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H I G H L I G H T S G R A P H I C A L A B S T R A C T

• Self-tuning multi-layer (STML) autono-
mously carries out the optimization.

• STML architecture eliminates manual
parameter calibration.

• STML removes the need for initial
guesses on parameter impact for optimal
results.

• Preliminary results highlight STML’s
robustness and computational
efficiency.
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A B S T R A C T

Computational intelligence (CI)-based methods offer a practical approach to overcoming the significant chal-
lenges posed by analytical and enumeration optimization methods when dealing with complex real-world
problems. However, a notable drawback of these algorithms is the need for time-consuming and computation-
ally demanding fine-tuning procedures to achieve optimal performance. This paper proposes a novel parame-
terless auto-tuning meta-heuristic architecture called the self-tuning multi-layer (STML). The fundamental
concept behind this architecture involves a multi-layer structure where the inner layer optimizes the main
problem. In contrast, the outer layer utilizes information obtained during the search to fine-tune the performance
of the inner layer. This feature eliminates manual fine-tuning, as it can autonomously handle this task. A series of
mathematical and benchmark problems were employed to demonstrate the computational prowess of the STML.
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The results indicate its superiority over other meta-heuristic algorithms. Additionally, the STML showcases
robustness, as evidenced by the numerical proximity of results obtained from different independent runs on these
benchmark problems.

1. Introduction

Mathematical programming, commonly known as optimization, en-
tails identifying the optimal solution from a set of feasible alternatives.
This field has consistently remained a subject of great interest, partic-
ularly in disciplines such as engineering e.g., [1–3]. In recent times, the
significance of optimization has grown substantially due to the gradual
depletion of natural resources, necessitating the maximization of profit
margins while minimizing adverse socio-economic and environmental
impacts.

From a practical standpoint, optimization procedures must adhere to
essential criteria, which include accuracy, simplicity, speed, and the
ability to tackle complex problems. In an ideal scenario, an optimization
method should possess all these qualities simultaneously. However, in
practice, it is often challenging to maintain all of them, and one may
need to be prioritized over others. For instance, traditional analytical
methods that depend on derivatives of objective functions, providing
gradient-based information for optimal solution identification, are
generally highly accurate. However, they face challenges when con-
fronted with high dimensionality, multimodality, epistasis, non-
differentiability, and constraints within the search space—common
characteristics of most real-world optimization problems [4,5].

On the other hand, sampling-based approaches, predominantly
guided search methods, offer a more hands-on approach to practical
optimization problems, as they are not strictly limited by differentiable
search spaces [6]. However, the speed and flexibility of these algorithms
often come at the expense of accuracy, as they tend to settle for near--
optimal solutions rather than global optima. Ultimately, the mathemat-
ical structure of the optimization problem and the priorities set by
decision-makers determine which approaches are best suited for a
given problem.

Meta-heuristic optimization algorithms, one of the most notable
examples of sampling-based approaches, find their theoretical founda-
tion in the fundamental principles of computational intelligence (CI),
earning them the name CI-based optimization methods. This category of
optimization techniques serves as an alternative strategy that addresses
the limitations of traditional analytical-based approaches and unguided
sampling-based methods. These methods have successfully bridged the
gap between these two vastly different approaches, giving rise to a new
school of thought for tackling real-world optimization problems. How-
ever, from an implementation perspective, some pressing issues persist
with these algorithms. Notably, there is no guarantee that they will
converge to the optimum solutions, and they may encounter challenges
such as getting stuck in local optima [7].

These algorithms incorporate parameters as a measure to allow for
adjustments of their searching properties. However, the no-free-lunch
theorem, a fundamental principle in CI, emphasizes that while fine-
tuning an algorithm’s parameters can enhance its performance in
terms of accuracy and convergence rate for a specific problem, there can
never be a universally optimal parameter set that applies to all algo-
rithms and problem instances. This highlights the necessity of fine-
tuning each algorithm based on the specific problem it aims to solve.

Fine-tuning algorithms, however, can be computationally
demanding and time-consuming. Firstly, there is no guarantee that the
identified settings are indeed the best parameters for a given problem.
Furthermore, these algorithms’ intricacy and stochastic nature often
make it difficult to intuitively grasp how specific parameters influence
their search properties. This lack of straightforward interpretability
complicates the parameter-tuning process. To address these practical
challenges, many algorithms are designed with a simpler structure and

fewer parameters. Examples include the interior search algorithm [8],
sine cosine algorithm [9,10], the crow search algorithm [11], and
teaching-learning-based optimization [12,13]. Another approach is to
leverage the modular capabilities of these algorithms by coupling them
with other computational mechanisms such as greedy search, chaotic
maps, quantum computing, self-adaptive strategies, or Lévy flight
techniques to enhance their computational capacities. This should
theoretically reduce the heavy reliance of the algorithms on parameter
selection procedures [14–16]. While these options represent significant
advancements, the challenge of fine-tuning meta-heuristic algorithms
remains inherent in computational intelligence-based optimization
methods.

This study introduces a novel approach called the Self-Tuning Multi-
Layer (STML) computational architecture. The concept behind this ar-
chitecture is to create a structure that autonomously fine-tunes itself
through an iterative process, eliminating the need for manual fine-
tuning. The proposed architecture leverages a multi-layer stack of
quasi-metaheuristic algorithms, where the outer algorithm continuously
adjusts the parameters of an inner optimization algorithm that handles
the given optimization problem. What is significant about this archi-
tecture is that, through logical and mathematical reasoning, it was
possible to pre-set the structure of the outer algorithm, making it
parameterless and allowing the algorithm to operate independently
without requiring user input for the optimization process. This break-
through enables the utilization of the flexibility offered by CI-based
optimization algorithms without the challenges associated with
manual fine-tuning, making it a practical and efficient option. The
structure of this paper is as follows: 2 will delve into the theoretical
foundation and mathematical description of the proposed STML
computational architecture, elucidating its inner workings and mecha-
nisms. 3 summarizes the results obtained from implementing this ar-
chitecture to solve well-known mathematical benchmark problems and
a more complex real-world engineering problem, highlighting the ca-
pabilities of the proposed architecture. Finally, 4 will discuss the sig-
nificance of this breakthrough, particularly its potential profound
impact on creating self-tuning effects within the context of CI-based
optimization algorithms.

2. Self-tuning multi-layer (STML) computational architecture

The underlying principle of random sampling forms the foundation
of most CI-based optimization algorithms. What sets these algorithms
apart from other sampling-based methods is their incorporation of
guided search, which enhances their effectiveness in traversing the
search space to find the optimal solution. This unique approach earned
them the term “meta-heuristic,” coined by [17], to distinguish them
from other sampling-based optimization techniques.

Unlike analytical approaches, these guiding systems do not rely on
differential equations, making them more suitable for addressing com-
plex real-world problems. Although they follow a rigorous algorithmic
procedure and are not entirely ad hoc per se, they require parameter
tuning in order to adapt their structures to the specific problem at hand,
as dictated by the no-free-lunch theorem.While parameter tuning grants
these algorithms flexibility to handle complex problems, it has become a
practical burden due to the overwhelming number of parameters in most
modern CI-based optimization algorithms. Moreover, in some cases, the
role of each parameter in influencing the exploration or convergence of
the search process is not intuitively clear, adding to the challenges of
effectively optimizing these algorithms.

The governing principle of a CI-based optimization algorithm is to
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iteratively modify the positions of the searching agents based on feed-
back information, gradually converging towards a potential optimum
solution. The fundamental idea behind this paper is to design a
computational structure for parameter setting purposes so that the
optimization algorithm can iteratively adjust its parameters using the
information gathered from the search process. This architecture allows
the meta-heuristic algorithm to fine-tune itself without needing external
intervention. This concept aligns with meta-optimization or hyper-heu-
ristics with a notable distinction. In practice, previous implementations
often involved swapping the need to calibrate one set of parameters to
another e.g., [18] or create a new objective function e.g., [19]. However,
the proposed self-tuning multi-layer (STML) computational architecture
introduces a novel approach where the algorithm can iteratively adapt
its parameters through the search process, ultimately enabling
self-tuning without manual parameter calibration or defining new
objective functions. By incorporating this self-tuning mechanism, the
STML algorithm represents a promising advancement in the field of
meta-heuristics, as it streamlines the optimization process and reduces
the reliance on manual parameter tuning and objective function design.

It is also important to highlight that the proposed architecture
significantly differs from the adaptive strategy. While both approaches
involve dynamic adjustments of parameters and searching properties
during each iteration, the adaptive strategy relies on an explicitly pre-
defined, mathematically formulated mechanism that essentially read-
justs the characteristics of the exploration and exploitation phases of the
algorithm. Consequently, these gradual parameter changes would occur
regardless of whether they lead to practical improvements in the current
searching process, as the adaptive strategy does not consider any feed-
back information from the searching agents or the obtained results. In
contrast, the underlying concept of the proposed architecture revolves
around creating an algorithmic structure that dynamically executes this
idea without any pre-set notions about the optimization problem.
Instead, it leverages the information acquired from the search process to
make informed decisions. The objective is to design an algorithm that
adapts and evolves during execution, utilizing the feedback from the
ongoing search to guide its exploration and exploitation and effectively
improve its performance over time. This dynamic adaptability sets it
apart from the predefined and static nature of the adaptive strategy.

Implementing a self-tuning optimization method involves the algo-
rithm dynamically adjusting its parameter values based on the infor-
mation obtained from the ongoing search process. One approach to
achieve this is optimizing the algorithm’s parameters to better align
with the properties of the specific optimization problem. This can be
accomplished through a series of simultaneous optimizations, where one
optimizer focuses on the main problemwhile others work to enhance the
algorithm’s overall performance. This necessitates a multi-layer struc-
ture to provide the complexity required for simultaneous optimizations.

In this paper, the STML architecture is proposed, which comprises
two computational layers: An inner optimizer responsible for addressing
the actual optimization problem and an outer optimizer simultaneously
dedicated to optimizing the parameters of the inner layer. This dual-
layered architecture enables the algorithm to fine-tune its perfor-
mance dynamically throughout the execution process. The subsequent
sections will provide a detailed description of the computational struc-
ture of these two layers, elucidating their roles and interactions within
the self-tuning optimization framework.

2.1. Inner optimization layer

Drawing inspiration from the teaching-learning-based optimization
algorithm (TLBO) introduced by [12], the inner optimizer within the
proposed STML architecture can be described as a stochastic
population-based approach grounded in the principles of swarm intel-
ligence. Computationally, the design of the inner layer is structured
around two main phases. In the first phase, the primary objective is to
enforce exploitation, reinforcing the local search mechanism of the

optimizer. This phase aims to exploit promising solutions within the
current population to refine their quality and convergence towards
better optima. Conversely, the second phase focuses on exploration,
preventing the algorithm from being confined to local optima. By
incorporating exploration, the optimizer seeks out new and unexplored
regions of the search space, broadening its search horizon and increasing
the chances of finding global optima. It should be noted that, in contrast
to the original TLBO algorithm, which utilizes a greedy strategy to
enhance its effectiveness by permitting only improving moves, a slightly
different approach has been adopted here. This modified strategy in-
volves stacking all tentative results in a pool once the new generation is
calculated. Subsequently, the next generation is comprised solely of the
best solutions from this pool. In essence, the inner optimizer can be seen
as a controlled randomized local search, leveraging the approach
mentioned above to consistently improve the population set’s
properties.

Mathematically speaking, in an optimization problem with N deci-
sion variables, an N-dimension coordination system could be used to
represent the search space. In this case, any point within the search
space, say X, can be represented as a 1×N array as follows:

X = (x1, x2, x3, …, xj, …, xN) (1)

Here, X represents a search agent in the search space of an optimi-
zation problem with N decision variables, and xj represents the value
associated with the jth decision variable.

The initiation phase of the inner optimizer consists of randomly
placing a series of search agents within the feasible boundaries of the
search space. This bundle of arrays can be mathematically expressed as
M × N matrix, where M denotes the number of search agents or what is
technically referred to as the population size. A population, denoted by
pop, can be represented as follows:

pop =

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

X1
X2
⋮

Xi
⋮

XM

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

=

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

x1,1 x1,2 … x1,j … x1,N

x2,1 x1,2 … x2,j … x2,N
⋮

xi,1 xi,2 … xi,j … xi,N

⋮

xM,1 xM,2 … xM,j … xM,N

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

(2)

Where Xi represents the ith agent in the population, and xi,j denotes the
jth decision variable of the ith agent.

As stated, the algorithmic structure of the inner optimizer itself is
composed of two phases, one of which serves as a local search engine,
and the other is more exploratory-oriented. After the initial population
set is randomly placed within the search space, the position of the search
agents needs to be altered via the local search mechanism. The algo-
rithm then needs to identify the best local optima encountered thus far
in each given iteration. The mentioned search agent could be mathe-
matically represented as follows:

Xbest = (xbest,1, xbest, 2, xbest,3, …, xbest,j, …, xbest,N) (3)

where, xbest,j denotes the position of the best-identified search agent in
the population in the jth dimension, and Xbest represents the best so-
lution encountered until the current iteration.

The main idea of this phase is to create a generic motion that pushes
the entire set toward the identified local optimum position. To do so, the
inner optimizer would first require computing the center of gravity for
the current population set. The center of gravity, here denoted by
Xmean, can be computed as follows:

Xmean = (xmean,1, xmean, 2, xmean,3, …, xmean,j, …, xmean,N)
(4)
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xmean,j =

∑M

i=1
xi,j

M
∀j (5)

In which, xmean,j denotes the position of the center of gravity in the
population in the jth dimension.

The inner optimizer would use the above-stated coordination to
adjust the population set as follows:

diff i,j = Rand×
(
xbest,j − RF × xmean,j

)
∀j,TF ∈ {1,2} (6)

xʹ
i,j = xi,j+ diff i,j∀j (7)

where, x́i,j denotes the new position in the jth dimension for the tentative
solution associated with the ith search agent; diffi,j denotes the value of
the repositioning vector for the ith search agent in the jth dimension;
Rand is a randomly generated value within the range 0–1; and RF de-
notes a random factor that assumes the value 1 or 2.

After the local search phase, the inner optimizer would continue by
randomly coupling two search agents from the population set to impose
a more exploratory-basedmotion on them. Assume the rth and ith search
agents, denoted by Xr and Xi, have been randomly coupled from the
population set for this purpose. Both these agents would be evaluated.
The agent with the better properties in terms of the objective function
value serves as a guiding point, here denoted by Xlocbest, for the other
agent, denoted by Xlocworst. Assuming that this is the ith search agent,
the new tentative position for this agent could be computed as follows:

xʹ
i,j = xi,j+Rand×

(
xlocbest,j − xlocworst,j

)
∀j (8)

where, xlocbest,j denotes the position of the Xlocbest in the jth dimension;
and xlocworst,j denotes the position of the Xlocworst in the jth dimension. It
is essential to highlight that the same strategy employed in the previous
phase is also utilized here.

The inner optimizer would iteratively execute the above procedures
and update the search agents’ position in each attempt. The inner
optimizer terminates the search as it reaches a predefined number of
iterations, here denoted by T. The population size (M) and the maximum
permitted number of iterations (T) would serve as the parameters of the
inner optimizer. The pseudo-code for the inner optimizer is depicted in
Fig. 1.

2.2. Outer optimization layer

As mentioned earlier, the inner optimizer addresses the primary
optimization problem. However, to do so, as the no-free-lunch theorem

dictates, its parameter requires assuming specific values that need to be
fine-tuned to get the best performance out of the inner optimizer. These
would be the two parameters, namely, the population size (M) and the
maximum permitted number of iterations (T). To circumvent a manual
fine-tuning process for these parameters, an outer optimizer would
attempt to systematically tweak these parameters using the same prin-
ciples used in CI-based optimization algorithms. This, in effect, creates a
hyper-two-dimensional search space composed of feasible values for the
parameters. The outer optimizer would then enumerate through this
new search space to identify the optimum setting for the inner optimizer.

The outer optimizer employed in this study is a stochastic single-
solution local search optimization method, drawing inspiration from
the pattern search (PS) algorithm introduced by [20]. It is essential to
highlight that, when compared to the inner optimizer, the outer layer
deals with a considerably less intricate search space. Consequently, the
algorithmic structure of the outer optimizer is intentionally designed to
be less complex. Furthermore, in this stage, the decision variables
involved are solely the parameters of the inner optimizer. As a result, the
search space comprises solely positive integer values, adding to the
simplicity of the optimization process.

Like other stochastic meta-heuristic optimization methods, the
initiation phase of the outer algorithm involves placing the search agent
randomly within the feasible boundaries of the second search space.
Given the local search-based nature of the outer optimizer, a series of
trial or tentative points around the search agent’s vicinity are evaluated
during the optimization process. This allows the algorithm to identify a
trajectory that converges toward a potential optimum solution. In each
evaluation procedure, the outer optimizer repositions the search agent
only if such a move improves the objective function’s properties. To
facilitate these local searches, the outer optimizer incorporates two
mechanisms. The first mechanism involves a local search that evaluates
tentative points arranged in a mesh grid network centered around the
current position of the search agent. If the outer optimizer identifies an
enhancing move in this search, it employs the second exploratory
mechanism. This second mechanism is designed to test whether
continuing this trajectory would improve the search agent’s properties.
If confirmed, the search agent is relocated to the new coordinates in the
search space; otherwise, it remains unchanged.

To mathematically capture these procedures, a two-dimensional
search space is needed where the search agent is represented with a
vector similar to the one in Eq. (1), where N equals 2. Next, the outer
optimizer would form a gridded mesh around the current position of the
search agent, where μ denotes the size of this mesh grid. In general, the
tentative points created in this stage are equal to 2×N, which can be
mathematically expressed as follows:

Fig. 1. Pseudo-code for the inner optimizer.
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Xnew1 = μ.[1, 0, 0, …, 0] +X

Xnew2 = μ.[0, 1, 0, …, 0] +X

⋮

XnewN = μ.[0, 0, 0, …, 1] +X

XnewN+1 = μ.[ − 1, 0, 0, …, 0] +X

XnewN+2 = μ.[0, − 1, 0, …, 0] +X

⋮

Xnew2N = μ.[, 0, 0, …, − 1] +X (9)

where, Xnewi is the ith tentative solution.
Suppose the outer optimizer fails to recognize any improving move

in this stage. In that case, it reduces the mesh grid size using a
contraction coefficient, denoted by δ, which can be expressed mathe-
matically as follows:

μnew = μ − δ (10)

Where, μnew is the new mesh grid size. Any time during the searching
process when an exploratory move leads to an improvement, the value
for the mesh grid size should be restored to its initial default value.

However, if the outer optimizer recognizes any improving move in
the previous stage, it executes an additional exploratory move. The idea
here is to imitate and potentially amplify the improving pattern iden-
tified in the last stage. By doing so, the outer algorithm can explore the
second search space with less computation effort, which, in turn, can
potentially reduce the computational time of the optimization process.
The described procedure can be mathematically expressed as follows:

Xnew = Xʹ+ α.(X − Xʹ) (11)

where, X’ is the previous positions of the search agent; X denotes the
current positions of the search agent; α represents a positive acceleration
factor; and Xnew is a new tentative or trial point. Similar to the previous
exploratory move, the tentative point would only be accepted if it im-
proves the performance of the search agent in terms of the objective
function. As for the termination protocol for the outer optimizer, as
stated, upon consecutive failure execution of the exploratory move, the
size of the mesh grids could drop below a certain termination threshold,
denoted by γ, in which case the optimization process would be stopped.
The current position of the search agent would then be returned as the
optimum solution. The pseudo-code for the outer optimizer is depicted

in Fig. 2.
An essential aspect of the STML computational architecture is how

the parameters of the inner and outer optimizers interact. The primary
goal of the outer optimizer is to automatically fine-tune the parameters
of the inner optimizers, eliminating the need for manual adjustments.
However, the outer optimizer itself contains a few parameters, namely,
the mesh grid size (μ), contraction coefficient (δ), acceleration factor (α),
and termination threshold (γ).

It is crucial to note that this unique computational structure provides
considerable flexibility in handling these parameters. Unlike the inner
optimizers’ parameters, the outer optimizer’s parameters are not
directly involved in the actual optimization problem. Instead, they act as
an additional buffering layer atop another meta-heuristic algorithm,
which interacts with the primary optimization problem. As a result, this
approach creates a more robust search mechanism and solution-finding
procedure, as demonstrated in the result section. Moreover, due to this
buffering mechanism, the hyper-layer search space remains limited to a
two-dimensional space with positive integer values, significantly
restricting the feasible values for these parameters. In practice, beyond a
certain point, the performance of the STML becomes independent of
these parameters. Therefore, all the stated parameters of the outer layer
can be set to default values derived from a logical foundation. These
default values, summarized in Table 1, must be used to construct the
mathematical formulation of the outer optimizer in the STML algorithm.
It is essential to emphasize that all tests and analyses of the algorithm’s
performance were conducted using these default parameter values. This
characteristic renders the STML architecture a parameter-less optimi-
zation method. Overall, the computational structure of the STML ar-
chitecture is illustrated in Fig. 3.

3. Numeric evaluation of the STML algorithm

In order to evaluate the performance of the STML architecture, it will
be tested against a set of mathematical benchmark problems. To provide
the proper context for this analysis, the TLBO and PS algorithms, which
inspire the inner and outer optimizer, respectively, have been selected to
solve the same mathematical benchmark problems. For more detailed

Fig. 2. Pseudo-code for the outer optimizer.

Table 1
Values that are used to render the outer optimizer parameterless.

Parameter of the outer optimizer Used default value

Mesh grid size (μ) 2
Contraction coefficient (δ) 1
Acceleration factor (α) 2
Termination threshold (γ) 1
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information on the computational structure of these well-established
and respected algorithms, readers can refer to [20] and [12]. As a
concluding part of this numeric analysis, an engineering benchmark
problem has also been chosen to demonstrate the performance of the
STML architecture when confronted with more intricate optimization
challenges. In both sets of benchmark problems, the outcomes were
subsequently assessed through rigorous statistical analysis employing
non-parametric tests — the two-sample Wilcoxon signed-rank test and
the Friedman test. The former is applied to compare the central ten-
dencies of two populations using paired samples, with the null hy-
pothesis (H0) being that the two samples are from the same population,
while the alternative hypothesis (H1) is that the samples are drawn from
two statistically different populations. The latter test is designed to
ordinate a set of paired samples. In assessing the performance of
CI-based optimization algorithms, the Wilcoxon signed-rank test has
traditionally been used to evaluate the relative efficacy of two given
algorithms. Conversely, the Friedman test would often be utilized to
rank the algorithms under examination statically. The significance level
(i.e., p-value) adopted throughout this investigation is 0.05. Interested
readers are encouraged to refer to [21] and [22] for a more detailed
description and guidelines on these standard analytical methodologies.

3.1. Mathematical benchmark problems

The CEC2017 suite from the IEEE Congress on Evolutionary
Computation [23] was chosen as a non-centred mathematical

benchmark suite to showcase the computational capabilities of the
STML architecture. This suite consists of a collection of predefined
benchmarks specifically designed to challenge CI-based optimization
algorithms by deliberately relocating the optimum solution away from
the center of the search space. This precautionary measure ensures that
central bias tendencies do not artificially enhance the performance of
the evaluated algorithms. Given the stochastic nature of these algo-
rithms, each one was independently executed fifty times for each
mathematical benchmark problem, each comprising ten independent
variables. This approach facilitates a more comprehensive evaluation of
their performance. For more in-depth information about this benchmark
suite, readers can refer to the comprehensive work by [23].

In addition to the STML architecture, the PS, TLBO, and inner opti-
mizer were utilized to solve the mathematical benchmark suite. How-
ever, unlike the STML, which can autonomously fine-tune itself, the
other tested algorithms were calibrated in advance to identify poten-
tially suitable parameter settings for each specific benchmark problem.
Subsequently, these determined settings were employed to optimize the
problems through independently executed runs. The results of these
evaluations are summarized in Table 2, and the distribution of emerged
solutions is depicted in Fig. 4.

The results indicate that the STML algorithm has demonstrated su-
perior performance compared to other tested algorithms in 15 cases.
Among these, 6 cases were tied in ranking with the inner optimizer,
which is the core of the STML architecture. Remarkably, the inner
optimizer and TLBO algorithms outperformed the other options in 14

Fig. 3. Computational flowchart of the STML architecture.
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and 7 cases, respectively, making them the second and third-best al-
ternatives. On the other hand, the PS algorithm ranked last in this
comparison. Moreover, the relative outcomes for the inner optimizer
and TLBO independently suggest that the former holds an edge over the
latter. This observation highlights a significant improvement, consid-
ering that the inner optimizer drew inspiration from the TLBO
algorithm.

The observed patterns are further validated by the results of the non-
parametric Wilcoxon signed-rank test (Table 3). These findings confirm
that the STML algorithm has only been statistically outperformed three
times, and in all those cases, it was surpassed by the TLBO algorithm.
Additionally, in 22 instances, the results were statistically indistin-
guishable from the top-performing algorithms. In most cases, STML
performed statistically better than the other tested algorithms. These
trends are consistent with the results obtained from the non-parametric
Friedman test (Table 4). Based on these comprehensive results, the
STML algorithm, the inner optimizer, and the TLBO algorithm are
identified as the top three performing options, with the PS algorithm
assuming the last position in this ranking.

Another noteworthy observation is the robustness of the tested

methods, which can be inferred from the results presented in Fig. 4. The
variability in an algorithm’s performance across independent runs re-
sults from its stochastic nature. A robust algorithm, however, should
exhibit consistent and statistically similar performance, leading to
closely resembling results. In other words, a robust algorithm should
have a smaller standard deviation of the obtained results across these
independent runs than a non-robust algorithm. Based on this criterion,
the STML is the most robust, showing the lowest standard deviation in
18 instances (6 times tied place). Following closely, the inner optimizer
and TLBO algorithms display robustness in 14 and 3 cases, respectively,
positioning them as the next most robust tested algorithms.

Finally, the last critical factor is the computational speed of these
algorithms, which can be assessed by analyzing the number of function
evaluations (NFEs) required for each algorithm to achieve convergence
(Table 5). This metric reflects the proficiency of the algorithms in uti-
lizing less computational power and achieving faster convergence. It is
important to note that among the tested algorithms, both STML and PS,
due to their unrestricted computational structures, may require different
NFE values to achieve convergence, even under the same setup. Based
on the results obtained, the top-performing algorithms in terms of
converging with the least number of NFEs are PS (16 times), STML (9
times), and TLBO (5 times). Despite simultaneously handling two layers
of optimizers autonomously, it is remarkable that STML achieved such a
high ranking in terms of computational efficiency. However, NFE values
alone may not reflect the algorithm’s overall performance entirely.
Fig. 5 illustrates the relationship between the average results obtained
and the corresponding NFEs required for convergence for each example
to provide a more comprehensive perspective. The size of each data
point represents the number of NFEs needed for the respective algorithm
to converge. Based on these results, it is evident that the unique
computational structure of STML provides it with an edge over the other
tested options, enabling it to achieve better results with less computa-
tional effort.

Overall, the STML architecture demonstrated reliable performance,
as evidenced by the accuracy of the optimum results. Additionally, it
showed robustness highlighted by greater consistency in reaching the
optimum solution in each independent run. Importantly, despite having
a dynamic termination point triggered automatically by the algorithm, it
proved to be computationally efficient. As such, it required far fewer
NFEs to reach convergence compared to other tested algorithms in most
benchmarks.

3.2. Engineering benchmark problems

While the previous section aimed to shed light on the fundamental
differences between the STML, its computational architecture, and other
meta-heuristic algorithms, this section demonstrates how the algorithm
would perform against a more complex real-world problem. A con-
strained, non-linear water resources management case study has been
selected to test the performance of the computational architecture in the
face of more complex real-world problems. The problem, which repre-
sents a typical water engineering problem, is set to determine the opti-
mum water allocation scheme for a reservoir that tends to meet the
downtown agricultural demands. The objective of this setup is to
minimize the amount of water deficit during the operation span by
opting for the optimum amount of water released from the reservoirs on
a monthly time-step, which brings the number of decision variables for
this designed setup to 170 decision variables. Various studies have
showcased that the above-mentioned problem is a formidable option to
push these algorithms to their limit due to their complex nature e.g.,
[24–28]. The setup, which depicts a case study described in [3], can be
mathematically formulated as follows [29]:

Table 2
Performance of different algorithms against the mathematical benchmark suite.

Best algorithm
(s)

Best obtained
result

The mean of
different algorithms

Std. of different
algorithms

f1 STML, Inner
optimizer

1.00E+02 1.01E+04 2.00E+04

f2 STML, Inner
optimizer

2.00E+02 2.00E+02 2.43E− 03

f3 STML, Inner
optimizer

3.00E+02 3.00E+02 3.44E− 01

f4 STML, Inner
optimizer

4.00E+02 4.00E+02 5.20E− 02

f5 STML 5.03E+02 5.76E+02 1.33E+02
f6 Inner

optimizer
6.00E+02 6.25E+02 4.96E+01

f7 STML 7.07E+02 9.28E+02 4.28E+02
f8 STML 8.03E+02 8.50E+02 8.71E+01
f9 STML, Inner

optimizer
9.00E+02 1.90E+03 2.01E+03

f10 STML 1.07E+03 1.68E+03 8.37E+02
f11 STML, Inner

optimizer
1.10E+03 1.13E+03 4.85E+01

f12 STML 1.21E+03 9.68E+03 1.69E+04
f13 STML 1.30E+03 4.92E+03 7.23E+03
f14 Inner

optimizer
1.40E+03 2.71E+03 2.62E+03

f15 Inner
optimizer

1.50E+03 3.90E+03 4.81E+03

f16 STML 1.60E+03 1.78E+03 3.63E+02
f17 Inner

optimizer
1.70E+03 6.01E+06 1.20E+07

f18 Inner
optimizer

1.80E+03 1.39E+04 2.41E+04

f19 Inner
optimizer

1.90E+03 6.26E+03 8.72E+03

f20 Inner
optimizer

2.00E+03 5.12E+07 1.02E+08

f21 TLBO 2.19E+03 2.27E+03 1.35E+02
f22 TLBO 2.20E+03 2.70E+03 9.74E+02
f23 TLBO 2.59E+03 2.79E+03 3.91E+02
f24 STML 2.47E+03 2.62E+03 1.99E+02
f25 TLBO 2.62E+03 2.83E+03 1.39E+02
f26 TLBO 2.74E+03 3.27E+03 8.52E+02
f27 TLBO 3.09E+03 3.18E+03 1.78E+02
f28 TLBO 3.04E+03 3.11E+03 5.87E+01
f29 Inner

optimizer
3.13E+03 1.28E+07 2.57E+07

f30 STML 3.39E+03 1.49E+04 2.31E+04
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Fig. 4. Distribution of obtained results for each algorithm in the mathematical benchmark suite.
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Min OF =
∑T

t=1
(Dt − Rt)

subjectto

St+1 = St + Qt − Rt − losst − Spt

losst = At × Evt

Spt =

⎧
⎨

⎩

St − Smax if St > Smax

0 else

At = 0.03St + 0.8

0 ≤ Dt ≤ Rt ∀t

Smin ≤ St ≤ Smax ∀t

(12)

where, OF denotes the objective function [10E+06 cubic meter (MCM)];
T is the total number of operation periods (month); Dt repre-
sents downstream water demand in the tth time step (MCM); Rt denotes
the reservoir water release in the tth time step (MCM); St+1 is the
reservoir storage in the time step t + 1 (MCM); St denotes the reservoir
storage volume in tth time stamp (MCM); Qt represents the reservoir
inflow in the tth time step (MCM); losst denotes the loss of water during
period t (MCM); Spt is the spilled water in the tth time step (MCM); At
denotes the reservoir area in the tth time step (m2); Evt represents
the depth of water loss during in the tth time step (m); Smin is the res-
ervoir’s minimum storage capacity (MCM); and Smax is the maximum
reservoir storage capacity (MCM). Furthermore, the data input used for
this case study is illustrated in Fig. 6. It is essential to mention that
during the optimization process, the constraints were penalized pro-
portionally to the extent they violated the defined boundaries. This
measure, which is a standard procedure for using CI-based algorithm to
handle constrained problems, was implemented to encourage the

Table 3
Results for the non-parametric Wilcoxon test against the mathematical bench-
mark suite.

Target Functions PS Inner optimizer TLBO

STML f1 - 0 -
f2 - 0 -
f3 - 0 -
f4 - 0 -
f5 - - -
f6 - 0 -
f7 - - -
f8 - - -
f9 - 0 -
f10 - - -
f11 - 0 -
f12 - 0 -
f13 - - -
f14 - 0 -
f15 - 0 -
f16 - 0 -
f17 - 0 -
f18 - 0 -
f19 - 0 -
f20 - 0 -
f21 - 0 -
f22 - 0 0
f23 - - -
f24 - - -
f25 - - +

f26 - 0 +

f27 - - +

f28 - 0 0
f29 - 0 -
f30 - - -

Note | “-” signifies an inferior performance to the target; “+” means a superior
performance to the target; and “0” identifies no statistically different perfor-
mance to the target.
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algorithms to prioritize and return feasible solutions, effectively
addressing the constraints imposed in the optimization problems [30].

The problem was solved using the TLBO and STML, with each al-
gorithm undergoing 15 independent runs. The summarized results are
presented in Table 6. The prerequisite of using this setup is for the TLBO
algorithm to be fine-tuned for this specific problem while the STML
inherently operates without such calibration. In the table, the results are
color-coded using a green-yellow-red scheme to indicate the accept-
ability of the values. Green represents more desirable values, while red
indicates the least acceptable solutions. Notably, the best solution, in
terms of accuracy (i.e., the least objective function value) and compu-
tational efficacy (i.e., the least NFEs required for convergence), was
obtained from the STML results. On average, the STML achieved an
objective function value of 9.79E-02, surpassing the average result of
1.62E-01 obtained from the fine-tuned TLBO algorithm. This significant
difference highlights the superior performance of the STML architecture.
Additionally, while the STML algorithm required an average of
2.06E+06 NFEs to converge, the fine-tuned TLBO needed 3.75E+06
NFEs to achieve convergence. It is worth mentioning that in two inde-
pendent runs, STML surpassed this NFE value to reach convergence.
Nevertheless, considering that STML, in contrast to TLBO, operates
without requiring any fine-tuning and still achieves better results with
fewer NFEs, underscores the merits of this computational architecture.
Furthermore, it is essential to note that the STML algorithm consistently
returned feasible solutions in all cases, while the TLBO algorithm

produced infeasible solutions in four instances.

4. Concluding remarks

In addressing the intricate search spaces and the overwhelming
number of decision variables that often challenge conventional optimi-
zation methods, Computational Intelligence (CI)-based optimization
approaches emerge as a practical solution for tackling real-world opti-
mization problems. Nonetheless, the Achilles’ heel of meta-heuristic
algorithms lies in the laborious, technically demanding, and time-
consuming fine-tuning process. Furthermore, pinpointing the optimal
parameter settings for a given problem is not guaranteed.

The Self-Tuning Multi-Layer (STML) computational architecture has
been introduced here to address this inherent challenge. This algo-
rithmic innovation automates the fine-tuning procedure by imple-
menting a multi-layer structure that leverages the principles of CI. The
outer layer of the algorithm gradually fine-tunes the inner layer, which
is responsible for the core optimization task. This architecture eliminates
the need for user-driven parameter fine-tuning, ushering in a new era of
autonomous optimization.

The results obtained in this study shed light on the potential of the
STML architecture to address real-world optimization challenges. Our
findings underscore this unique architecture’s exceptional capabilities
in enhancing the optimization process’s computational efficiency. It
consistently outperforms conventional meta-heuristic algorithms or, at
the very least, demonstrates comparable performance.

It is crucial to note that, in practical applications, fine-tuning an al-
gorithm entails a manual trial-and-error process inherently character-
ized by time consumption and the need for meticulous analysis to unlock
potential performance enhancements through parameter adjustments.
However, the outcomes of this study demonstrate that the STML archi-
tecture not only autonomously handles this fine-tuning task more effi-
ciently in most cases but also offers a more robust alternative. These
capabilities can be further elevated by integrating parallel computing,
fine-tuning code implementation, and harnessing the formidable
computational prowess of cutting-edge machines. In addition to testing
STML against practical benchmark problems and complex real-world
scenarios, another interesting future prospect is to expand the pro-
posed architecture by increasing the number of layers to investigate any
potential impact on the overall robustness of this algorithm.
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Table 5
Average number of NFE required for reaching coverage for each given
algorithm.

Best algorithm
(s)

Best obtained
result

The mean of
different
algorithms

Std. of different
algorithms

f1 Inner
optimizer,
TLBO

1.50E+05 1.99E+05 6.19E+04

f2 Inner
optimizer,
TLBO

1.50E+05 2.00E+05 6.34E+04

f3 Inner
optimizer,
TLBO

1.50E+05 3.17E+06 5.97E+06

f4 Inner
optimizer,
TLBO

1.50E+05 6.10E+05 8.33E+05

f5 TLBO 1.50E+05 3.41E+05 1.68E+05
f6 STML 2.84E+05 1.60E+06 2.14E+06
f7 PS 2.38E+05 1.45E+06 2.23E+06
f8 PS 2.65E+05 1.46E+06 2.23E+06
f9 PS 1.90E+05 1.44E+06 2.25E+06
f10 PS 2.23E+05 1.45E+06 2.24E+06
f11 STML 2.77E+05 2.66E+06 2.48E+06
f12 STML 2.73E+05 2.67E+06 2.47E+06
f13 STML 2.84E+05 2.66E+06 2.48E+06
f14 PS 1.74E+05 2.51E+06 2.64E+06
f15 STML 2.81E+05 2.65E+06 2.49E+06
f16 STML 2.72E+05 2.61E+06 2.53E+06
f17 PS 1.71E+05 2.51E+06 2.64E+06
f18 PS 1.19E+05 2.50E+06 2.65E+06
f19 PS 1.30E+05 2.50E+06 2.66E+06
f20 PS 1.88E+05 2.52E+06 2.63E+06
f21 STML 2.73E+05 2.60E+06 2.54E+06
f22 PS 1.95E+05 2.52E+06 2.64E+06
f23 PS 1.81E+05 2.51E+06 2.64E+06
f24 PS 2.13E+05 2.53E+06 2.63E+06
f25 PS 1.28E+05 2.50E+06 2.65E+06
f26 STML 2.88E+05 3.22E+06 2.13E+06
f27 PS 2.14E+05 2.53E+06 2.63E+06
f28 PS 2.37E+05 2.53E+06 2.62E+06
f29 PS 2.37E+05 2.53E+06 2.62E+06
f30 STML 2.93E+05 3.48E+06 2.15E+06

B. Zolghadr-Asli et al. Applied Soft Computing 165 (2024) 112045 

10 



Fig. 5. Average obtained results for each given algorithm and the relative NFEs needed for convergence.
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Fig. 6. Input values for the water allocation problem.

Table 6
Obtained results for the water allocation problem.

Run 
# OF NFE Solution 

Status

ST
M

L

1 1.05E-01 1.46E+06 Feasible
2 9.30E-02 2.17E+06 Feasible
3 1.22E-01 1.49E+06 Feasible
4 1.20E-01 9.92E+05 Feasible
5 7.53E-02 3.33E+06 Feasible
6 7.76E-02 1.85E+06 Feasible
7 8.42E-02 2.13E+06 Feasible
8 9.72E-02 8.26E+05 Feasible
9 1.15E-01 1.90E+06 Feasible
10 1.07E-01 1.69E+06 Feasible
11 1.08E-01 1.44E+06 Feasible
12 6.63E-02 3.38E+06 Feasible
13 8.31E-02 2.25E+06 Feasible
14 1.05E-01 4.12E+06 Feasible
15 1.08E-01 1.87E+06 Feasible

TL
B

O

1 1.81E-01 3.75E+06 Feasible
2 1.70E-01 3.75E+06 Feasible
3 1.49E-01 3.75E+06 Feasible
4 1.53E-01 3.75E+06 Unfeasible
5 1.62E-01 3.75E+06 Feasible
6 1.62E-01 3.75E+06 Unfeasible
7 1.67E-01 3.75E+06 Feasible
8 1.69E-01 3.75E+06 Feasible
9 1.52E-01 3.75E+06 Feasible
10 1.53E-01 3.75E+06 Unfeasible
11 1.84E-01 3.75E+06 Feasible
12 1.46E-01 3.75E+06 Unfeasible
13 1.73E-01 3.75E+06 Feasible
14 1.62E-01 3.75E+06 Feasible
15 1.55E-01 3.75E+06 Feasible
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