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Abstract

Accurate classification of wheat varieties is vital for enhancing agricultural productivity and maintaining food qual-
ity standards. However, conventional methods based on manual inspection are time-consuming, labor-intensive, and
prone to human error. This paper introduces an innovative methodology that integrates the tuna swarm optimization
algorithm with a multi-layer perceptron neural network to achieve high-accuracy classification of wheat species. The
SEEDS dataset, containing three wheat species (Kama, Rosa, and Canadian), was used to evaluate the effectiveness of
the proposed model. Initially, the tuna swarm optimization algorithm’s robustness was validated using the CEC 2019
benchmark suite, where it demonstrated superior performance against alternative metaheuristics such as the Archi-
medes optimization algorithm, prairie dog optimization, and Harris hawks optimization. Tuna swarm optimization
achieved a 79.29% classification accuracy (Macro and Weighted F1-score =0.7923) while significantly reducing the
mean squared error to 7.52E — 02, outperforming other optimization algorithms. The proposed tuna swarm optimiza-
tion-based multi-layer perceptron exhibited strong generalization capability, as demonstrated by the ROC-AUC values
exceeding 0.77 for all classes, with the highest classification success observed in class "0" (AUC =0.9851). Compared
to conventional gradient-based training methods, the tuna swarm optimization-enhanced multi-layer perceptron model
consistently outperformed alternative techniques in convergence stability, classification precision, and robustness
across multiple iterations. These results highlight the potential of metaheuristic-driven neural network optimization
in agricultural applications, providing a highly efficient and scalable solution for automated wheat classification.

Keywords Agricultural machine learning - Metaheuristic algorithms - Multi-layer perceptron - Optimization
techniques - Swarm intelligence - Tuna swarm optimization - Wheat classification - Wheat species recognition

1 Introduction
1.1 Background

Wheat is one of the most critical cereals in the global food sector, fulfilling a substantial portion of humanity’s basic
nutritional needs. Ensuring sustainable and sufficient wheat production is essential for global food security. As the
world population grows, demand for wheat is increasing, while factors such as climate change and urbanization reduce
agricultural land, impacting production negatively. Under these conditions, quality classification offers one of the most
effective ways to boost production efficiency. By accurately classifying wheat types, processing can be optimized to
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produce various sub-products. However, in many regions, classification still relies on human observation, which is labor-
intensive and time-consuming. More efficient, data-driven methods are needed to improve wheat quality classification.

1.2 Related Works

Machine learning (ML) offers promising solutions, enabling decision-making and classification through pre-
processed datasets, advancing the field of artificial learning. Artificial learning encompasses the learning capa-
bility of computer systems, with machine learning as a sub-layer where algorithms refine solutions iteratively to
achieve more optimal results. Each iteration in ML builds on prior knowledge, improving the model over time.
This approach provides specific solutions by training models on data [1-3].

In optimization contexts, determining the best parameter values to enhance output is termed optimization [4].
Given the pervasive need for optimization across research fields, continuous development and adaptation of opti-
mization methods are essential [5, 6]. Modeling and analysis are the core pillars of optimization: modeling involves
formulating the problem mathematically, while solving entails finding the optimal solution to this model [7-11].

Metaheuristic algorithms, known for their effectiveness in optimization, have become prominent in recent
literature. Unlike deterministic methods, metaheuristic algorithms use stochastic processes, directly seeking
solutions through exploration and exploitation phases [12, 13]. Some prominent metaheuristics include simulated
annealing (SA) [14], which begins optimization from a single solution, and swarm-based methods that start with
multiple candidates, iteratively refining solutions in global and local spaces [15]. Notable metaheuristics include
genetic algorithm (GA) [16], particle swarm optimization (PSO) [17], firefly algorithm (FA) [18, 19], cuckoo
search algorithm (CS) [20], flower pollination algorithm (FPA) [21], and more recent techniques such as grey
wolf optimizer (GWO) [22] and tuna swarm optimization (TSO) [23].

Among the various metaheuristic algorithms, PSO and GWO are commonly used for training neural networks
due to their simplicity and effectiveness. However, these algorithms sometimes face premature convergence and
may struggle to maintain an optimal balance between exploration and exploitation, particularly in complex, high-
dimensional search spaces. Two different algorithms are needed to train an artificial neural network. The first one is
the machine learning algorithm that forms the architecture. In this study, MLP architecture is utilized. The second
algorithm serves as a supervisory algorithm that trains the MLP to achieve optimal performance in data training. In
this study, the TSO algorithm fulfills this role. Artificial neural networks (ANNS), specifically multilayer perceptron
(MLP), are widely used in solving nonlinear problems due to their ability to model complex data relationships [24].
The MLP architecture, particularly effective among feed-forward neural networks, functions as a “black box” with
hidden layers that enhance classification accuracy and minimize error. MLPs trained with metaheuristic algorithms
have been found to overcome challenges of local minima, slow convergence, and lengthy initialization [24-30].
Metaheuristic-trained MLPs have also outperformed traditional gradient-based methods across diverse applications,
including image recognition, natural language processing, and energy management [31-36]. The initial application of
the GWO to train the MLP marked a pivotal point in improving training effectiveness [37]. Other research has dem-
onstrated the effectiveness of metaheuristics like the lion optimization algorithm (LOA) [38], vortex search algorithm
[32], and biogeography-based optimizer (BBO) [39] in optimizing MLPs. Such metaheuristic-based approaches have
consistently shown higher global optimality compared to gradient methods [40].

In different research, various probability distributions were utilized to enhance the BBO (PD-BBO) [41] and
to train the MLP, aiming to boost the precision of medical data classification. The distributions employed include
gamma, beta, Gaussian, exponential, Poisson, geometric, Rayleigh, and Weber. These were integrated into the
BBO algorithm's migration process to substitute the random distribution, and the migration probability was estab-
lished. Recent research has applied swarm intelligence algorithms, including gray wolf optimizer, battle royale
optimizer, sine cosine algorithm, and their improved versions, as well. These algorithms address the optimiza-
tion task of determining network parameters to reduce errors during data processing. However, these algorithms
often face challenges like local optima stagnation and inefficient search processes, limiting their effectiveness.
In one of the studies, the competing leaders GWO (CGWO) were proposed to overcome these challenges [42].
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The CGWO introduces competing leaders to create a dynamic wolf pack leadership structure, avoiding local
optima and improving convergence. A population diversity-enhanced initiation method is developed to boost the
competing leaders mechanism.

1.3 Novelty and Contributions

In recent years, the application of metaheuristic algorithms in agricultural data classification has witnessed a notable
increase. These algorithms present considerable advantages over traditional methods due to their enhanced accu-
racy and stability when handling complex and multidimensional datasets. Nevertheless, recent literature reviews
have identified persistent deficiencies in current metaheuristics, particularly concerning generalization, parameter
adjustment, and explainability across diverse agricultural products and datasets [43]. Issues related to stability and
accuracy remain, especially in large and unstable datasets, and research on real-time and scalable applications is still
limited. The SEEDS dataset is frequently employed in numerous studies within this domain, serving as a standard
reference for algorithm comparison. However, many existing studies inadequately address the generalizability and
transferability of results to real-world applications, primarily due to the relatively small and balanced nature of the
SEEDS dataset [44]. Furthermore, most studies are confined to basic machine learning or classical metaheuristics
and insufficiently focus on critical issues such as algorithm stability, hyperparameter optimization, and explainability
[45—47]. This study aims to achieve superior performance in terms of both accuracy and stability in agricultural
data classification through a TSO-based approach and to discuss the generalizability of the results obtained, thereby
addressing both the general research gaps in the literature and the deficiencies associated with the SEEDS dataset.

In the context of the above discussion, in this study, wheat types are classified using TSO [23]-optimized MLPs
based on the SEEDS dataset [36] from the UCI machine learning repository. The foraging behaviors observed in tuna
(spiral and parabolic movements) enable the TSO to balance exploration and exploitation, delivering high problem-
solving efficiency with minimal control parameters. Previous studies in the food sector have shown that machine
learning can enhance classification tasks, with notable applications using bagging and hard voting techniques for
classifier optimization [44—46]. When MLPs were tested on this dataset using fivefold cross-validation, they achieved
aremarkable classification rate of 99.5% [45]. Comparative studies have also explored K-nearest neighbors (KNN),
classification and regression trees (CART), and Gaussian Naive Bayes (NB) algorithms, finding that ensemble clas-
sifiers often achieve optimal accuracy through forced voting strategies [46]. Additional research using the SEEDS
dataset demonstrated a deep neural network (DNN) model reaching 100% accuracy in classifying wheat types into
groups like Rosa, Canadian, and Kama, underscoring the potential of ML-driven classification in agriculture [48].

This paper addresses the challenge of enhancing agricultural productivity in response to the increasing demand
for food amidst diminishing arable land. A critical aspect of this endeavor is the rapid and precise classification of
wheat varieties. Traditional methods are often time-consuming and prone to errors. Consequently, there is a growing
adoption of machine learning and artificial intelligence in agriculture. However, the training of these Al systems is
complex, requiring optimal configurations, and conventional approaches may not always yield satisfactory results.
Innovative techniques, such as swarm intelligence algorithms like the TSO, have demonstrated superior efficacy
in tackling complex problems. This paper employs the TSO algorithm in conjunction with MLP neural network to
accurately classify wheat types. This approach contributes to the automation and reliability of agricultural practices.
The findings indicate that this method holds promise for both research applications and practical farming operations.

The paper underscores the distinct benefits of combining the TSO algorithm with MLP neural networks for
classifying wheat, distinguishing this method from traditional approaches. This combination leads to significantly
improved classification accuracy and facilitates efficient, data-driven analysis, reducing errors often linked to
manual observation. The TSO algorithm is particularly adept at navigating complex search spaces, optimizing
the training process, and providing greater convergence stability than conventional methods. Due to its compu-
tational efficiency, the TSO-MLP framework is highly scalable and ideal for large-scale or real-time agricultural
applications. Additionally, its adaptability indicates potential applicability to other crops, expanding its influence
within the agricultural sector. By automating classification with high precision, the model is poised to enhance
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productivity and elevate food quality standards, while also cutting labor costs and boosting operational efficiency
for agricultural processors. The research exemplifies how metaheuristic-driven neural network optimization can
propel Al-driven agriculture forward, surpassing other metaheuristic algorithms in both benchmark tests and prac-
tical classification tasks. Crucially, the study also considers ethical aspects, stressing responsible implementation
and data privacy. By setting the stage for future adaptations and real-time deployment, this research introduces a
promising path for improving agricultural productivity and the responsible use of artificial intelligence in the field.
This paper employs the CEC 2019 benchmark suite to evaluate the effectiveness of the TSO. The CEC 2019
suite encompasses a variety of test functions, including unimodal, multimodal, hybrid, and composition problems.
These functions create complex landscapes with numerous local optima and variable interactions, complicating
direct convergence to the global optimum. The suite effectively assesses the stability and robustness of optimization
algorithms by testing their ability to avoid local minima and achieve global solutions. Despite the existence of newer
benchmark sets, the CEC 2019 suite remains a respected standard for highlighting the strengths and weaknesses
of metaheuristic algorithms. The choice to use CEC 2019 was influenced by its widespread use, the availability of
comparative results, and its capacity to challenge the global search capabilities of optimization algorithms.

1.4 Structure of the Paper

The remainder of this paper is structured to comprehensively guide the reader through the methodology, analysis,
and findings. In Sect. 2, the TSO is introduced in detail, with its mathematical foundations and behavioral mod-
eling explained. This section also presents the algorithm’s performance on the CEC 2019 benchmark suite, estab-
lishing its robustness in solving diverse optimization problems. Section 3 describes the experimental framework
for applying the TSO algorithm to train an MLP model for the classification of wheat species using the SEEDS
dataset. This section includes architectural details of the neural network, the rationale behind design choices, and
a thorough comparison with other metaheuristic algorithms. Additionally, performance metrics such as accuracy,
F1-score, ROC-AUC, and convergence behavior are reported and analyzed. Finally, Sect. 4 concludes the paper
by summarizing the key findings, discussing practical implications in agricultural applications, highlighting
limitations, and proposing directions for future research and algorithmic improvements.

2 Mathematical Model of TSO

As with all swarm-based metaheuristic algorithms, the TSO algorithm starts the optimization process by creat-
ing an initial set of candidate solutions. In Eq. (1), X; denotes the initial random population and rand denotes the
random number between [0, 1]. UB and LB denote the upper and lower bounds, and NoP denotes the swarm size.

X; = (rand[0,1)) X (UB—-LB)+ LB i=1,2,...,NoP (1)

The TSO algorithm creates a spiral structure when tuna, which adopts two behavioral patterns, spiraling and
parabolic, search for prey. A small group of fish in the leader position, traveling consistently in a certain direc-
tion, ensures that the whole swarm joins them, and a spiral foraging strategy is formed with a sequential flow of
information, the formulation of which is given in Egs. (2)-(6).
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where Xl?“ 18 the i-th individual of iteration ¢+ 1, X' [’m . is the best available individual, a constant a is the parameter
that gives a measure of the randomly selected tuna's tracking of the previous individual and the individual in the
best position at the initial stage, a; and a, are weight coefficients and control parameters that evaluate the trend
of this tracking. ¢ is the current iteration, #,,,, is the maximum iteration and b is a random number in the interval
[0,1]. Thanks to the exploration capability of the TSO, by placing the starting point (X; ) for spiral search on
a random coordinate in the search space, the best individual of the swarm, which forms a spiral structure around
the food, creates the ability to overcome the problem in case of failure in finding food and enables it to search in
a wider area. Equation (7) modeled the exploration ability mathematically.

Xt+1_ alX(Xit’and+ﬂX}t'and_X;l>+a2XXf’i=1 (7)
T e X (X # B[y = X|) + e X XL i = 2.3, NoP

Metaheuristic algorithms typically commence with an extensive global exploration phase, which gradually
transitions into a focus on local areas, known as the exploitation phase. As iterations progress in TSO, this prin-
ciple emphasizes the most optimal individuals by leveraging the foraging capacity of random agents during the
exploration phase. This is achieved by moving in a spiral and capitalizing on the diversity of solutions generated
in this phase. This phase is represented in Eq. (8). In Eq. (8), wherei = 2,3, ..., NPandi = 1.

.
a1X<Xf‘and+'BXf*and_X;|>+a2 XX, iF rand < -
o X (X;and +/ X;and - Xf|> +a; X Xf_p Fma
K= ®)
¥ X <Xll>est + ﬂixltaest - X; ) +a, X X;, if rand >
a; X (X,’mt + ﬂle’m -X; ) +a, XX, = by
\

Tuna adopts a spiral architecture as well as a parabolic feeding pattern. Both types of feeding are simultaneous
and have equal possibilities. In parabolic feeding, they form a parabola with food as the starting point, and each
fish forages by searching around itself. Equation (9) and (10) provide a mathematical model of these two move-
ments. Here TF is a random number with value 1 or —1.
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In the optimization process of TSO, an initial swarm of a specified number of agents is randomly generated.
Each agent in the swarm randomly chooses one of the two search strategies and reevaluates and updates its posi-
tion at each iteration. This process continues until the best satisfactory result is reached [23]. The pseudocode of
the TSO is provided in Algorithm 1.

Algorithm 1 Pseudocode of TSO algorithm

1. Initialize

Input:

Initialize the swarm size (NoP) and maximum iteration (t,;4,)-
Entry free parameters a and z

Output:

Position of the optimal solution (the best individual) and its corresponding fitness value.
2. Main optimization loop

t=0 ‘set current iteration’

WHILE (t < t,,4,) ‘calculate the fitness values of all tunas.’
DO

3. Fitness evulation

FOR X!

DO

Xtose “calculate fitness value’,

END FOR

4. Update best position

FOR X} ‘each tuna’

DO

Update a4,a,, p coefficients ‘adaptive behavior: aq,a,, p adjust through optimization’
rand[0,1]  ‘Create a random value’

5. Position Up-to-date rules

IF (rand, < z)

THEN

**gpiral foraging behavior //Controlled by parameter z and Eq. (1)
Update position Xf** using Eq. (1)

ELSE IF (rand, > z)

THEN

Create a random value: rand,[0,1]

IF (rand, < 0.5)

THEN

Create a random value: rand;[0,1]

IF (t; < rands)

THEN
IF (t/t_max < rands)
THEN
** Early exploration phase
Update position X/** using Eq. (7)
ELSE
** Late exploitation phase
Update position Xf** using Eq. (2)
END IF
ELSE IF ( rand, = 0.5)
THEN
** Random search behavior //Provides diversity through Eq. (9)
Update position X/** using Eq. (9)
END IF
END IF
END FOR
6.  Increase iteration
t=t+1
END WHILE
Return the best individual X, and the best fitness value F (Xpst)-
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3 Experimental Observations

3.1 Simulation of TSO via CEC 2019 Benchmark Test Set

The effectiveness of the TSO algorithm is evaluated through a series of simulations on the CEC 2019 bench-
mark function set, a widely used standard for assessing optimization algorithms due to its complex landscape.
Table 1 details each function used in the evaluation, specifying function type, dimensionality, and search
ranges. These benchmark functions, such as Rastrigin’s and Ackley’s, introduce challenging features like
non-linearity and multimodality, ideal for testing the robustness and adaptability of metaheuristic algorithms
like TSO.

Table 2 presents a comparative statistical analysis of TSO against alternative algorithms, including Archi-
medes optimization algorithm (AOA), prairie dog optimization (PDO), and Harris hawks optimization (HHO).
For each function, key performance metrics (mean, standard deviation, best, and worst values) are recorded.
As seen, TSO demonstrates competitive performance, notably achieving the lowest mean values for Function
01 (Storn’s Chebyshev Polynomial) and Function 05 (Griewangk’s Function), indicating strong convergence
toward optimal solutions. The standard deviation values for TSO in these functions also remain relatively low,
suggesting stability across multiple runs. For functions with high-dimensional landscapes, such as Function
07 (Modified Schwefel’s Function), TSO outperforms the alternatives by balancing exploration and exploita-
tion effectively. In Function 07 (Modified Schwefel’s Function), TSO showed high standard deviation (¢ ~
2.07 x 10?), indicating significant solution variability between runs. This suggests that for highly multimodal
landscapes, TSO's stochastic nature can lead to inconsistent convergence, potentially becoming trapped in
local optima depending on initial conditions. Through repeated experiments on CEC 2019 functions with dif-
ferent random seeds and populations, results showed that while TSO achieves competitive mean performance,
solution quality varies significantly for certain functions. This emphasizes the importance of considering both
mean and variance when evaluating metaheuristic algorithms. As demonstrated in Table 2, the performance of
the TSO algorithm on the CEC 2019 dataset indicates that the problem remains stable, yielding high-quality
solutions within the complex and multidimensional search spaces it encompasses. This experiment underscores
the TSO algorithm's efficacy as a robust optimizer, thereby establishing a strong foundation for subsequent
theoretical and practical investigations.

Figure 1 provides a boxplot representation of the results across the benchmark functions, visually comparing
the distribution of outcomes for TSO and other algorithms. TSO exhibits tighter, more compact distributions,
particularly in functions with rugged landscapes, implying consistent performance and a reduced likelihood
of extreme outliers. This consistency suggests that TSO maintains a stable solution quality across various
optimization challenges, which is crucial for practical applications where reliability is essential.

3.2 Training of TSO-based MLP

The input and output properties of the dataset used in the selection of the MLP architecture are crucial. In
this context, it is necessary to look at the characteristics of the SEEDS dataset. The SEEDS dataset from the
UCI repository contains 70 samples each of the Kama, Rosa, and Canadian wheat varieties (http://archive.
ics.uci.edu/ml/datasets/seeds). The dataset contains the features of images recorded on X —ray codec plates
and is used for classification purposes in MLP training. Seed properties such as circumference, kernel length,
kernel width, area, compactness, and asymmetry coefficient were analyzed. The input layer consists of seven
sensors, and the features loaded on each sensor can be expressed as follows. For each grain of wheat, they are
categorized as area (area, A), perimeter (perimeter, P), compactness (compactness, C), length, width, asym-
metry coefficient, and length of a kernel groove [35].

In the MLP architecture, there are 7 sensors in the input layer, 22 sensors in the hidden layer, and 3 sensors
in the output layer. The Sigmoid function is chosen as the transfer function since it is a non-linear structure,
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Table 1 Details of CEC Function Definition Dimension  Search range Frin

2019 benchmark function (CEC2019)

problems
01 Storn’s Chebyshev Polynomial Fitting Problem 9 [—8192, 8192] 1
02 Inverse Hilbert Matrix Problem 16 [— 16384, 16384] 1
03 Lennard—Jones Minimum Energy Cluster 18 [—4,4] 1
04 Rastrigin’s Function 10 [—100, 100] 1
05 Griewangk’s Function 10 [— 100, 100] 1
06 Weierstrass Function 10 [— 100, 100] 1
07 Modified Schwefel’s Function 10 [— 100, 100] 1
08 Expanded Schafter’s F6 Function 10 [— 100, 100] 1
09 Happy Cat Function 10 [—100, 100] 1
10 Ackley Function 10 [— 100, 100] 1

and the error terms in the classification are evaluated with the MSE (mean-square error) criterion; the smaller
the MSE value, the better the model. While the mathematical complexities of the TSO algorithm are detailed,
it is acknowledged that the original manuscript did not adequately elucidate the rationale for specific decisions
in the MLP architecture, particularly the choice of 22 hidden neurons and the employment of the sigmoid acti-
vation function. The number of hidden neurons in the MLP was determined empirically through experimen-
tation. A range of hidden neuron counts, varying from 10 to 30, was examined, and the performance of each
configuration was assessed on the SEEDS dataset using cross-validation. The configuration with 22 hidden
neurons achieved an optimal balance between classification accuracy and model complexity, minimizing both
underfitting and overfitting. This choice aligns with studies on similar datasets, where a moderate number of
hidden units has proven effective for small to medium-sized classification problems. The sigmoid activation
function was chosen due to its widespread use in classical MLP architectures, especially for problems with
normalized input features, as in the SEEDS dataset. The sigmoid function provides non-linear transformations
suitable for binary and multi-class classification tasks, facilitating gradient-based optimization and stable con-
vergence. The use of sigmoid activation aligns with benchmark studies, enabling direct comparison of results.

An artificial neuron operating system is shown in Fig. 2 where S; is the sigmoid transfer function, w,, is the
weights, [, is the sensors in each layer, O, is the output. The difference between the desired output value (O,)
and the actual output value (O,) is calculated by MSE.

1 N

MSE = N;(Od—oaf (11)

The process of training the SEEDS dataset under the supervision of the TSO algorithm and optimization of
the data is also given in Fig. 3. As seen in the model presented in Fig. 3, the TSO algorithm, selected as the
optimizer, produces an output for each data point in the dataset. The error between this output and the expected
data obtained from training the MLP architecture represents the performance of the TSO-based MLP structure.
As aresult of this architecture set up, training was carried out under the supervision of metaheuristic algorithms.

Permutation importance analysis has elucidated the model's capacity to identify features integral to the deci-
sion-making process. This approach ensures transparency and interpretability, thereby facilitating the identifi-
cation of characteristics that are pivotal in the wheat classification process within agricultural applications. A
permutation importance analysis was conducted on the test split (30%, with 30 shuffles per feature) to interpret
the TSO-optimized MLP. Kernel Groove Length (AAcc =~ 0.086) and Asymmetry Coefficient (=~ 0.054) emerged
as the most influential predictors, whereas Compactness and Kernel Width contributed minimally (AAcc <0).
Table 3 summarizes these results, offering practitioners insights into which grain characteristics drive the auto-
mated classification.
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Table 2 Comparative Function Measure TSO AOA PDO HHO
statistical results on (CEC 2019)
CEC2019 benchmark
functions (NoP = 40, 01 Mean 38580E+04  3.1478E+08  6.3740E+04  5.1407E+04
tnax = 500, run = 50) Standard Deviation  1.4829E + 03 1.1821E+09 2.2096E+04 5.8520E+03
Best 3.6078E + 04 4.3721E+05 4.3795E+04  4.1794E+04
Worst 4.4900E + 04 6.1268E + 09 1.4828E+05 7.1181E+04
02 Mean 1.7343E + 01 1.9143E+01 1.7736E+01  1.7358E+01
Standard Deviation 3.6807E — 14 5.2253E-01 4.5639E—-01  7.0000E —03
Best 1.7343E + 01 1.7986E + 01 1.7343E+01  1.7344E+01
Worst 1.7343E + 01 1.9846E + 01 1.8998E+01 1.7373E+01
03 Mean 1.2702E + 01 1.2703E+01 1.2702E+01  1.2702E+01
Standard Deviation = 8.9738E — 15 6.4469E — 04 8.9771E—-07 7.9164E—-06
Best 1.2702E + 01 1.2702E+01 1.2702E+01  1.2702E+01
Worst 1.2702E + 01 1.2705E+01 1.2702E+01  1.2702E+01
04 Mean 7.5662E + 01 1.0248E + 04 1.0849E+04  1.6806E+ 02
Standard Deviation  4.1444E + 01 3.8387E+03 3.9600E+03 5.8746E+01
Best 1.3929E + 01 3.8533E+03 5.2315E+03  7.7682E+01
Worst 2.3480E + 02 2.2019E+04 2.0013E+04 3.3183E+02
05 Mean 1.2171E+ 00 3.7857E+00 3.8741E4+00 2.3662E+00
Standard Deviation 1.6550E — 01 8.2346E - 01 6.4646E—-01 5.4070E-01
Best 1.0541E + 00 2.4242E+00 2.6134E+00 1.3986E+00
Worst 1.8405E + 00 5.4804E+ 00 5.3203E+00 3.4785E+00
06 Mean 1.0419E+01 8.9059E + 00 9.7044E+00  9.0058E + 00
Standard Deviation = 8.9970E —01 8.9017E — 01 1.6061E4+00  1.2324E+00
Best 8.0948E + 00 6.6080E + 00 3.8058E+00 6.2786E+00
Worst 1.2031E+01 1.0423E + 01 1.2242E+01 1.1632E+01
07 Mean 2.4558E+02 1.8822E + 02 7.1688E+02  3.8293E+02
Standard Deviation = 2.0696E + 02 1.6137E + 02 1.9282E+02 1.7316E+02
Best —9.8666E+01 —1.6368E+02 2.3122E+02 —2.8936E+01
Worst 8.1035E+02 5.6504E + 02 1.0899E+03  8.0038E+02
08 Mean 4.4415E + 00 5.5320E+00 6.1467E+00  5.7542E+00
Standard Deviation  1.0655E+ 00 6.8783E—-01 4.0442E—-01 5.7070E-01
Best 1.8019E + 00 3.0193E+00 5.2092E+00 4.3637E+00
Worst 6.3854E + 00 6.5104E+00 6.8602E+00  7.0500E+ 00
09 Mean 2.4562E + 00 5.8276E+02 1.2701E+03  3.1015E+00
Standard Deviation  9.3500E — 02 3.4677TE+02 5.2851E+02 3.7530E-01
Best 2.3491E + 00 6.9184E+01 5.0165E+02 2.4841E+00
Worst 2.7555E + 00 1.4416E+03 2.8805E+03  4.5670E+00
10 Mean 1.9847E + 01 2.0113E+01 2.0302E+01 2.0208E+01
Standard Deviation  2.4590E + 00 4.5529E — 02 1.6466E—01 1.0620E-01
Best 5.8248E + 00 1.9878E+01 2.0014E+01 2.0051E+01
Worst 2.0576E +01 2.0175E + 01 2.0600E+01 2.0468E+01

The bold values represent the best values obtained

Figure 4 presents a two-dimensional t-SNE visualization of the hidden layer activations from a neural network
trained on the SEEDS dataset. Each point on the plot represents a sample, with blue points indicating Class-1
(Kama), green points indicating Class-0 (Rosa), and red points indicating Class-1 (Canadian). Figure 4 reveals
that the Class-1 (Canadian) samples are divided into two distinct subclusters. One of these subclusters is clearly
separated from the other classes, while the other is mixed with the blue cluster where Class-1 (Kama) samples
are located, resulting in significant overlap in this region. This indicates that some Class-1 samples overlap

Int ) Comput Intell Syst ~ (2025) 18:292 €\ Springer


https://doi.org/10.1007/s44196-025-01033-w

292 Page 10 of 22 https://doi.org/10.1007/544196-025-01033-w

Fig. 1 Boxplot representation x 10" CEC 2019-01 .
of the CEC2019 test suite 5 CEC 2019-02
w 10 19.5 E
%) w19
=5 + g 185 T
I
0 I 75F . e
TSO PDO HHO AOA TSO PDO HHO AOA
CEC 2019-03 x 10* CEC 2019-04
T

N

N

)

i
MSE

- N
i

%]
< 12.704
I ol . ‘
TSO PDO HHO AOCA TSO PDO HHO AOCA
. CEC 2019-05 12 CEC 2019-06
ol w == == —
n 4 —_ é] ] 1g 1 f % E
=2 - % - = 6 + - —
TSO PDO HHO AOCA TSO PDO HHO AOA
CEC 2019-07 CEC 2019-08
2 500 I == = T 2 4 =4 — -+ -
oF ¢ -+ ; = 2 -+ i ‘
TSO PDO HHO AOCA TSO PDO HHO AOCA
w 1500 — w 22 F - —=
g e = g%
0 ‘ ° b +
TSO PDO HHO AOCA TSO PDO HHO AOA

considerably with Class-1 in the feature space, complicating the model's ability to distinguish these samples.
Class-0 (Rosa) samples are clustered in a more distinct region compared to both Class-1 groups and do not exhibit
significant overlap with the other classes. This explains the model's higher accuracy in identifying Class-0. Class-0
samples are better separated from the others. The overlap between Class-1 and Class-1 is a key factor contributing
to the low precision and recall values observed for Class-1. The model's difficulty in clearly defining the boundary
between these two classes leads to some Class-1 examples being misclassified as Class-1, and vice versa. Utilizing
the two-dimensional t-SNE visualization, the activation of the hidden layer within the MLP network trained on
the dataset is observable. This visualization facilitates a more detailed examination of the model by identifying
the classes in which the model demonstrates greater success and potential points of confusion.

Visualizing the calibration process of the MLP is instrumental in enhancing comprehension of the model's
training dynamics and parameter configuration. Graphical representation of the variations in training and valida-
tion losses across iterations facilitates the monitoring of the model's learning trajectory and the identification of
phenomena such as overfitting or underfitting. Additionally, it aids in visually substantiating the impact of vari-
ous hyperparameters, including learning rate, number of neurons, and batch size, on model performance. This
approach fosters a deeper understanding of the model's calibration process and the rationale underlying the final
parameter selections [49].

Figure 5 displays a heatmap that illustrates the validation accuracy of the MLP model across various combina-
tions of learning rates and numbers of hidden neurons. The findings reveal that the highest validation accuracy
occurs when the number of hidden neurons is set to 22 and the learning rate is 0.15. Deviations from these values,
either lower or higher, tend to diminish the model’s performance, indicating potential underfitting or overfitting.
The optimal region, highlighted in yellow, underscores the necessity of carefully tuning these parameters to
maximize classification accuracy. This analysis supports the empirical selection of hyperparameters in the study
and underscores the importance of systematic optimization in neural network training.
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Fig.2 Working system of artificial sensor

Archimedes optimization algorithms (AOA), capuchin search algorithm (CapSA), artificial gorilla troops
optimizer (GTO), Harris hawks optimization (HHO), prairie dog optimization algorithm (PDO), and sine—cosine
search algorithm (SCA) were selected as alternative algorithms to the TSO algorithm [49-54]. Mean value,
standard deviation, and classification rate were chosen as statistical measures. The statistical measures were
performed with 10 runs, 300 iterations, and 200 search agents. All experiments were conducted using MATLAB
2024 on a workstation equipped with an Intel Core 17, 16 GB RAM, and Windows 11. As can be seen in Table 4,
the classification rate and average MSE values of the TSO algorithm were found to be better than those of the
alternative algorithms. This result shows that the TSO algorithm has an effective strategy to increase efficiency
and accuracy in training the network.

Convergence curves provide the reader with information about the local area, early convergence, and
approaching the optimum point in the optimization of a problem. In this framework, Fig. 6, the iterative
realization stages of the outcomes and the results are visually shown on the converge curve plot, and it is
observed that the TSO algorithm gradually reaches the solution as a result of 300 iterations and achieves
the most optimal value among the alternatives. Upon examining the performance of the CapSA and TSO
algorithms over O to 300 iterations, it is observed that the TSO algorithm exhibits a smooth convergence,
attaining the optimal value without any interruptions or delayed convergence. Similarly, the CapSA algorithm
demonstrates effective convergence; however, it encounters premature convergence after the 150th iteration,
stabilizing at a suboptimal point.

As shown in Fig. 7, the confusion matrix was constructed to evaluate the performance of the TSO classifi-
cation algorithm utilized in this study. There are four terms in the matrix. These give the number of correctly
and incorrectly classified data. To find Accuracy, Precission, Recall results, the data are obtained from the
confusion matrix. These data are True Positive (TP), i.e., both the desired and actual value is positive, False
Positive (FP), i.e., the result is positive while the desired value is negative, True Negative (TN), i.e., both
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Table 3 Permutatipn Rank Feature Mean A-accuracy Std. Dev
importance analysis
1 Kernel Groove Length 0.0862 0.0366
2 Asymmetry Coefficient 0.0540 0.0347
3 Kernel Length 0.0429 0.0304
4 Perimeter 0.0132 0.0284
5 Area 0.0101 0.0267
6 Kernel Width —-0.0016 0.0250
7 Compactness —0.0175 0.0237

the desired and actual value is negative, False Negative (FN), the result is negative while the desired value
is positive. Here the FN value is also referred to as error Il [48]. Accuracy gives the proportion of correctly
classified positives out of the whole sample, Precision gives the ratio of the number of correctly classified
positives to the total number of positives, and Recall, as a measure of Precision, gives the ratio of the number
of correctly classified positives to the sum of the number of correctly classified positives and the number of
correctly classified positives and the number of incorrectly classified negatives. The F'1 — score measures the
overall performance of the classification model by taking all these measures into account. The F1-score is the
harmonic mean of Accuracy and Recall. It is a significant measure to see the strength of the balance between
these two values [55].

Accuracy = TP+1IN
Y Number of Instance (12)
Precision = _TIP 13
~ TP+FP (13)
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TP
Recall = ——
TP+ FN 14

Precision % Recall
F1 - =2
score ¥ Precision + Recall (5)

Statistical result of TSO based MLP model is shown in Table 5. When evaluated in the light of these data, it
will be seen that a good balance is achieved between Precision and Recall criteria in class 0. It can be assumed that
the balance is not bad for the other two classes. In the F1-score value, since the samples are equally distributed
for all classes, Macro F1-score and Weighted F1-score are equal, and the result is 0.7923. This F1-score value
indicates that the classification success of the model presented in the study is 79.29%.

ROC analysis is a plot that reveals the classification ability between correct and incorrect predicted values. It
is an important criterion to reveal the discrimination power of the test and the experimental quality of the applied
model [55]. Area Under the Curve (AUC) refers to the area under the ROC curve. The size of the area is directly
proportional to the quality of the test. In other words, the larger the area, the higher the test success [56]. In Fig. 8,
three classes were evaluated in this study, and it is observed that the rates of the three classes are higher than the
threshold value (0.5), which is read as classification success, but especially the classification success of the O class
is high. It is observed in Fig. 8 that the test success is 0.7727 for the — 1 class, 0.9851 for the O class, and 0.7864
for the 1 class. According to these results, it can be observed that the model is highly successful.

Time complexity measures a computer's code execution time through operation count. Big O nota-
tion expresses an algorithm's worst-case time complexity algebraically. The algorithm maintains "tunas"

Int J Comput Intell Syst  (2025) 18:292 &\ Springer


https://doi.org/10.1007/s44196-025-01033-w

292 Page 14 of 22 https://doi.org/10.1007/544196-025-01033-w

Fig.5 Validation accuracy Validation Accuracy for Different Hyperparameter Combinations

for different hyperparameter 080
combinations of MLP 30
28 0.85
26
0.84
24
[72]
c
S 0.83
3 22
z
=
3
S 20 0.82
Y
S
218
g 0.81
=z
16
0.8
14
12 0.79
10
0.78

0 0.05 0.1 0.15 0.2 0.25 0.3
Learning Rate

representing neural network weights, evaluating fitness by calculating MLP forward loss over iterations. Key
parameters are population size (N), search space dimensionality (D), and iterations (I). The main computa-
tional cost comes from candidate fitness evaluation via MLP forward propagation, scaling with Nx D. Position
updates and optimal solution identification scale with NxX D and N. The overall computational complexity is
O(N-D-I), increasing linearly with population size, network weights, and optimization iterations. This linear
scaling makes the algorithm predictable, though larger networks increase computational demands. Figure 9
shows TSO's theoretical time complexity across population sizes (50, 100, 150, 200) as iterations increase,
with D =168. Operations increase linearly with iterations per population size. The evenly spaced lines show
population size proportionally affects computational cost. The plot confirms TSO's linear scaling behavior
regarding population size and iteration count, important for large-scale implementations.

4 Discussion

In this paper, we aimed to automatically classify wheat species using a MLP architecture, which was trained with
the TSO algorithm. The results reveal that the TSO-based MLP model achieves superior accuracy compared to
other metaheuristic algorithms, as demonstrated by its performance on both the CEC 2019 benchmark functions
and the SEEDS dataset. The model's classification effectiveness, measured by F1-score, ROC, and AUC, indicates
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Table 4 Statistical results Algorithm Metric Results Rank
for training of MLP
TSO Mean 7.5201E — 02 1
Standard Deviation 7.4820E — 02 1
Classification Rate 7.9524E + 01 1
AOA Mean 3.0480E—-01 7
Standard Deviation 5.4900E — 02 6
Classification Rate 2.3333E+01 7
CapSA Mean 1.8810E —-01 6
Standard Deviation 1.6270E - 01 5
Classification Rate 3.3333E+01 7
GTO Mean 1.3100E —-01 3
Standard Deviation 1.1980E — 01 4
Classification Rate 7.3333E+01 3
HHO Mean 1.8410E-01 5
Standard Deviation 1.0820E - 01 2
Classification Rate 4.7619E+01 6
PDO Mean 1.4350E - 01 2
Standard Deviation 9.5500E — 02 7
Classification Rate 5.8571E+01 4
SCA Mean 2.2090E—01 6
Standard Deviation 2.7100E - 02 2
Classification Rate 6.0952E +01 3

The bold values represent the best values obtained

that this approach is effective for classifying agricultural data. The findings show that the TSO algorithm can
generate solutions in complex search spaces and address traditional challenges in MLP training. Permutation
significance analysis was used to identify the most influential features, thereby enhancing model transparency.
The model's generalizability was further strengthened through hyperparameter optimization and cross-validation.
However, certain limitations exist. The SEEDS dataset is relatively small and balanced, and the model's perfor-
mance on larger, real-world datasets remains untested. The TSO algorithm's inherent randomness and tendency
to become trapped in local minima can affect solution quality in complex problems, as indicated by the high
standard deviations observed in the CEC 2019 tests. Testing under diverse conditions and with different wheat
species is crucial for ensuring generalizability. Future research could involve applying the TSO-MLP model to
various crops and larger datasets, refining the model with hybrid TSO variants, and integrating it into real-time
applications. Enhancing the transparency of the model's decision-making processes, while considering ethical
implications, is essential to benefit small-scale farmers. In conclusion, this study underscores the potential of
meta-heuristic algorithms in agricultural machine learning and demonstrates that the TSO-based MLP model
offers a promising approach for both academic and practical applications.

5 Conclusion

In this paper, the optimization of an MLP model using the TSO algorithm was first evaluated to enhance wheat
species classification. Our findings demonstrate that TSO offers robust performance in navigating complex search
spaces, as evidenced by its competitive results on the CEC 2019 benchmark functions. Compared to alternative
metaheuristic algorithms, TSO achieved lower mean values and demonstrated stability across multiple runs,
particularly in high-dimensional and multimodal optimization problems. The TSO-based MLP model also out-
performed other configurations in classification accuracy, as assessed by metrics such as MSE, F1-score, ROC,
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Table 5 Statistical result of Statistical results Classes
TSO based MLP model
-1 0 1
Accuracy 0.7285 0.9857 0.7333
Precission 0.6585 0.9855 0.5700
Recall 0.3857 09714 0.8143
F1 — score 0.7280 0.9784 0.6706
Macro F1-score Weighted F1-score
0.7923 0.7923
Fig. 8 ROC curve and AUC
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and AUC, underlining its effectiveness in achieving high-quality classification outcomes. These values were opti-
mized with cross-validation and comply with the recommended intervals in the literature. The implications of this
work extend beyond model accuracy. Employing TSO to optimize MLP architectures for the SEEDS dataset has
introduced a potentially valuable approach for enhancing classification in agricultural contexts. Accurate wheat
classification can enhance productivity and streamline quality control processes, contributing to food security
considering growing global demand and limited agricultural land.

Second, the study presented in this paper offers significant insights into the effects and costs for farmers, as
well as issues of interpretability and ethics, which will aid in addressing practical challenges. To succinctly
examine these topics, the implementation of automation and precision in wheat classification can assist farmers
in optimizing their product selections, enhancing quality control, and potentially increasing market value, thereby
improving economic outcomes. By reducing the necessity for manual inspection, the model can decrease labor
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costs and minimize human error, making the classification process more scalable and accessible, particularly in
resource-limited regions.

Cost and Efficiency: The TSO-MLP model's high accuracy and computational efficiency, as evidenced by its
rapid convergence and low MSE, can facilitate real-time application, reduce operational expenses, and encourage
its widespread adoption in agricultural cooperatives or processing facilities. Interpretability: Although neural
networks are frequently perceived as "black boxes," employing confusion matrices and ROC curves can provide
stakeholders with insights into model decisions, fostering transparency and confidence in Al-driven solutions.

Ethical considerations: Emphasizing the importance of data privacy, fairness, and transparency in deploying
Al models in agriculture ensures that technological advancements benefit all stakeholders equally. It also under-
scores the necessity for continuous monitoring to prevent unintended bias and ensure that smallholder farmers
are not disadvantaged by the implementation of automated systems.

Although the paper does not explicitly discuss the limitations of the TSO-MLP model in agricultural applica-
tions, certain issues can be identified. Enhancing the model’s efficacy could be achieved by acquiring comprehen-
sive, high-quality training data for various wheat species across different regions. Due to the framework’s linear
time complexity, it can be effectively utilized in large-scale applications, provided the necessary infrastructure
is available. Further research to ensure the model’s robust performance under diverse environmental conditions
or with untested wheat species will improve its adaptability. Integrating the model into existing agricultural
workflows, along with advancements in innovative technologies, may lead to increased efficiency and automa-
tion of processes. Efforts to enhance transparency will make the model’s decisions more understandable, thereby
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strengthening stakeholders’ trust in the process. Alongside the adoption of Al-based solutions, addressing ethical
considerations such as data privacy and support for small-scale farmers will ensure the technology’s fairness and
benefit to all stakeholders. Finally, regular monitoring and updates to maintain the model’s accuracy and mitigate
potential biases will sustain the system’s reliability and effectiveness over the long term.

While the TSO algorithm has proven to be effective, it continues to face certain challenges, particularly
due to its excessive randomness and propensity to become trapped in local optima. This issue is evident in the
CEC 2019 benchmark results, where TSO exhibited a relatively high standard deviation in Function 07 (Modi-
fied Schwefel’s function), indicating inconsistent performance across different runs. Such variability suggests
that the algorithm’s stochastic nature can hinder stable convergence, especially in complex, high-dimensional
environments. To address these challenges, several enhanced TSO variants have been developed. For instance,
Q-learning-based TSO (QLTSO) integrates reinforcement learning to guide the search process, thereby reducing
randomness and improving the algorithm’s ability to avoid local optima. Similarly, the circular chaos map and
levy flight TSO (CLTSO) enhance the balance between exploration and exploitation through chaotic mapping
and nonlinear adaptation, resulting in more consistent and precise solutions. Comparative analyses have shown
that these advanced variants outperform the standard TSO in terms of both convergence stability and solution
quality, particularly for challenging benchmark functions. Thus, while the original TSO provides a solid founda-
tion, adopting hybrid or improved versions may further mitigate its inherent limitations.

Future research could focus on adapting this hybrid TSO-MLP framework to other crops or agricultural prod-
ucts, investigating the versatility of this approach across different classification datasets. Additionally, improve-
ments to the TSO algorithm itself, such as integrating reinforcement learning or further hybridization with
other optimization techniques, could yield even higher accuracy rates and efficiency in real-time applications.
In functions where the TSO algorithm shows high variance, it is recommended to try hybrid or enhanced TSO
variants for more stable results. Overall, this work sets the stage for further advancements in metaheuristic-based
machine learning solutions within agriculture, supporting a shift toward more efficient, cost-effective, and scal-
able classification models. Despite the SEEDS dataset being relatively small and balanced, its use in this study
provides a clear and controlled environment for assessing the proposed method. This arrangement allows for a
concentrated evaluation of the method's effectiveness under specific conditions. As a well-known benchmark in
the literature, the SEEDS dataset enables direct comparisons with past research and establishes a strong basis
for future investigations. The encouraging results from the SEEDS dataset suggest that the proposed method has
significant potential for application to more complex, larger, and imbalanced agricultural datasets. Future research
will build on these results by extending the evaluation to such datasets and investigating advanced techniques—
such as class weighting, resampling, and data augmentation—to further improve the method's robustness and
scalability in real-world situations.
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