_TSA and 
LSHADE yield consistent optimal solutions, underscoring effective con-
vergence. RSA and GWO exhibit more varied outcomes within this 
optimization study.

4.7.2. Example 2: Topology optimization
This problem primarily seeks to optimize the arrangement of ma-

terials to accommodate a specified range of loads. This optimization 
occurs within predefined design search parameters while adhering to 
constraints directly influencing system performance. The foundation of 
this problem rests upon the utilization of the power-law methodology. 
Mathematically, the problem can be articulated as presented in a prior 
work by Sigmund (Sigmund, 2001).

Minimize : 

𝑓 (�̄�) = 𝐔𝑇𝐊𝐔 =
𝑁
∑

(

𝑥𝑒
)𝑝 𝑢𝑇𝑒 𝑘0𝑢0 (13)
𝑒=1
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subject to :

ℎ1(�̄�) =
𝑉 (�̄�)
𝑉0

− 𝑓 = 0,

ℎ2(�̄�) = 𝐊𝐔 − 𝐅 = 0,

with bounds :
0 < �̄�min ≤ 𝑥 ≤ 1.

Table  10 presents results from topology optimization experiments. 
The 𝑠𝑡𝑑 row shows that KATSA with the exact best solutions exhibit 
extremely low standard deviations, which means KATSA has a robust 
convergence ability. In summary, the table indicates that KATSA and 
RSA get the optimal results in topology optimization problem.

4.7.3. Example 3: Wind farm layout problem
The arrangement of wind turbines within a wind farm significantly 

influences the power generation over its operational lifespan. The 
overarching goal of wind farm layout design is to enhance the overall 
power output by strategically optimizing the positioning of individual 
turbines. This optimization task can be formalized as outlined in a study 
by Wang et al. (2017).

Minimize : 

𝑓 =
𝑁
∑

𝑖=1
𝐸
(

𝑃𝑖
)

(14)

subject to :
𝑥 + 𝑅 ≤ 𝑥𝑖 ≤ �̄� − 𝑅,

𝑦 + 𝑅 ≤ 𝑦𝑖 ≤ �̄� − 𝑅,
√

(

𝑥𝑖 − 𝑥𝑗
)2 +

(

𝑦𝑖 − 𝑦𝑗
)2 ≥ 5𝑅, 𝑗 = 1, 2,… , 𝑁 and 𝑗 ≠ 𝑖,

where

𝐸(𝑃𝑖) =
ℎ
∑

𝑛=1
𝜉𝑛{𝑃𝑟(𝑒−(𝑣𝑟∕𝑐

′
𝑖 ((𝜃𝑛−1+𝜃𝑛)∕2))

𝑘𝑖 ((𝜃𝑛−1+𝜃𝑛 )∕2)

− 𝑒−(𝑣𝑐𝑜∕(𝑐
′
𝑖 ((𝜃𝑛−1+𝜃𝑛)∕2))

𝑘𝑖 ((𝜃𝑛−1+𝜃𝑛)∕2))

+
𝑠
∑

𝑗=1
(𝑒−(𝑣𝑗−1∕(𝑐′𝑖 ((𝜃𝑛−1+𝜃𝑛))∕2))

𝑘𝑖 ((𝜃𝑛−1+𝜃𝑛 )∕2)

− 𝑒−(𝑣𝑗∕(𝑐
′
𝑖 ((𝜃𝑛−1+𝜃𝑛)∕2)

𝑘𝑖 ((𝜃𝑛−1+𝜃𝑛 )∕2)) 𝑒(𝑣𝑗−1+𝑣𝑗 )∕2

𝛼 + 𝛽𝑒(𝑣𝑗−1+𝑣𝑗 )∕2
}

and, 𝜉𝑛 is the frequency of the interval 
[

𝜃𝑛−1, 𝜃𝑛
)

.
The experimental results are shown in Table  12. We can easily find 

that KATSA can obtain the best solution among the most compared 
algorithms from the result. That is saying KATSA can deal well with 
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Table 10
The result of topology optimization.
 KATSA TSA fb_TSA LSHADE RSA GWO ABC PSO

 best 2.6393E+00 2.6433E+00 2.6396E+00 2.6393E+00 2.6393E+00 2.7296E+00 2.6393E+00 2.6393E+00
 mean 2.6393E+00 2.6445E+00 2.6399E+00 2.6538E+00 2.6393E+00 2.9379E+00 2.6393E+00 2.6393E+00
 std 1.5384E−15 6.4121E−04 2.0046E−04 1.8124E−02 1.6718E−15 1.4334E−01 8.4485E−08 3.5296E−12
 worst 2.6395E+00 2.6460E+00 2.6403E+00 2.7073E+00 2.6393E+00 3.2886E+00 2.6393E+00 2.6393E+00

 ×1 1.000 0.976 1.000 1.000 1.000 0.256 1.000 1.000  
 ×2 1.000 0.996 0.999 1.000 1.000 0.312 1.000 1.000  
 ×3 1.000 0.997 0.999 1.000 1.000 0.877 1.000 1.000  
 ×4 1.000 1.000 1.000 1.000 1.000 0.479 1.000 1.000  
 ×5 1.000 0.998 1.000 1.000 1.000 0.989 1.000 1.000  
 ×6 1.000 0.999 1.000 1.000 1.000 0.999 1.000 1.000  
 ×7 1.000 0.999 1.000 1.000 1.000 1.000 1.000 1.000  
 ×8 1.000 0.999 1.000 1.000 1.000 0.999 1.000 1.000  
 ×9 1.000 0.999 1.000 1.000 1.000 0.999 1.000 1.000  
 ×10 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000  
 ×11 1.000 0.932 0.996 1.000 1.000 0.927 1.000 1.000  
 ×12 1.000 0.993 0.999 1.000 1.000 0.028 1.000 1.000  
 ×13 1.000 0.991 1.000 1.000 1.000 0.952 1.000 1.000  
 ×14 1.000 0.993 0.999 1.000 1.000 0.983 1.000 1.000  
 ×15 1.000 0.997 1.000 1.000 1.000 0.001 1.000 1.000  
 ×16 1.000 0.999 1.000 1.000 1.000 0.997 1.000 1.000  
 ×17 1.000 0.997 1.000 1.000 1.000 0.998 1.000 1.000  
 ×18 1.000 0.999 1.000 1.000 1.000 1.000 1.000 1.000  
 ×19 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000  
 ×20 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000  
 ×21 1.000 0.896 0.840 1.000 1.000 0.132 1.000 1.000  
 ×22 1.000 0.743 0.995 1.000 1.000 0.961 1.000 1.000  
 ×23 1.000 0.981 0.999 1.000 1.000 0.510 1.000 1.000  
 ×24 1.000 0.977 1.000 1.000 1.000 0.211 1.000 1.000  
 ×25 1.000 0.992 1.000 1.000 1.000 0.996 1.000 1.000  
 ×26 1.000 0.997 1.000 1.000 1.000 0.806 1.000 1.000  
 ×27 1.000 1.000 1.000 1.000 1.000 0.989 1.000 1.000  
 ×28 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000  
 ×29 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000  
 ×30 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000  
Table 11
The result of rolling element bearing.
 KATSA TSA fb_TSA LSHADE RSA GWO ABC PSO

 best 1.6958E+04 1.6958E+04 1.6958E+04 1.6958E+04 1.7768E+04 1.8006E+04 1.6958E+04 1.6958E+04
 mean 1.6958E+04 1.6958E+04 1.6958E+04 1.6958E+04 1.9593E+04 2.0794E+04 1.6958E+04 1.6958E+04
 std 7.4000E−12 1.1600E−11 7.4000E−12 7.4000E−12 1.4173E+03 1.5178E+03 4.1719E−02 5.2300E−06
 worst 1.6958E+04 1.6958E+04 1.6958E+04 1.6958E+04 2.2627E+04 2.3920E+04 1.6958E+04 1.6958E+04

 ×1 131.200 131.200 131.200 131.200 125.000 127.474 131.200 131.200 
 ×2 18.000 18.000 18.000 18.000 18.388 18.101 18.000 18.000 
 ×3 5.192 5.353 4.850 5.264 4.510 5.240 5.407 4.545 
 ×4 0.600 0.600 0.600 0.600 0.600 0.586 0.600 0.600 
 ×5 0.600 0.600 0.600 0.600 0.600 0.596 0.600 0.600 
 ×6 0.428 0.449 0.441 0.497 0.500 0.459 0.499 0.460 
 ×7 0.681 0.675 0.677 0.659 0.700 0.622 0.687 0.666 
 ×8 0.300 0.300 0.300 0.300 0.400 0.359 0.300 0.300 
 ×9 0.086 0.087 0.061 0.033 0.100 0.087 0.066 0.062 
 ×10 0.600 0.600 0.600 0.600 0.611 0.601 0.600 0.600 
high-dimensional problems. The table further provides insights into the 
optimized wind farm layouts through the variable values displayed. 

5. Conclusion and future work

This paper proposes a novel TSA variant called KATSA inspired by 
the KNN classifying principles. KATSA has improved the seed diver-
sity to achieve a good balance between exploration and exploitation, 
strengthening its capability to optimize complex problems. The major
contributions are outlined as follows:

Inspired by the KNN classifying principles, we proposed a search 
space division mechanism to divide the full search space into best 
and non-best neighbor areas for guiding the following search process. 
17 
The IEEE CEC 2014 benchmark functions validate that the methodolo-
gies integrated into TSA significantly enhance performance. Notably, 
KATSA outperforms the comparative algorithms in 100 dimensions 
with a significance level of 𝛼 = 0.01. At the same time, the pro-
posed KATSA provides more stable and excellent results on three 
complex real-world engineering problems compared with other algo-
rithms. Thus, the primary goal of improving TSA for solving complex 
optimization problems has been successfully achieved.

Despite these successes, there remain some limitations in this 
paper. Firstly, KATSA shows less competitive experiment results on 
low-dimensional or single-modal problems. Second, the dynamic search 
tendency mechanism aims to achieve a better balance between explo-
ration and exploitation. However, this mechanism uses an 𝑆𝑇  with 
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Table 12
The result of wind farm layout problem.
 KATSA TSA fb_TSA LSHADE RSA GWO ABC PSO

 best −6.2460E+03 −5.3235E+03 −5.5185E+03 −5.5185E+03 −4.9099E+03 −5.9411E+03 −5.5641E+03 −5.9097E+03
 mean −6.1064E+03 −5.0676E+03 −5.1508E+03 −5.1508E+03 −4.7599E+03 −5.6572E+03 −5.3827E+03 −5.3385E+03
 std 7.7296E+01 9.0202E+01 1.4086E+02 1.4086E+02 7.4967E+01 2.0717E+02 7.6716E+01 2.0454E+02
 worst −5.9070E+03 −4.9202E+03 −4.9556E+03 −4.9556E+03 −4.6131E+03 −5.2437E+03 −5.2554E+03 −4.9631E+03

 ×1 1895.916 585.875 1149.847 1149.847 167.760 1041.440 1960.000 724.803 
 ×2 523.825 1271.793 1861.020 1861.020 895.593 304.502 434.503 1676.129 
 ×3 975.875 134.327 1756.872 1756.872 1748.161 106.304 1911.896 1921.560 
 ×4 40.035 908.955 415.095 415.095 1393.272 1507.836 1192.409 437.581 
 ×5 192.448 1043.616 1612.290 1612.290 825.212 1872.907 348.930 337.832 
 ×6 1959.981 1119.908 1684.734 1684.734 558.943 924.785 1960.000 1957.863 
 ×7 1959.956 622.321 237.298 237.298 625.975 90.443 1791.350 1830.285 
 ×8 50.250 1710.308 1600.633 1600.633 105.377 1958.814 1960.000 182.404 
 ×9 1059.472 1788.275 1024.547 1024.547 1881.943 1583.425 634.962 986.434 
 ×10 1959.994 1870.878 735.411 735.411 458.699 1578.262 824.766 666.333 
 ×11 348.266 1768.606 1684.924 1684.924 1907.192 48.173 491.273 242.194 
 ×12 1569.704 376.214 96.078 96.078 1828.379 569.838 1513.377 262.351 
 ×13 792.698 998.545 371.165 371.165 1016.060 117.832 40.000 40.003 
 ×14 761.137 544.819 344.509 344.509 1001.570 308.352 894.274 71.440 
 ×15 1046.090 321.880 355.239 355.239 1199.557 932.031 1960.000 1711.544 
 ×16 268.059 360.305 53.441 53.441 209.867 1955.269 40.000 1062.178 
 ×17 1959.999 1274.236 710.145 710.145 497.671 1936.826 40.000 1746.829 
 ×18 1959.986 906.892 1197.431 1197.431 1958.454 1957.136 40.000 1370.332 
 ×19 1929.027 902.319 1686.420 1686.420 1226.287 1024.732 613.126 1756.546 
 ×20 1502.610 116.772 1225.144 1225.144 1355.873 66.015 423.317 1643.034 
 ×21 291.994 959.586 1614.032 1614.032 56.876 466.275 1260.684 1725.497 
 ×22 1083.156 1555.426 983.320 983.320 1319.063 884.338 40.000 1960.000 
 ×23 40.003 1788.275 256.535 256.535 1732.952 1797.135 1742.063 1781.735 
 ×24 544.450 117.968 1880.624 1880.624 814.081 499.381 1466.655 673.525 
 ×25 1958.940 1786.691 1714.245 1714.245 1198.716 53.898 199.888 595.292 
 ×26 1085.224 672.415 625.987 625.987 1922.051 58.203 469.014 1366.645 
 ×27 40.000 319.284 241.568 241.568 710.762 1926.542 40.000 803.065 
 ×28 40.000 1842.032 1359.570 1359.570 1327.133 1201.946 1567.481 1088.728 
 ×29 40.000 77.232 1045.318 1045.318 1467.651 398.544 1960.000 174.445 
 ×30 40.000 1535.120 1588.430 1588.430 1629.077 1269.772 879.345 672.235 
two different but constant values for dynamic regulation, which can-
not adapt to different optimization problems. Third, the conclusions 
are based on single-objective optimization benchmark functions, while 
KATSA needs to be verified by using multi-objective ones. Fourth, 
KATSA’s capability is evaluated by three real-world engineering opti-
mization problems, but these experiments do not confirm that KATSA 
can solve all real-world problems across various fields.

For future work, we plan to enhance KATSA’s capabilities in several 
aspects. First, a dynamic seed generation strategy should be proposed to 
address its low competitive performance in low-dimensional or single-
modal problems. Second, a linear or non-linear dynamic 𝑆𝑇  will be 
necessary to adapt to different problems to achieve a better balance 
between exploration and exploitation. Third, when solving financial 
problems, the data that needs to be processed is usually huge in quan-
tity and complex in attributes. This means that completing some tasks 
requires more time and space costs. For example, credit default risk pre-
diction and supply chain optimization. Using evolutionary algorithms 
to select features from financial data has become a research hotspot. 
KATSA performs well in solving complex problems, so adopting KATSA 
incorporated with feature selection can better solve complex financial 
problems. Fourth, there are many saddle points in the deep learning 
model training process, which can easily lead to the stagnation of 
model training. The proposed KATSA algorithm can complete global 
optimization in complex problems, so it is expected to provide a better 
solution when solving deep learning model training.
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Table 13
Definitions of the basic functions.
 Function name Function details  
 High Conditioned Elliptic Function 𝑓1(𝑋) =

∑𝐷
𝑖=1

(

106
) 𝑖−1

𝐷−1
𝑋2

𝑖  
 Bent Cigar Function 𝑓2(𝑋) = 𝑋2

1 + 106
∑𝐷

𝑖=1 𝑋
2
𝑖  

 Discus Function 𝑓3(𝑋) = 106𝑋2
𝑖 +

∑𝐷
𝑖=1 𝑋

2
𝑖  

 Rosenbrock’s Function 𝑓4(𝑋) =
∑𝐷−1

𝑖=1

(

100
(

𝑋2
𝑖 −𝑋𝑖+1

)2 +
(

𝑋𝑖 − 1
)2
)

 
 Ackley’s Function 𝑓5(𝑋) = −20 exp

(

−0.2
√

1
𝐷

∑𝐷
𝑖=1 𝑋

2
𝑖

)

− exp
(

1
𝐷

∑𝐷
𝑖=1 cos

(

2𝜋𝑋𝑖
)

)

 
 Weierstrass Function 𝑓6(𝑋) =

∑𝐷
𝑖=1

(

∑𝑘𝑚𝑎𝑥
𝑘=0

[

𝑎𝑘 cos
(

2𝜋𝑏𝑘
(

𝑋𝑖 + 0.5
))]

)

−𝐷
∑𝑘𝑚𝑎𝑥

𝑘=0
[

𝑎𝑘 cos
(

2𝜋𝑏𝑘 × 0.5
)

; 𝑎 = 0.5, 𝑏 = 3, 𝑘𝑚𝑎𝑥 = 20
] 

 Griewank’s Function 𝑓7(𝑋) =
∑𝐷

𝑖=1
𝑋2

𝑖

4000
−
∏𝐷

𝑖=1 cos
(

𝑋𝑖
√

𝑖

)

+ 1  
 Rastrigin’s Function 𝑓8(𝑋) =

∑𝐷
𝑖=1

(

𝑋2
𝑖 − 10 cos

(

2𝜋𝑋𝑖
)

+ 10
)  

 Modified Schwefel’s Function 𝑓9 = 418.9829 ×𝐷 −
∑𝐷

𝑖=1 𝑔
(

𝑧𝑖
)

; 𝑧𝑖 = 𝑥𝑖 + 4.209687462275036𝑒 + 002;  
 Katsuura Function 𝑓10(𝑋) = 10

𝐷2

∏𝐷
𝑖=1

(

1 + 𝑖
∑32

𝑗=1

|

|

|

2𝑗𝑋𝑖−round
(

2𝑗𝑋𝑖
)

|

|

|

2𝑗
10
𝐷12 − 10

𝐷2

)

 
 HappyCat Function 𝑓11(𝑋) =

|

|

|

|

(

∑𝐷
𝑖=1 𝑋

2
𝑖

)2
−𝐷

|

|

|

|

1∕4
+
(

0.5
∑

𝑖=1 𝑋2
𝑖 +

∑𝐷
𝑖=1

)

∕𝐷 + 0.5  
 HGBat Function 𝑓12(𝑋) =

|

|

|

|

(

∑𝐷
𝑖=1 𝑋

2
𝑖

)2
−
(

∑𝐷
𝑖=1 𝑋

2
𝑖

)

|

|

|

|

1∕2
+
(

0.5
∑

𝑖=1 𝑋2
𝑖 +

∑𝐷
𝑖=1

)

∕𝐷 + 0.5  
 Expanded Griewank’s plus Rosenbrock’s Function 𝑓13 = 𝑓7

(

𝑓4
(

𝑋1 , 𝑋2
))

+ 𝑓7
(

𝑓4
(

𝑋2 , 𝑋3
))

+…+ 𝑓7
(

𝑓4
(

𝑋𝐷−1 , 𝑋𝐷
))

+ 𝑓7
(

𝑓4
(

𝑋𝐷 , 𝑋1
))  

 Expanded Scaffer’s F6 Function 𝑔(𝑥, 𝑦) = 0.5 +
(

sin2
(

√

𝑥2+𝑦2
)

−0.5
)

(

1+0.001
(

𝑥2+𝑦2
))2 ; 𝑓14 = 𝑔

(

𝑋1 , 𝑋2
)

+ 𝑔
(

𝑋2 , 𝑋3
)

+…+ 𝑔
(

𝑋𝐷−1 , 𝑋𝐷
)

+ 𝑔
(

𝑋𝐷 , 𝑋1
)  
Table 14
Benchmark functions of IEEE CEC 2014.

 Unimodal functions:
 Rotated High Conditioned Elliptic Function 𝐹1(𝑥) = 𝑓1

(

𝑀
(

𝑥 − 𝑜1
))

+ 100  
 Rotated Bent Cigar Function 𝐹2(𝑥) = 𝑓2

(

𝑀
(

𝑥 − 𝑜2
))

+ 200  
 Rotated Discus Function 𝐹3(𝑥) = 𝑓3

(

𝑀
(

𝑥 − 𝑜3
))

+ 300  
 Multimodal functions:
 Shifted and Rotated Rosenbrock’s Function 𝐹4(𝑥) = 𝑓4

(

𝑀
(

2.048
(

𝑥−𝑜4
)

100

)

+ 1
)

+ 400  
 Shifted and Rotated Ackley’s Function 𝐹5(𝑥) = 𝑓5

(

𝑀
(

𝑥 − 𝑜5
))

+ 500  
 Shifted and Rotated Weierstrass Function 𝐹6(𝑥) = 𝑓6

(

𝑀
(

0.5
(

𝑥−𝑜6
)

100

))

+ 600  
 Shifted and Rotated Griewank’s Function 𝐹7(𝑥) = 𝑓7

(

𝑀
(

600
(

𝑥−𝑜7
)

100

))

+ 700  
 Shifted Rastrigin’s Function 𝐹8(𝑥) = 𝑓8

(

𝑀
(

5.12
(

𝑥−𝑜8
)

100

))

+ 800  
 Shifted and Rotated Rastrigin’s Function 𝐹9(𝑥) = 𝑓8

(

𝑀
(

5.12
(

𝑥−𝑜9
)

100

))

+ 900  
 Shifted Schwefel’s Function 𝐹10(𝑥) = 𝑓9

(

𝑀
(

1000
(

𝑥−𝑜10
)

100

))

+ 1000  
 Shifted and Rotated Schwefel’s Function 𝐹11(𝑥) = 𝑓9

(

𝑀
(

1000
(

𝑥−𝑜11
)

100

))

+ 1100  
 Shifted and Rotated Katsuura Function 𝐹12(𝑥) = 𝑓10

(

𝑀
(

5
(

𝑥−𝑜12
)

100

))

+ 1200  
 Shifted and Rotated HappyCat Function 𝐹13(𝑥) = 𝑓11

(

𝑀
(

5
(

𝑥−𝑜13
)

100

))

+ 1300  
 Shifted and Rotated HGBat Function 𝐹14(𝑥) = 𝑓12

(

𝑀
(

5
(

𝑥−𝑜14
)

100

))

+ 1400  
 Shifted and Rotated Expanded Griewank’s plus Rosenbrock’s Function 𝐹15(𝑥) = 𝑓13

(

𝑀
(

5
(

𝑥−𝑜15
)

100

)

+ 1
)

+ 1500 
 Shifted and Rotated Expanded Scaffer’s F6 Function 𝐹16(𝑥) = 𝑓14

(

𝑀
((

𝑥 − 𝑜16
))

1
)

+ 1600  
 Hybrid functions
 𝐹17 = 𝑓9

(

𝑀1𝑍1
)

+ 𝑓8
(

𝑀2𝑍2
)

+ 𝑓3
(

𝑀3𝑍3
)

+ 1700 p = [0.3, 0.3, 0.4]  
 𝐹18 = 𝑓2

(

𝑀1𝑍1
)

+ 𝑓8
(

𝑀2𝑍2
)

+ 𝑓3
(

𝑀3𝑍3
)

+ 1800 p = [0.3, 0.3, 0.4]  
 𝐹19 = 𝑓7

(

𝑀1𝑍1
)

+ 𝑓8
(

𝑀2𝑍2
)

+ 𝑓3
(

𝑀3𝑍3
)

+ 𝑓8
(

𝑀4𝑍4
)

+ 1900 p = [0.2, 0.2, 0.3, 0.3]  
 𝐹20 = 𝑓12

(

𝑀1𝑍1
)

+ 𝑓3
(

𝑀2𝑍2
)

+ 𝑓13
(

𝑀3𝑍3
)

+ 𝑓8
(

𝑀4𝑍4
)

+ 2000 p = [0.2, 0.2, 0.3, 0.3]  
 𝐹21 = 𝑓14

(

𝑀1𝑍1
)

+ 𝑓12
(

𝑀2𝑍2
)

+ 𝑓4
(

𝑀3𝑍3
)

+ 𝑓9
(

𝑀4𝑍4
)

+ 𝑓1
(

𝑀5𝑍5
)

+ 2100 p = [0.1, 0.2, 0.2, 0.2, 0.3]  
 𝐹22 = 𝑓10

(

𝑀1𝑍1
)

+ 𝑓11
(

𝑀2𝑍2
)

+ 𝑓13
(

𝑀3𝑍3
)

+ 𝑓9
(

𝑀4𝑍4
)

+ 𝑓5
(

𝑀5𝑍5
)

+ 2200 p = [0.1, 0.2, 0.2, 0.2, 0.3]  
Notes:

𝑍1 =
[

𝑦𝑠1 , 𝑦𝑠1 ,…… , 𝑦𝑠𝑛1
]

𝑍2 =
[

𝑦𝑠𝑛1+1 , 𝑦𝑠𝑛1+2 ,…… , 𝑦𝑠𝑛1+𝑛2
]

𝑍𝑁 =
[

𝑦𝑠∑𝑁−1
𝑖=1 𝑛1+1

, 𝑦𝑠∑𝑁−1
𝑖=1 𝑛1+2

,…… , 𝑦𝑠5𝐷

]

𝑦 = 𝑥 − 𝑜𝑖 , 𝑆 = 𝑟𝑎𝑛𝑑𝑝𝑒𝑟𝑚(1 ∶ 𝐷), 𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝑜𝑓 𝑔𝑖(𝑥)
𝑛1 =

[

𝑝1𝐷
]

, 𝑛2 =
[

𝑝2𝐷
]

,… , 𝑛𝑁−1 =
[

𝑝𝑁−1𝐷
]

, 𝑛𝑁 = 𝐷 −
∑𝑁−1

𝑖=1 𝑛 + 𝑖

Composition functions
 𝐹23 = 𝑤1 ∗ 𝐹 ′

4 (𝑥) +𝑤2 ∗
[

1𝑒−6𝐹 ′
1 (𝑥) + 100

]

+𝑤3 ∗
[

1𝑒−26𝐹 ′
2 (𝑥) + 200

]  
 +𝑤4 ∗

[

1𝑒−6𝐹 ′
3 (𝑥) + 300

]

+𝑤5 ∗
[

1𝑒−6𝐹 ′
1 (𝑥) + 400

]

+ 2300 𝜎 = [10, 20, 30, 40, 50]  
 𝐹24 = 𝑤1 ∗ 𝐹 ′

10(𝑥) +𝑤2 ∗
[

𝐹 ′
9 (𝑥) + 100

]

+𝑤3 ∗
[

𝐹 ′
14(𝑥) + 200

]

+ 2400 𝜎 = [20, 20, 20]  
 𝐹25 = 𝑤1 ∗ 0.25𝐹 ′

11(𝑥) +𝑤2 ∗
[

𝐹 ′
9 (𝑥) + 100

]

+𝑤3 ∗
[

1𝑒−7𝐹 ′
1 (𝑥) + 200

]

+ 2500 𝜎 = [10, 30, 50]  
 𝐹26 = 𝑤1 ∗ 0.25𝐹 ′

11(𝑥) +𝑤2 ∗
[

𝐹 ′
13(𝑥) + 100

]

+𝑤3 ∗
[

1𝑒−7𝐹 ′
1 (𝑥) + 200

]  
 +𝑤4 ∗

[

2.5𝐹 ′
6 (𝑥) + 300

]

+𝑤5 ∗
[

1𝑒−6𝐹 ′
13(𝑥) + 400

]

+ 2700 𝜎 = [10, 10, 10, 10, 10]  
 𝐹27 = 𝑤1 ∗ 10𝐹 ′

14(𝑥) +𝑤2 ∗
[

10𝐹 ′
9 (𝑥) + 100

]

+𝑤3 ∗
[

2.5𝐹 ′
11(𝑥) + 200

]  
 +𝑤4 ∗

[

25𝐹 ′
16(𝑥) + 300

]

+𝑤5 ∗
[

1𝑒−6𝐹 ′
1 (𝑥) + 400

]

+ 2700 𝜎 = [10, 10, 10, 20, 20]  
 (continued on next page)
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Table 14 (continued).
 𝐹28 = 𝑤1 ∗ 2.5𝐹 ′

15(𝑥) +𝑤2 ∗
[

10𝐹 ′
9 (𝑥) + 100

]

+𝑤3 ∗
[

2.5𝐹 ′
11(𝑥) + 200

]  
 +𝑤4 ∗

[

5𝑒−4𝐹 ′
16(𝑥) + 300

]

+𝑤5 ∗
[

1𝑒−6𝐹 ′
1 (𝑥) + 400

]

+ 2800 𝜎 = [10, 20, 30, 40, 50] 
 𝐹29 = 𝑤1 ∗ 𝐹 ′

17(𝑥) +𝑤2 ∗
[

𝐹 ′
18(𝑥) + 100

]

+𝑤3 ∗
[

𝐹 ′
19(𝑥) + 200

]

+ 2900 𝜎 = [10, 30, 50]  
 𝐹30 = 𝑤1 ∗ 𝐹 ′

20(𝑥) +𝑤2 ∗
[

𝐹 ′
21(𝑥) + 100

]

+𝑤3 ∗
[

𝐹 ′
22(𝑥) + 200

]

+ 3000 𝜎 = [10, 30, 50]  
 Notes:  

𝑤𝑖 =
1

√

∑𝐷
𝑗=1

(

𝑥𝑗−𝑜𝑖𝑗
)

exp

(

−
∑𝐷

𝑗=1

(

𝑥𝑖−𝑜2𝑖𝑗
)

2𝐷𝜎2
𝑖

)

Table 15
The results for the different k values in 30 dimensions.
 Function k = 2 k = 3 k = 4 k = 5 k = 6 k = 7 k = 8  
 𝐹1 1.2399E+06 1.4234E+06 1.6675E+06 1.4659E+06 2.0003E+06 1.9826E+06 1.9325E+06  
 𝐹2 2.5335E+02 2.8716E+02 3.6411E+02 3.9891E+02 7.1506E+02 6.9511E+02 9.5834E+02  
 𝐹3 3.8485E+02 5.5192E+02 5.6787E+02 6.8117E+02 6.8758E+02 9.5878E+02 1.0623E+03  
 𝐹4 5.0944E+02 5.0205E+02 4.9966E+02 5.1709E+02 4.9873E+02 5.0556E+02 4.9732E+02  
 𝐹5 5.2002E+02 5.2003E+02 5.2002E+02 5.2002E+02 5.2004E+02 5.2004E+02 5.2004E+02  
 𝐹6 6.0360E+02 6.0381E+02 6.0404E+02 6.0416E+02 6.0385E+02 6.0453E+02 6.0412E+02  
 𝐹7 7.0000E+02 7.0000E+02 7.0000E+02 7.0000E+02 7.0000E+02 7.0000E+02 7.0000E+02  
 𝐹8 8.3785E+02 8.4418E+02 8.3958E+02 8.4151E+02 8.4169E+02 8.4156E+02 8.4402E+02  
 𝐹9 9.5845E+02 9.6159E+02 9.6153E+02 9.5594E+02 9.6209E+02 9.6188E+02 9.5927E+02  
 𝐹10 2.2036E+03 2.2790E+03 2.2800E+03 2.2348E+03 2.3727E+03 2.2214E+03 2.3734E+03  
 𝐹11 3.6262E+03 3.5632E+03 3.5258E+03 3.5374E+03 3.3566E+03 3.4248E+03 3.5623E+03  
 𝐹12 1.2000E+03 1.2000E+03 1.2000E+03 1.2000E+03 1.2000E+03 1.2000E+03 1.2000E+03  
 𝐹13 1.3004E+03 1.3003E+03 1.3004E+03 1.3004E+03 1.3004E+03 1.3004E+03 1.3004E+03  
 𝐹14 1.4003E+03 1.4003E+03 1.4003E+03 1.4003E+03 1.4003E+03 1.4003E+03 1.4003E+03  
 𝐹15 1.5037E+03 1.5039E+03 1.5042E+03 1.5046E+03 1.5042E+03 1.5044E+03 1.5040E+03  
 𝐹16 1.6115E+03 1.6115E+03 1.6116E+03 1.6115E+03 1.6115E+03 1.6115E+03 1.6114E+03  
 𝐹17 2.8267E+05 2.5555E+05 2.5031E+05 3.0179E+05 2.4748E+05 2.4444E+05 3.1877E+05  
 𝐹18 3.8308E+03 4.0167E+03 3.5662E+03 4.2625E+03 4.9803E+03 3.1772E+03 4.1728E+03  
 𝐹19 1.9079E+03 1.9061E+03 1.9076E+03 1.9061E+03 1.9079E+03 1.9081E+03 1.9063E+03  
 𝐹20 3.3374E+03 3.1287E+03 3.3568E+03 3.0813E+03 3.3442E+03 3.6977E+03 3.1405E+03  
 𝐹21 7.5033E+04 8.9001E+04 8.3445E+04 6.8184E+04 7.2323E+04 7.4842E+04 7.0220E+04  
 𝐹22 2.4947E+03 2.4965E+03 2.4592E+03 2.4745E+03 2.4624E+03 2.4700E+03 2.4293E+03  
 𝐹23 2.6152E+03 2.6152E+03 2.6152E+03 2.6152E+03 2.6152E+03 2.6152E+03 2.6152E+03  
 𝐹24 2.6260E+03 2.6262E+03 2.6255E+03 2.6258E+03 2.6272E+03 2.6263E+03 2.6255E+03  
 𝐹25 2.7050E+03 2.7054E+03 2.7049E+03 2.7050E+03 2.7050E+03 2.7045E+03 2.7048E+03  
 𝐹26 2.7003E+03 2.7037E+03 2.7037E+03 2.7070E+03 2.7004E+03 2.7004E+03 2.7004E+03  
 𝐹27 3.0941E+03 3.0994E+03 3.1014E+03 3.0917E+03 3.0847E+03 3.0972E+03 3.0855E+03  
 𝐹28 3.6821E+03 3.6592E+03 3.6362E+03 3.6357E+03 3.6482E+03 3.6278E+03 3.6448E+03  
 𝐹29 4.5530E+03 4.2879E+03 4.4294E+03 2.8446E+05 4.5669E+03 4.5211E+03 4.5848E+03  
 𝐹30 5.3154E+03 5.3057E+03 5.3639E+03 5.3792E+03 5.3476E+03 5.5197E+03 5.2759E+03  
 Ranking first 9 3 3 6 3 6 6  
20 
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Table 16
The results for the different k values in 50 dimensions.
 Function k = 2 k = 3 k = 4 k = 5 k = 6 k = 7 k = 8  
 𝐹1 5.2154E+06 5.4943E+06 6.8816E+06 6.6041E+06 6.2877E+06 8.9924E+06 1.0121E+07  
 𝐹2 6.3796E+03 6.6519E+03 4.9554E+03 7.2051E+03 5.8905E+03 6.3065E+03 5.8428E+03  
 𝐹3 2.4389E+04 2.1355E+04 3.1414E+04 3.2837E+04 3.9966E+04 3.8281E+04 4.4150E+04  
 𝐹4 5.1685E+02 5.0443E+02 5.0218E+02 5.0176E+02 5.0428E+02 5.0256E+02 5.0506E+02  
 𝐹5 5.2004E+02 5.2003E+02 5.2004E+02 5.2004E+02 5.2007E+02 5.2011E+02 5.2026E+02  
 𝐹6 6.0947E+02 6.1020E+02 6.1041E+02 6.1039E+02 6.0928E+02 6.0922E+02 6.1046E+02  
 𝐹7 7.0000E+02 7.0000E+02 7.0000E+02 7.0000E+02 7.0000E+02 7.0000E+02 7.0000E+02  
 𝐹8 8.9425E+02 8.8875E+02 8.9624E+02 8.8771E+02 8.9087E+02 8.9592E+02 8.9318E+02  
 𝐹9 1.0253E+03 1.0137E+03 1.0200E+03 1.0239E+03 1.0218E+03 1.0265E+03 1.0325E+03  
 𝐹10 4.2077E+03 4.1388E+03 4.0238E+03 4.0988E+03 3.8465E+03 4.1316E+03 4.1948E+03  
 𝐹11 5.9877E+03 5.8561E+03 5.8395E+03 6.0922E+03 6.1968E+03 5.6920E+03 5.9447E+03  
 𝐹12 1.2000E+03 1.2000E+03 1.2000E+03 1.2000E+03 1.2001E+03 1.2001E+03 1.2002E+03  
 𝐹13 1.3005E+03 1.3005E+03 1.3005E+03 1.3005E+03 1.3005E+03 1.3005E+03 1.3005E+03  
 𝐹14 1.4003E+03 1.4003E+03 1.4004E+03 1.4003E+03 1.4004E+03 1.4004E+03 1.4004E+03  
 𝐹15 1.5088E+03 1.5094E+03 1.5086E+03 1.5091E+03 1.5106E+03 1.5109E+03 1.5130E+03  
 𝐹16 1.6209E+03 1.6207E+03 1.6212E+03 1.6209E+03 1.6210E+03 1.6209E+03 1.6210E+03  
 𝐹17 8.6319E+05 7.8413E+05 6.2351E+05 8.3087E+05 1.0387E+06 9.4011E+05 9.9017E+05  
 𝐹18 3.5405E+03 3.7379E+03 3.1118E+03 3.4408E+03 3.8611E+03 3.7239E+03 3.2990E+03  
 𝐹19 1.9371E+03 1.9304E+03 1.9381E+03 1.9356E+03 1.9400E+03 1.9357E+03 1.9387E+03  
 𝐹20 1.0132E+04 1.0626E+04 1.0508E+04 1.2514E+04 1.1132E+04 1.1133E+04 1.1471E+04  
 𝐹21 5.1048E+05 4.9104E+05 5.6615E+05 4.7950E+05 4.9915E+05 5.6077E+05 5.8586E+05  
 𝐹22 2.9602E+03 2.9807E+03 2.9702E+03 2.9567E+03 2.8751E+03 3.0101E+03 3.0044E+03  
 𝐹23 2.6440E+03 2.6440E+03 2.6440E+03 2.6440E+03 2.6440E+03 2.6440E+03 2.6440E+03  
 𝐹24 2.6720E+03 2.6717E+03 2.6711E+03 2.6709E+03 2.6714E+03 2.6714E+03 2.6708E+03  
 𝐹25 2.7119E+03 2.7126E+03 2.7128E+03 2.7115E+03 2.7107E+03 2.7116E+03 2.7114E+03  
 𝐹26 2.7305E+03 2.7273E+03 2.7410E+03 2.7239E+03 2.7317E+03 2.7142E+03 2.7139E+03  
 𝐹27 3.2761E+03 3.2694E+03 3.2549E+03 3.2670E+03 3.2859E+03 3.2622E+03 3.2538E+03  
 𝐹28 4.0723E+03 4.0451E+03 4.0479E+03 4.0556E+03 4.0213E+03 3.9961E+03 4.0027E+03  
 𝐹29 4.9907E+03 5.1392E+03 5.2049E+03 5.1517E+03 5.2663E+03 5.2874E+03 5.1948E+03  
 𝐹30 1.3761E+04 1.3878E+04 1.3781E+04 1.3335E+04 1.3651E+04 1.3064E+04 1.3394E+04  
 Ranking first 4 6 7 5 5 5 4  
Table 17
The results for the different k values in 100 dimensions.
 Function k = 2 k = 3 k = 4 k = 5 k = 6 k = 7 k = 8  
 𝐹1 8.0345E+07 9.4068E+07 1.0720E+08 1.0709E+08 1.2528E+08 1.4147E+08 1.5969E+08  
 𝐹2 1.6475E+04 2.1158E+04 1.8957E+04 1.9533E+04 1.7662E+04 2.2956E+04 1.8688E+04  
 𝐹3 1.1775E+05 1.2189E+05 1.5437E+05 1.6458E+05 1.7861E+05 1.9970E+05 2.1592E+05  
 𝐹4 6.5147E+02 6.6097E+02 6.5007E+02 6.4579E+02 6.4930E+02 6.5332E+02 6.4855E+02  
 𝐹5 5.2006E+02 5.2009E+02 5.2011E+02 5.2027E+02 5.2071E+02 5.2093E+02 5.2116E+02  
 𝐹6 6.4086E+02 6.4197E+02 6.3985E+02 6.4189E+02 6.4525E+02 6.4972E+02 6.5381E+02  
 𝐹7 7.0000E+02 7.0001E+02 7.0001E+02 7.0001E+02 7.0002E+02 7.0002E+02 7.0003E+02  
 𝐹8 1.0397E+03 1.0608E+03 1.0709E+03 1.0717E+03 1.0996E+03 1.1381E+03 1.1808E+03  
 𝐹9 1.2355E+03 1.2235E+03 1.2487E+03 1.2421E+03 1.2333E+03 1.2517E+03 1.3037E+03  
 𝐹10 9.2691E+03 9.2768E+03 9.7716E+03 1.0092E+04 9.8290E+03 1.0280E+04 1.2301E+04  
 𝐹11 1.3428E+04 1.3240E+04 1.3309E+04 1.3265E+04 1.3323E+04 1.3478E+04 1.4274E+04  
 𝐹12 1.2002E+03 1.2002E+03 1.2003E+03 1.2004E+03 1.2006E+03 1.2009E+03 1.2012E+03  
 𝐹13 1.3006E+03 1.3006E+03 1.3006E+03 1.3006E+03 1.3006E+03 1.3007E+03 1.3006E+03  
 𝐹14 1.4003E+03 1.4004E+03 1.4004E+03 1.4003E+03 1.4003E+03 1.4003E+03 1.4004E+03  
 𝐹15 1.5399E+03 1.5480E+03 1.5613E+03 1.5698E+03 1.5833E+03 1.5881E+03 1.5908E+03  
 𝐹16 1.6447E+03 1.6446E+03 1.6449E+03 1.6448E+03 1.6450E+03 1.6453E+03 1.6453E+03  
 𝐹17 6.1426E+06 6.5246E+06 7.2279E+06 6.9276E+06 7.9676E+06 9.2253E+06 1.0825E+07  
 𝐹18 1.5282E+04 2.3598E+05 3.1582E+05 1.1928E+05 3.9624E+04 7.0901E+03 1.5774E+05  
 𝐹19 2.0037E+03 1.9969E+03 2.0028E+03 1.9995E+03 2.0076E+03 1.9993E+03 2.0079E+03  
 𝐹20 7.0292E+04 7.5122E+04 8.2086E+04 7.9698E+04 8.1568E+04 9.5210E+04 9.6048E+04  
 𝐹21 4.3063E+06 4.0552E+06 4.0116E+06 3.4985E+06 4.5304E+06 4.9802E+06 5.2648E+06  
 𝐹22 4.1101E+03 4.1603E+03 4.0305E+03 4.0847E+03 4.1134E+03 4.0827E+03 4.0953E+03  
 𝐹23 2.6482E+03 2.6483E+03 2.6483E+03 2.6483E+03 2.6483E+03 2.6483E+03 2.6483E+03  
 𝐹24 2.7845E+03 2.7833E+03 2.7847E+03 2.7841E+03 2.7853E+03 2.7840E+03 2.7838E+03  
 𝐹25 2.7486E+03 2.7474E+03 2.7483E+03 2.7471E+03 2.7485E+03 2.7527E+03 2.7532E+03  
 𝐹26 2.8019E+03 2.8019E+03 2.8027E+03 2.8067E+03 2.7974E+03 2.8022E+03 2.8095E+03  
 𝐹27 3.9753E+03 3.9841E+03 3.9919E+03 4.1269E+03 4.1588E+03 4.2410E+03 4.3080E+03  
 𝐹28 5.3101E+03 5.2895E+03 5.3185E+03 5.3759E+03 5.3048E+03 5.2639E+03 5.2406E+03  
 𝐹29 6.1194E+03 6.1961E+03 6.2651E+03 6.5243E+03 6.7378E+03 6.8921E+03 7.3048E+03  
 𝐹30 3.4693E+04 2.7692E+04 3.1284E+04 3.1255E+04 3.0705E+04 3.3703E+04 3.2656E+04  
 Ranking first 15 6 2 3 2 1 1  
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Table 18
The mean values for the KATSA, EAT-TSA, fb_TSA, TSA, STSA and MTSA in 30D.
 Function KATSA EST-TSA fb_TSA TSA STSA MTSA  
 𝐹1 1.4607E+06 8.7063E+07 8.6922E+06 8.6306E+07 5.4322E+08 5.5935E+06 
 𝐹2 2.6432E+02 3.1964E+06 5.7720E+03 5.8006E+05 2.7091E+10 1.7527E+05 
 𝐹3 5.1213E+02 4.0665E+04 1.1325E+04 3.8908E+04 8.7548E+04 4.0076E+03 
 𝐹4 5.0198E+02 5.9385E+02 4.9538E+02 5.5518E+02 2.8800E+03 5.0492E+02 
 𝐹5 5.2002E+02 5.2099E+02 5.2104E+02 5.2101E+02 5.2096E+02 5.2101E+02 
 𝐹6 6.0386E+02 6.2561E+02 6.0297E+02 6.2231E+02 6.3864E+02 6.0310E+02 
 𝐹7 7.0000E+02 7.0041E+02 7.0000E+02 7.0005E+02 9.5471E+02 7.0031E+02 
 𝐹8 8.4079E+02 9.8332E+02 8.3501E+02 9.6593E+02 1.0826E+03 8.3268E+02 
 𝐹9 9.6182E+02 1.1431E+03 9.7305E+02 1.1215E+03 1.2061E+03 9.7489E+02 
 𝐹10 2.1722E+03 6.1720E+03 2.1228E+03 6.0724E+03 7.7056E+03 1.9607E+03 
 𝐹11 3.8468E+03 7.6077E+03 7.3170E+03 8.0662E+03 8.4176E+03 7.8397E+03 
 𝐹12 1.2000E+03 1.2026E+03 1.2030E+03 1.2029E+03 1.2027E+03 1.2027E+03 
 𝐹13 1.3003E+03 1.3005E+03 1.3004E+03 1.3005E+03 1.3043E+03 1.3004E+03 
 𝐹14 1.4003E+03 1.4003E+03 1.4003E+03 1.4003E+03 1.4841E+03 1.4003E+03 
 𝐹15 1.5045E+03 1.5226E+03 1.5145E+03 1.5197E+03 1.4702E+04 1.5160E+03 
 𝐹16 1.6114E+03 1.6126E+03 1.6125E+03 1.6126E+03 1.6133E+03 1.6121E+03 
 𝐹17 2.9416E+05 1.9170E+06 6.2795E+05 2.0408E+06 1.4359E+07 3.6363E+05 
 𝐹18 3.7917E+03 2.2446E+03 2.1713E+03 2.4866E+03 1.2643E+08 2.8880E+03 
 𝐹19 1.9085E+03 1.9086E+03 1.9063E+03 1.9079E+03 2.0036E+03 1.9081E+03 
 𝐹20 3.5500E+03 2.4029E+04 1.5481E+04 1.8209E+04 5.4708E+04 6.6143E+03 
 𝐹21 6.8118E+04 4.3493E+05 2.3433E+05 4.1483E+05 3.3016E+06 1.7046E+05 
 𝐹22 2.5094E+03 2.7087E+03 2.4130E+03 2.7233E+03 3.2666E+03 2.3558E+03 
 𝐹23 2.6152E+03 2.5964E+03 2.6152E+03 2.6153E+03 2.7188E+03 2.6152E+03 
 𝐹24 2.6259E+03 2.6000E+03 2.6244E+03 2.6276E+03 2.6006E+03 2.6217E+03 
 𝐹25 2.7048E+03 2.7000E+03 2.7103E+03 2.7227E+03 2.7529E+03 2.7060E+03 
 𝐹26 2.7004E+03 2.7568E+03 2.7104E+03 2.7006E+03 2.7040E+03 2.7104E+03 
 𝐹27 3.1036E+03 3.2763E+03 3.0410E+03 3.2588E+03 3.7034E+03 3.0740E+03 
 𝐹28 3.6367E+03 4.0703E+03 3.7191E+03 4.0380E+03 5.3226E+03 3.6677E+03 
 𝐹29 4.4718E+03 3.9309E+04 3.9622E+03 3.8750E+04 2.3860E+07 4.0614E+03 
 𝐹30 5.3411E+03 1.8585E+04 5.1298E+03 1.3683E+04 4.0830E+05 4.7511E+03 
 Rank_first 16 3 7 0 0 4  
Table 19
The mean values for the KATSA, EAT-TSA, fb_TSA, TSA, STSA and MTSA in 50D.
 Function KATSA EST_TSA fb_TSA TSA STSA MTSA  
 𝐹1 5.0363E+06 3.3614E+08 1.9662E+07 3.4820E+08 2.2216E+09 1.4392E+07 
 𝐹2 6.9643E+03 1.2539E+09 3.1315E+04 2.0658E+08 1.1870E+11 7.5336E+06 
 𝐹3 2.5230E+04 1.2229E+05 1.1501E+05 1.1979E+05 2.9148E+05 6.5874E+04 
 𝐹4 5.1048E+02 1.3890E+03 5.2589E+02 9.6872E+02 2.8739E+04 5.2063E+02 
 𝐹5 5.2005E+02 5.2120E+02 5.2120E+02 5.2118E+02 5.2118E+02 5.2119E+02 
 𝐹6 6.1020E+02 6.5440E+02 6.1818E+02 6.5379E+02 6.7370E+02 6.1067E+02 
 𝐹7 7.0000E+02 7.1003E+02 7.0009E+02 7.0222E+02 1.8093E+03 7.0107E+02 
 𝐹8 8.9434E+02 1.2505E+03 8.8771E+02 1.1910E+03 1.4593E+03 8.8478E+02 
 𝐹9 1.0162E+03 1.4101E+03 1.0772E+03 1.3672E+03 1.6533E+03 1.1366E+03 
 𝐹10 4.0992E+03 1.2333E+04 6.2812E+03 1.2273E+04 1.4523E+04 5.4532E+03 
 𝐹11 6.1584E+03 1.3956E+04 1.4513E+04 1.4740E+04 1.5237E+04 1.4465E+04 
 𝐹12 1.2000E+03 1.2036E+03 1.2039E+03 1.2038E+03 1.2036E+03 1.2037E+03 
 𝐹13 1.3005E+03 1.3007E+03 1.3006E+03 1.3008E+03 1.3072E+03 1.3006E+03 
 𝐹14 1.4003E+03 1.4005E+03 1.4004E+03 1.4005E+03 1.6847E+03 1.4004E+03 
 𝐹15 1.5092E+03 3.5658E+03 1.5313E+03 1.8002E+03 6.0721E+06 1.5357E+03 
 𝐹16 1.6211E+03 1.6224E+03 1.6224E+03 1.6224E+03 1.6231E+03 1.6222E+03 
 𝐹17 6.9887E+05 1.7587E+07 2.0233E+06 1.6607E+07 1.4951E+08 2.1825E+06 
 𝐹18 3.2455E+03 2.9417E+03 2.5798E+03 2.7540E+03 2.5859E+09 2.4522E+03 
 𝐹19 1.9331E+03 1.9756E+03 1.9400E+03 1.9641E+03 2.3748E+03 1.9437E+03 
 𝐹20 1.0804E+04 4.6997E+04 3.7856E+04 4.0498E+04 2.7764E+05 1.5918E+04 
 𝐹21 4.5278E+05 4.8697E+06 2.0389E+06 6.3323E+06 4.3273E+07 1.1088E+06 
 𝐹22 3.0274E+03 3.7307E+03 3.2739E+03 3.8559E+03 5.1720E+03 3.3147E+03 
 𝐹23 2.6440E+03 2.5206E+03 2.6440E+03 2.6459E+03 3.4021E+03 2.6441E+03 
 𝐹24 2.6716E+03 2.6000E+03 2.6731E+03 2.6954E+03 2.8894E+03 2.6624E+03 
 𝐹25 2.7125E+03 2.7000E+03 2.7223E+03 2.7700E+03 2.9073E+03 2.7155E+03 
 𝐹26 2.7280E+03 2.8000E+03 2.7677E+03 2.7396E+03 2.7082E+03 2.7607E+03 
 𝐹27 3.2689E+03 4.3258E+03 3.4128E+03 4.2045E+03 4.9667E+03 3.3321E+03 
 𝐹28 4.0286E+03 6.4561E+03 4.4477E+03 5.6757E+03 9.4078E+03 4.3436E+03 
 𝐹29 5.1272E+03 1.8796E+06 4.6571E+03 1.0955E+06 2.8321E+08 8.3085E+03 
 𝐹30 1.4278E+04 2.0078E+05 1.8954E+04 1.2699E+05 3.6664E+06 1.8704E+04 
 Rank_first 23 3 1 0 1 2  
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Table 20
The mean values for the KATSA, EAT-TSA, fb_TSA, TSA, STSA and MTSA in 100D.
 Function KATSA EST_TSA fb_TSA TSA STSA MTSA  
 𝐹1 8.2210E+07 1.5240E+09 2.0388E+08 2.2730E+09 1.1172E+10 1.3602E+08 
 𝐹2 1.7281E+04 6.1679E+10 9.9583E+08 4.7028E+10 4.7471E+11 4.5200E+08 
 𝐹3 1.3522E+05 2.8642E+05 3.3327E+05 3.4571E+05 7.9781E+05 2.1276E+05 
 𝐹4 6.4598E+02 1.0911E+04 1.0374E+03 8.4333E+03 1.5327E+05 9.1537E+02 
 𝐹5 5.2006E+02 5.2136E+02 5.2137E+02 5.2136E+02 5.2136E+02 5.2136E+02 
 𝐹6 6.4079E+02 7.3778E+02 6.8590E+02 7.4232E+02 7.6299E+02 6.5997E+02 
 𝐹7 7.0000E+02 1.2913E+03 7.1057E+02 1.1144E+03 4.9532E+03 7.0571E+02 
 𝐹8 1.0538E+03 1.9457E+03 1.2019E+03 1.8701E+03 2.5803E+03 1.1562E+03 
 𝐹9 1.2378E+03 2.2219E+03 1.6268E+03 2.0922E+03 3.0204E+03 1.5772E+03 
 𝐹10 9.3960E+03 2.8918E+04 1.8425E+04 2.9141E+04 3.2907E+04 1.6463E+04 
 𝐹11 1.3319E+04 2.9489E+04 3.2196E+04 3.2175E+04 3.2977E+04 3.1822E+04 
 𝐹12 1.2001E+03 1.2043E+03 1.2046E+03 1.2045E+03 1.2044E+03 1.2046E+03 
 𝐹13 1.3006E+03 1.3040E+03 1.3007E+03 1.3031E+03 1.3118E+03 1.3008E+03 
 𝐹14 1.4004E+03 1.5747E+03 1.4005E+03 1.5257E+03 2.6329E+03 1.4005E+03 
 𝐹15 1.5374E+03 4.3474E+05 1.7911E+03 5.2213E+05 2.0713E+08 1.6086E+03 
 𝐹16 1.6448E+03 1.6466E+03 1.6468E+03 1.6470E+03 1.6476E+03 1.6468E+03 
 𝐹17 5.9181E+06 1.6934E+08 2.5990E+07 2.1580E+08 1.1318E+09 1.5923E+07 
 𝐹18 1.6664E+05 6.0633E+04 2.9796E+03 3.1619E+03 2.2681E+10 4.7595E+04 
 𝐹19 2.0078E+03 2.2465E+03 2.0209E+03 2.1528E+03 6.3789E+03 2.0238E+03 
 𝐹20 5.8714E+04 2.2366E+05 2.0388E+05 2.6327E+05 4.2154E+06 1.2110E+05 
 𝐹21 3.2889E+06 6.4248E+07 1.0193E+07 8.5766E+07 4.8969E+08 6.5820E+06 
 𝐹22 4.1157E+03 6.7345E+03 6.6483E+03 7.0708E+03 1.0716E+04 6.6634E+03 
 𝐹23 2.6482E+03 2.5000E+03 2.6549E+03 2.7630E+03 5.8884E+03 2.6568E+03 
 𝐹24 2.7847E+03 2.6000E+03 2.8125E+03 2.9880E+03 3.9436E+03 2.7788E+03 
 𝐹25 2.7504E+03 2.7000E+03 2.8102E+03 3.0256E+03 3.8531E+03 2.7752E+03 
 𝐹26 2.8051E+03 2.8000E+03 2.8125E+03 2.9680E+03 2.7190E+03 2.8043E+03 
 𝐹27 3.9883E+03 6.4153E+03 4.9412E+03 6.3373E+03 7.4619E+03 4.4101E+03 
 𝐹28 5.5049E+03 2.1767E+04 9.8599E+03 1.7988E+04 2.2682E+04 8.2316E+03 
 𝐹29 6.1287E+03 5.6233E+07 3.8612E+04 2.1790E+07 1.4457E+09 1.6351E+05 
 𝐹30 3.1288E+04 3.9067E+06 1.9775E+05 2.4575E+06 5.9225E+07 1.4632E+05 
 Rank_first 25 3 1 0 1 0  
Table 21
The mean values for the KATSA and other algorithms with 30D.
 Function KATSA EST_TSA fb_TSA TSA STSA MTSA GA PSO GWO BA BOA RSA LSHADE  
 
Unimodal functions 𝐹1 1.4607E+06 8.7063E+07 8.6922E+06 8.6306E+07 5.4322E+08 5.5935E+06 6.0717E+08 3.5844E+07 1.1847E+08 3.7428E+09 1.4643E+09 1.0388E+09 2.5276E+06   𝐹2 2.6432E+02 3.1964E+06 5.7720E+03 5.8006E+05 2.7091E+10 1.7527E+05 3.6603E+10 3.9648E+06 3.2506E+09 1.2222E+11 6.8039E+10 7.0807E+10 1.2070E+04   𝐹3 5.1213E+02 4.0665E+04 1.1325E+04 3.8908E+04 8.7548E+04 4.0076E+03 6.8924E+04 2.7280E+04 5.7768E+04 3.8418E+06 8.1344E+04 8.0452E+04 5.6902E+02  

 

Simple multimodal functions

𝐹4 5.0198E+02 5.9385E+02 4.9538E+02 5.5518E+02 2.8800E+03 5.0492E+02 5.6725E+03 6.4525E+02 6.9892E+02 3.6710E+04 1.5760E+04 9.5744E+03 5.0936E+02   𝐹5 5.2002E+02 5.2099E+02 5.2104E+02 5.2101E+02 5.2096E+02 5.2101E+02 5.2105E+02 5.2100E+02 5.2106E+02 5.2136E+02 5.2109E+02 5.2108E+02 5.2058E+02   𝐹6 6.0386E+02 6.2561E+02 6.0297E+02 6.2231E+02 6.3864E+02 6.0310E+02 6.3662E+02 6.1733E+02 6.1630E+02 6.4883E+02 6.3863E+02 6.3854E+02 6.1470E+02   𝐹7 7.0000E+02 7.0041E+02 7.0000E+02 7.0005E+02 9.5471E+02 7.0031E+02 1.0828E+03 7.0100E+02 7.3043E+02 1.8557E+03 1.4930E+03 1.2921E+03 7.0007E+02   𝐹8 8.4079E+02 9.8332E+02 8.3501E+02 9.6593E+02 1.0826E+03 8.3268E+02 1.0519E+03 8.5344E+02 9.0471E+02 1.2953E+03 1.1218E+03 1.1614E+03 8.1116E+02   𝐹9 9.6182E+02 1.1431E+03 9.7305E+02 1.1215E+03 1.2061E+03 9.7489E+02 1.1754E+03 1.0313E+03 1.0271E+03 1.4866E+03 1.2474E+03 1.2431E+03 9.7476E+02   𝐹10 2.1722E+03 6.1720E+03 2.1228E+03 6.0724E+03 7.7056E+03 1.9607E+03 7.2462E+03 3.1039E+03 4.0351E+03 1.0578E+04 8.6717E+03 7.6871E+03 1.5360E+03   𝐹11 3.8468E+03 7.6077E+03 7.3170E+03 8.0662E+03 8.4176E+03 7.8397E+03 8.1694E+03 6.9399E+03 5.3667E+03 1.0957E+04 9.1470E+03 8.8673E+03 5.1649E+03   𝐹12 1.2000E+03 1.2026E+03 1.2030E+03 1.2029E+03 1.2027E+03 1.2027E+03 1.2028E+03 1.2026E+03 1.2029E+03 1.2067E+03 1.2035E+03 1.2033E+03 1.2010E+03   𝐹13 1.3003E+03 1.3005E+03 1.3004E+03 1.3005E+03 1.3043E+03 1.3004E+03 1.3054E+03 1.3005E+03 1.3007E+03 1.3105E+03 1.3087E+03 1.3077E+03 1.3005E+03   𝐹14 1.4003E+03 1.4003E+03 1.4003E+03 1.4003E+03 1.4841E+03 1.4003E+03 1.5458E+03 1.4003E+03 1.4054E+03 1.7934E+03 1.7024E+03 1.5659E+03 1.4003E+03   𝐹15 1.5045E+03 1.5226E+03 1.5145E+03 1.5197E+03 1.4702E+04 1.5160E+03 1.8072E+04 1.5208E+03 1.7862E+03 1.4262E+07 3.3481E+05 1.8967E+05 1.5127E+03   𝐹16 1.6114E+03 1.6126E+03 1.6125E+03 1.6126E+03 1.6133E+03 1.6121E+03 1.6129E+03 1.6127E+03 1.6123E+03 1.6144E+03 1.6133E+03 1.6134E+03 1.6115E+03  
 

Hybrid functions

𝐹17 2.9416E+05 1.9170E+06 6.2795E+05 2.0408E+06 1.4359E+07 3.6363E+05 3.1593E+07 2.0395E+06 3.9718E+06 3.4698E+08 1.4074E+08 9.0884E+07 3.9775E+04   𝐹18 3.7917E+03 2.2446E+03 2.1713E+03 2.4866E+03 1.2643E+08 2.8880E+03 7.0673E+08 4.1238E+05 1.7930E+07 1.0421E+10 3.3257E+09 4.9397E+09 2.1377E+03   𝐹19 1.9085E+03 1.9086E+03 1.9063E+03 1.9079E+03 2.0036E+03 1.9081E+03 2.1630E+03 1.9291E+03 1.9545E+03 3.2994E+03 2.4514E+03 2.2551E+03 1.9144E+03   𝐹20 3.5500E+03 2.4029E+04 1.5481E+04 1.8209E+04 5.4708E+04 6.6143E+03 6.0670E+04 3.1789E+04 4.0613E+04 3.5309E+07 4.4758E+05 1.5303E+05 4.2499E+03   𝐹21 6.8118E+04 4.3493E+05 2.3433E+05 4.1483E+05 3.3016E+06 1.7046E+05 8.7241E+06 6.9661E+05 1.5722E+06 1.9906E+08 3.4659E+07 4.4416E+07 1.0102E+04   𝐹22 2.5094E+03 2.7087E+03 2.4130E+03 2.7233E+03 3.2666E+03 2.3558E+03 3.6332E+03 2.6350E+03 2.6643E+03 3.7620E+04 5.5592E+04 1.0670E+04 2.6585E+03   𝐹23 2.6152E+03 2.5964E+03 2.6152E+03 2.6153E+03 2.7188E+03 2.6152E+03 2.8144E+03 2.6180E+03 2.6509E+03 4.3393E+03 2.5000E+03 2.5000E+03 2.6155E+03  
 

Composition functions

𝐹24 2.6259E+03 2.6000E+03 2.6244E+03 2.6276E+03 2.6006E+03 2.6217E+03 2.6228E+03 2.6404E+03 2.6001E+03 2.8782E+03 2.6000E+03 2.6000E+03 2.6386E+03   𝐹25 2.7048E+03 2.7000E+03 2.7103E+03 2.7227E+03 2.7529E+03 2.7060E+03 2.7060E+03 2.7151E+03 2.7119E+03 2.9176E+03 2.7000E+03 2.7000E+03 2.7081E+03   𝐹26 2.7004E+03 2.7568E+03 2.7104E+03 2.7006E+03 2.7040E+03 2.7104E+03 2.7118E+03 2.7413E+03 2.7371E+03 2.9267E+03 2.7831E+03 2.7969E+03 2.7171E+03   𝐹27 3.1036E+03 3.2763E+03 3.0410E+03 3.2588E+03 3.7034E+03 3.0740E+03 3.8177E+03 3.3599E+03 3.4197E+03 4.5162E+03 3.5248E+03 4.0861E+03 3.2647E+03   𝐹28 3.6367E+03 4.0703E+03 3.7191E+03 4.0380E+03 5.3226E+03 3.6677E+03 8.6542E+03 4.5722E+03 4.1941E+03 8.7983E+03 5.3382E+03 5.6994E+03 3.9640E+03   𝐹29 4.4718E+03 3.9309E+04 3.9622E+03 3.8750E+04 2.3860E+07 4.0614E+03 2.6376E+08 2.8026E+06 1.4053E+06 1.8043E+08 3.1000E+03 1.5199E+07 3.1440E+04   𝐹30 5.3411E+03 1.8585E+04 5.1298E+03 1.3683E+04 4.0830E+05 4.7511E+03 1.6505E+06 2.2085E+04 1.0430E+05 7.0220E+06 3.2000E+03 2.5314E+06 6.8634E+03  
 Ranking first 14 1 5 0 0 1 0 0 0 0 5 3 5  
 Average ranking 2.47 5.90 3.73 5.97 9.07 3.53 9.57 6.70 7.37 12.93 9.80 10.20 3.77  
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Table 22
The mean values for the KATSA and other algorithms with 50D.
 Function KATSA EST_TSA fb_TSA TSA STSA MTSA GA PSO GWO BA BOA RSA LSHADE  
 
Unimodal functions 𝐹1 5.0363E+06 3.3614E+08 1.9662E+07 3.4820E+08 2.2216E+09 1.4392E+07 1.9795E+09 9.9335E+07 1.7144E+08 9.6998E+09 5.6590E+09 3.3341E+09 1.2775E+07  𝐹2 6.9643E+03 1.2539E+09 3.1315E+04 2.0658E+08 1.1870E+11 7.5336E+06 9.5198E+10 3.4985E+08 1.4427E+10 2.5526E+11 1.4995E+11 1.4462E+11 3.9796E+07  𝐹3 2.5230E+04 1.2229E+05 1.1501E+05 1.1979E+05 2.9148E+05 6.5874E+04 1.3038E+05 1.6085E+05 1.1120E+05 3.5046E+06 1.7197E+05 1.5100E+05 1.7990E+04 

 

Simple multimodal functions

𝐹4 5.1048E+02 1.3890E+03 5.2589E+02 9.6872E+02 2.8739E+04 5.2063E+02 2.0456E+04 8.4204E+02 1.7183E+03 1.0289E+05 4.9272E+04 3.9017E+04 6.0016E+02  𝐹5 5.2005E+02 5.2120E+02 5.2120E+02 5.2118E+02 5.2118E+02 5.2119E+02 5.2123E+02 5.2117E+02 5.2124E+02 5.2145E+02 5.2124E+02 5.2123E+02 5.2077E+02  𝐹6 6.1020E+02 6.5440E+02 6.1818E+02 6.5379E+02 6.7370E+02 6.1067E+02 6.6714E+02 6.3927E+02 6.3698E+02 6.8506E+02 6.7012E+02 6.7386E+02 6.3364E+02  𝐹7 7.0000E+02 7.1003E+02 7.0009E+02 7.0222E+02 1.8093E+03 7.0107E+02 1.6021E+03 7.0437E+02 8.0509E+02 3.0048E+03 2.2098E+03 2.0372E+03 7.0151E+02  𝐹8 8.9434E+02 1.2505E+03 8.8771E+02 1.1910E+03 1.4593E+03 8.8478E+02 1.3298E+03 9.4523E+02 1.0440E+03 1.7106E+03 1.4251E+03 1.4805E+03 8.7260E+02  𝐹9 1.0162E+03 1.4101E+03 1.0772E+03 1.3672E+03 1.6533E+03 1.1366E+03 1.4906E+03 1.2125E+03 1.1508E+03 2.0084E+03 1.6049E+03 1.6098E+03 1.1121E+03  𝐹10 4.0992E+03 1.2333E+04 6.2812E+03 1.2273E+04 1.4523E+04 5.4532E+03 1.3800E+04 6.1291E+03 7.8038E+03 1.7816E+04 1.5452E+04 1.4506E+04 3.6771E+03  𝐹11 6.1584E+03 1.3956E+04 1.4513E+04 1.4740E+04 1.5237E+04 1.4465E+04 1.4437E+04 1.4238E+04 9.3696E+03 1.7987E+04 1.5891E+04 1.5361E+04 1.0020E+04  𝐹12 1.2000E+03 1.2036E+03 1.2039E+03 1.2038E+03 1.2036E+03 1.2037E+03 1.2036E+03 1.2035E+03 1.2039E+03 1.2074E+03 1.2046E+03 1.2043E+03 1.2016E+03  𝐹13 1.3005E+03 1.3007E+03 1.3006E+03 1.3008E+03 1.3072E+03 1.3006E+03 1.3063E+03 1.3006E+03 1.3013E+03 1.3115E+03 1.3087E+03 1.3081E+03 1.3007E+03  𝐹14 1.4003E+03 1.4005E+03 1.4004E+03 1.4005E+03 1.6847E+03 1.4004E+03 1.6258E+03 1.4006E+03 1.4289E+03 2.0234E+03 1.7928E+03 1.7050E+03 1.4004E+03  𝐹15 1.5092E+03 3.5658E+03 1.5313E+03 1.8002E+03 6.0721E+06 1.5357E+03 4.9764E+05 1.5639E+03 5.2023E+03 7.4978E+07 4.8995E+06 3.3751E+06 1.5550E+03  𝐹16 1.6211E+03 1.6224E+03 1.6224E+03 1.6224E+03 1.6231E+03 1.6222E+03 1.6226E+03 1.6224E+03 1.6218E+03 1.6241E+03 1.6231E+03 1.6230E+03 1.6210E+03 
 

Hybrid functions

𝐹17 6.9887E+05 1.7587E+07 2.0233E+06 1.6607E+07 1.4951E+08 2.1825E+06 2.3789E+08 1.0572E+07 1.1227E+07 1.3395E+09 6.2598E+08 4.9092E+08 3.7852E+05  𝐹18 3.2455E+03 2.9417E+03 2.5798E+03 2.7540E+03 2.5859E+09 2.4522E+03 6.7924E+09 2.2367E+05 1.9755E+08 3.1519E+10 1.8986E+10 1.2539E+10 3.1691E+03  𝐹19 1.9331E+03 1.9756E+03 1.9400E+03 1.9641E+03 2.3748E+03 1.9437E+03 2.6671E+03 1.9801E+03 2.0289E+03 8.3801E+03 5.2969E+03 4.3197E+03 1.9629E+03  𝐹20 1.0804E+04 4.6997E+04 3.7856E+04 4.0498E+04 2.7764E+05 1.5918E+04 7.2512E+04 8.8892E+04 5.1698E+04 4.3617E+07 4.6730E+05 3.4133E+05 1.0586E+04  𝐹21 4.5278E+05 4.8697E+06 2.0389E+06 6.3323E+06 4.3273E+07 1.1088E+06 1.4779E+07 6.1629E+06 5.9534E+06 4.7278E+08 1.2196E+08 9.0059E+07 1.9346E+05  𝐹22 3.0274E+03 3.7307E+03 3.2739E+03 3.8559E+03 5.1720E+03 3.3147E+03 1.1405E+04 3.7540E+03 3.3408E+03 1.7380E+06 5.9611E+05 1.3343E+05 3.6825E+03  𝐹23 2.6440E+03 2.5206E+03 2.6440E+03 2.6459E+03 3.4021E+03 2.6441E+03 2.9378E+03 2.6564E+03 2.7781E+03 6.2080E+03 2.5000E+03 2.5000E+03 2.6474E+03 
 

Composition functions

𝐹24 2.6716E+03 2.6000E+03 2.6731E+03 2.6954E+03 2.8894E+03 2.6624E+03 2.6630E+03 2.6966E+03 2.6003E+03 3.1985E+03 2.6000E+03 2.6000E+03 2.6959E+03  𝐹25 2.7125E+03 2.7000E+03 2.7223E+03 2.7700E+03 2.9073E+03 2.7155E+03 2.7118E+03 2.7364E+03 2.7247E+03 3.2255E+03 2.7000E+03 2.7000E+03 2.7308E+03  𝐹26 2.7280E+03 2.8000E+03 2.7677E+03 2.7396E+03 2.7082E+03 2.7607E+03 2.7969E+03 2.7894E+03 2.8023E+03 3.2533E+03 2.7963E+03 2.7969E+03 2.7672E+03  𝐹27 3.2689E+03 4.3258E+03 3.4128E+03 4.2045E+03 4.9667E+03 3.3321E+03 5.2414E+03 4.0639E+03 3.9295E+03 5.6965E+03 5.0586E+03 4.9335E+03 3.8589E+03  𝐹28 4.0286E+03 6.4561E+03 4.4477E+03 5.6757E+03 9.4078E+03 4.3436E+03 1.5820E+04 6.9114E+03 6.2769E+03 1.7731E+04 8.8334E+03 1.0968E+04 5.2327E+03  𝐹29 5.1272E+03 1.8796E+06 4.6571E+03 1.0955E+06 2.8321E+08 8.3085E+03 1.2888E+09 3.4687E+07 2.3266E+07 5.8951E+08 3.1000E+03 6.5755E+07 1.6652E+06  𝐹30 1.4278E+04 2.0078E+05 1.8954E+04 1.2699E+05 3.6664E+06 1.8704E+04 1.9129E+07 1.2426E+05 3.8648E+05 4.7834E+07 3.2000E+03 6.1704E+06 2.2495E+04 
 Ranking first 16 1 0 0 1 1 0 0 0 0 5 3 7  
 Average ranking 2.03 6.37 4.10 6.53 9.83 3.63 9.03 6.47 6.90 12.97 9.63 9.80 3.70  
Table 23
The mean values for the KATSA and other algorithms with 100D.
 Function KATSA EST_TSA fb_TSA TSA STSA MTSA GA PSO GWO BA BOA RSA LSHADE  
 
Unimodal functions 𝐹1 8.2210E+07 1.5240E+09 2.0388E+08 2.2730E+09 1.1172E+10 1.3602E+08 3.7672E+09 5.3502E+08 5.2882E+08 2.0318E+10 9.8104E+09 8.1064E+09 1.6058E+08  𝐹2 1.7281E+04 6.1679E+10 9.9583E+08 4.7028E+10 4.7471E+11 4.5200E+08 2.1761E+11 9.7341E+09 5.9235E+10 5.2440E+11 2.9888E+11 2.8168E+11 5.1143E+09  𝐹3 1.3522E+05 2.8642E+05 3.3327E+05 3.4571E+05 7.9781E+05 2.1276E+05 2.9129E+05 4.2901E+05 2.7003E+05 3.5831E+06 3.2300E+05 3.0644E+05 9.4005E+04 

 

Simple multimodal functions

𝐹4 6.4598E+02 1.0911E+04 1.0374E+03 8.4333E+03 1.5327E+05 9.1537E+02 5.3283E+04 2.3913E+03 6.4254E+03 2.2998E+05 1.0689E+05 7.9457E+04 1.4725E+03  𝐹5 5.2006E+02 5.2136E+02 5.2137E+02 5.2136E+02 5.2136E+02 5.2136E+02 5.2138E+02 5.2136E+02 5.2140E+02 5.2154E+02 5.2140E+02 5.2140E+02 5.2113E+02  𝐹6 6.4079E+02 7.3778E+02 6.8590E+02 7.4232E+02 7.6299E+02 6.5997E+02 7.5119E+02 7.0818E+02 6.9629E+02 7.7508E+02 7.5690E+02 7.5770E+02 6.9918E+02  𝐹7 7.0000E+02 1.2913E+03 7.1057E+02 1.1144E+03 4.9532E+03 7.0571E+02 2.9194E+03 7.9020E+02 1.1671E+03 5.5092E+03 3.8609E+03 3.5575E+03 7.5332E+02  𝐹8 1.0538E+03 1.9457E+03 1.2019E+03 1.8701E+03 2.5803E+03 1.1562E+03 2.0136E+03 1.3350E+03 1.4975E+03 2.6872E+03 2.1571E+03 2.2549E+03 1.2390E+03  𝐹9 1.2378E+03 2.2219E+03 1.6268E+03 2.0922E+03 3.0204E+03 1.5772E+03 2.2631E+03 1.8576E+03 1.6358E+03 3.1608E+03 2.4130E+03 2.3727E+03 1.6434E+03  𝐹10 9.3960E+03 2.8918E+04 1.8425E+04 2.9141E+04 3.2907E+04 1.6463E+04 3.1019E+04 1.8098E+04 1.8174E+04 3.6663E+04 3.3145E+04 3.0994E+04 1.3614E+04  𝐹11 1.3319E+04 2.9489E+04 3.2196E+04 3.2175E+04 3.2977E+04 3.1822E+04 3.0744E+04 3.1860E+04 2.0678E+04 3.6908E+04 3.3046E+04 3.1336E+04 2.5680E+04  𝐹12 1.2001E+03 1.2043E+03 1.2046E+03 1.2045E+03 1.2044E+03 1.2046E+03 1.2044E+03 1.2043E+03 1.2047E+03 1.2070E+03 1.2050E+03 1.2050E+03 1.2025E+03  𝐹13 1.3006E+03 1.3040E+03 1.3007E+03 1.3031E+03 1.3118E+03 1.3008E+03 1.3080E+03 1.3007E+03 1.3040E+03 1.3129E+03 1.3096E+03 1.3091E+03 1.3007E+03  𝐹14 1.4004E+03 1.5747E+03 1.4005E+03 1.5257E+03 2.6329E+03 1.4005E+03 2.0504E+03 1.4239E+03 1.5491E+03 2.8509E+03 2.3274E+03 2.2355E+03 1.4034E+03  𝐹15 1.5374E+03 4.3474E+05 1.7911E+03 5.2213E+05 2.0713E+08 1.6086E+03 4.5518E+06 1.6226E+04 9.0649E+04 4.0532E+08 2.5586E+07 1.3696E+07 2.5839E+03  𝐹16 1.6448E+03 1.6466E+03 1.6468E+03 1.6470E+03 1.6476E+03 1.6468E+03 1.6467E+03 1.6470E+03 1.6464E+03 1.6490E+03 1.6474E+03 1.6474E+03 1.6451E+03 
 

Hybrid functions

𝐹17 5.9181E+06 1.6934E+08 2.5990E+07 2.1580E+08 1.1318E+09 1.5923E+07 7.4381E+08 8.6819E+07 6.2149E+07 4.0084E+09 1.7318E+09 1.2478E+09 6.4466E+06  𝐹18 1.6664E+05 6.0633E+04 2.9796E+03 3.1619E+03 2.2681E+10 4.7595E+04 2.1905E+10 9.5145E+06 1.3817E+09 7.5090E+10 3.6866E+10 3.3202E+10 4.0277E+05  𝐹19 2.0078E+03 2.2465E+03 2.0209E+03 2.1528E+03 6.3789E+03 2.0238E+03 5.9204E+03 2.1467E+03 2.4195E+03 2.2114E+04 1.2860E+04 1.0180E+04 2.0826E+03  𝐹20 5.8714E+04 2.2366E+05 2.0388E+05 2.6327E+05 4.2154E+06 1.2110E+05 4.8363E+05 2.7018E+05 1.5082E+05 9.6722E+07 1.6018E+06 8.2949E+05 6.7158E+04  𝐹21 3.2889E+06 6.4248E+07 1.0193E+07 8.5766E+07 4.8969E+08 6.5820E+06 1.8993E+08 3.3551E+07 3.1073E+07 1.7613E+09 5.4864E+08 4.1426E+08 2.8796E+06  𝐹22 4.1157E+03 6.7345E+03 6.6483E+03 7.0708E+03 1.0716E+04 6.6634E+03 1.9103E+04 6.4796E+03 4.7552E+03 2.2933E+06 3.8885E+05 1.2615E+05 5.9861E+03  𝐹23 2.6482E+03 2.5000E+03 2.6549E+03 2.7630E+03 5.8884E+03 2.6568E+03 3.1142E+03 2.7157E+03 3.0605E+03 9.5086E+03 2.5000E+03 2.5000E+03 2.7172E+03 
 

Composition functions

𝐹24 2.7847E+03 2.6000E+03 2.8125E+03 2.9880E+03 3.9436E+03 2.7788E+03 2.7527E+03 2.9186E+03 2.6012E+03 4.1511E+03 2.6000E+03 2.6000E+03 2.8977E+03  𝐹25 2.7504E+03 2.7000E+03 2.8102E+03 3.0256E+03 3.8531E+03 2.7752E+03 2.7301E+03 2.8581E+03 2.7067E+03 3.9628E+03 2.7000E+03 2.7000E+03 2.7972E+03  𝐹26 2.8051E+03 2.8000E+03 2.8125E+03 2.9680E+03 2.7190E+03 2.8043E+03 2.8022E+03 2.8338E+03 2.8007E+03 3.9629E+03 2.8000E+03 2.8000E+03 2.8032E+03  𝐹27 3.9883E+03 6.4153E+03 4.9412E+03 6.3373E+03 7.4619E+03 4.4101E+03 8.3576E+03 5.8202E+03 5.4642E+03 8.9874E+03 8.0255E+03 7.5058E+03 5.5091E+03  𝐹28 5.5049E+03 2.1767E+04 9.8599E+03 1.7988E+04 2.2682E+04 8.2316E+03 3.5383E+04 1.4224E+04 1.3043E+04 4.2766E+04 2.8543E+04 2.3517E+04 9.7682E+03  𝐹29 6.1287E+03 5.6233E+07 3.8612E+04 2.1790E+07 1.4457E+09 1.6351E+05 1.8889E+09 2.4098E+07 1.6552E+08 2.2187E+09 3.1000E+03 3.1000E+03 5.4894E+07  𝐹30 3.1288E+04 3.9067E+06 1.9775E+05 2.4575E+06 5.9225E+07 1.4632E+05 1.4058E+08 1.0129E+06 6.5349E+06 5.7193E+08 3.2000E+03 1.3849E+07 1.7309E+05 
 Ranking first 21 2 1 0 1 0 0 0 0 0 5 4 2  
 Average ranking 2.03 6.27 4.93 7.47 10.47 3.90 8.67 6.37 5.90 13.00 9.30 8.63 4.07  
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