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ABSTRACT Selecting optimal deep learning models is often a time-consuming process. To address this
challenge, we propose a novel variant of the ant colony optimization (ACO) algorithm. This approach is
designed to enhance model selection across various deep learning architectures, with a particular focus
on leaf classification tasks. We introduce a new ACO technique specifically tailored for selecting robust
models within convolutional neural networks (CNNs). These models are then integrated into an ensemble
learning framework known as ensemble CNNs. A distinguishing feature of our proposed evolutionary ACO
algorithm is its ability to consistently identify a set of robust CNN models in each iteration. This capability
is facilitated by an innovative fitness function and an adaptive learning rate schedule embedded within
the ACO algorithm, which optimizes pheromone distribution. Unlike the original ACO algorithm, which
consistently selects the same CNN model, our evolutionary approach enables the dynamic discovery of new
CNN models. To validate our method, we conducted experiments on two plant leaf datasets: Mulberry and
Turkey-plant. Our comparison with existing methods, specifically the ant colony system (ACS) and the
max-min ant system (MMAS), demonstrated that the MMAS algorithm outperformed the ACS algorithm.
Furthermore, we explored three ensemble learning techniques: unweighted average, weighted average, and
cost-sensitive learning. The weighted average method emerged as the most effective ensemble approach,
with its parameters determined through a grid search process. The results indicate that the evolutionary
ACO algorithm not only facilitates the selection of robust deep learning models but also achieves superior
performance compared to the original ACO algorithm when applied to the Mulberry leaf and Turkey-plant
datasets.

INDEX TERMS Model selection, ensemble learning, ensemble convolutional neural networks, metaheuris-
tics, ant colony optimization, learning rate schedule.

I. INTRODUCTION
In agriculture, human expertise in monitoring plant dis-
eases and recognizing plant species is limited, and more
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experts are needed to manage this task comprehensively. The
inability to consistently monitor plant health can lead to the
spread of diseases, which can devastate crops, affecting larger
areas. With advancements in computer technology, numerous
researchers have proposed plant recognition systems capable
of detecting and recognizing plant diseases and classifying

© 2024 The Authors. This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 License.
VOLUME 12, 2024 For more information, see https://creativecommons.org/licenses/by-nc-nd/4.0/ 132369


https://orcid.org/0000-0001-7799-0282
https://orcid.org/0009-0003-0188-6528
https://orcid.org/0000-0001-6929-6880
https://orcid.org/0000-0002-0644-1435
https://orcid.org/0000-0001-5981-5683

IEEE Access

T. Chompookham et al.: Robust Model Selection for Plant Leaf Image Recognition Based on Evolutionary ACO

plant species [1], [2], [3], [4], [5]. By combining computer
vision and deep learning techniques, farmers and agricultur-
ists can detect and respond to plant diseases more efficiently,
mitigating the risk of widespread infection [6], [7]. The preci-
sion and speed of computer technology provide a significant
advantage in developing efficient plant recognition systems.
Consequently, these systems can perform automatic recogni-
tion with fewer errors and reduced processing time [8], [9].

Agriculturalists rely on plant leaves to recognize plant
species and diseases. However, when creating plant recog-
nition systems, researchers often collect plant leaves and
capture images in controlled laboratory settings with white
backgrounds and sufficient light [10], [11], [12]. While this
approach provides controlled conditions, it may not fully
represent real-world scenarios. In laboratory-captured leaf
images, image processing techniques can extract shape, color,
and texture features, which are then used for recognition
through machine learning techniques [13], [14]. In compar-
ison, some researchers opt for a more challenging approach
by capturing plant leaves in real-world environments, which
include complex backgrounds, varying lighting conditions,
shadows, and different perspectives [15], [16], [17], [18].
Enhancing the performance of plant leaf recognition systems
under such diverse and dynamic conditions presents signifi-
cant challenges.

Recent research recommends using deep learning tech-
niques, specifically convolutional neural networks (CNNs),
for capturing leaf images in real-world environments [17],
[19], [20]. The accuracy of leaf image recognition can be
significantly enhanced by resolving issues related to complex
backgrounds, variations in illumination, lighting conditions,
shading, and changes in perspective, which are effectively
managed by employing CNN models. The most significant
advantage of CNNSs is that their architecture combines fea-
ture extraction and recognition into a single framework.
Consequently, it eliminates the need for handcrafted feature
extraction methods, such as local binary patterns (LBP), his-
togram of oriented gradients (HOG), scale-invariant feature
transform (SIFT), and speeded-up robust feature (SURF)
[21], [22].

For plant leaf recognition, utilizing multiple CNNs can
enhance recognition accuracy more effectively than relying
on a single CNN model, as suggested by various studies [15],
[23], [24], [25]. The ensemble learning technique, introduced
to improve accuracy, is commonly utilized across numerous
domains. In ensemble CNNs, the final decision is derived
from the outputs of state-of-the-art CNN models using var-
ious decision strategies, such as majority vote, unweighted
average, weighted average, cost-sensitive probability [26],
[27], [28], and fuzzy rank-based methods [29], [30].

Moreover, ensemble learning techniques have gained
popularity for their ability to combine multiple models,
thereby improving overall accuracy and robustness [31], [32].
By selecting the optimal combination of models, ensemble
methods ensure more effective performance than single-
model approaches. However, the main challenge in ensemble
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learning is choosing the optimal models to achieve the best
results. The model selection process involves identifying the
best combination of machine learning models for the final
ensemble [33], [34].

To achieve optimal results, researchers must fine-tune var-
ious hyperparameters while training state-of-the-art CNN
models. The CNN models with the highest validation accu-
racy are selected and evaluated manually, step-by-step, until
the optimal combination of CNN models is identified [15].
In this technique, researchers must explore and select the
optimal combination of CNN models to address the issues
once new CNN models are integrated into the system.

We identified a significant research gap in the automatic
combination of robust CNN models for plant disease recog-
nition. Reducing computational time while maintaining high
accuracy is crucial, and employing metaheuristic algorithms
for model selection offers a promising solution. Metaheuristic
algorithms have various functions that effectively search for
optimal selections, making them suitable for plant leaf image
recognition.

To achieve our objective, we initially employed the basic
ACO algorithm to find the best combination of CNN
models. However, this approach frequently resulted in the
selection of the same models, limiting its effectiveness.
To address this limitation, we developed a novel evolution-
ary ACO algorithm. Our enhanced algorithm resolves the
issues associated with the original ACO algorithm by opti-
mizing pheromone distribution and incorporating adaptive
learning rate schedules. This innovative approach ensures a
more diverse and optimal selection of CNN models, thereby
improving the overall performance and efficiency of the plant
disease recognition system.

These advancements are utilized to propose a novel
evolutionary ant colony optimization (ACO) algorithm for
automated model selection in ensemble CNNs, aiming to
improve the accuracy and efficiency of plant disease moni-
toring systems.

The contributions of the proposed evolutionary ACO
algorithm are described as follows.

A. CONTRIBUTION

We introduce a novel evolutionary ant colony optimization
(ACO) algorithm specifically designed for model selection
within convolutional neural network (CNN) ensembles. Our
contributions are outlined as follows.

o We present a new variant of the ACO algorithm that
integrates two key enhancements: a novel distance
model and an adaptive learning rate schedule. These
improvements enable the evolutionary ACO algorithm
to effectively identify robust CNN models and enhance
the selection of new models when incorporated into the
system.

o Unlike the original ACO algorithm, which frequently
resulted in the repetitive selection of the same CNN
models due to insufficient pheromone distribution, our
proposed method addresses this issue. Our enhanced
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ACO algorithm optimally distributes pheromone values,
thereby increasing the likelihood of discovering and
selecting superior CNN models that may have been
previously overlooked.

o We validate our approach through experiments using
the Mulberry leaf and Turkey-plant datasets. The results
demonstrate that our evolutionary ACO algorithm sig-
nificantly improves both accuracy and computation time
compared to existing methods, showcasing its effec-
tiveness in model selection and achieving impressive
performance levels.

In summary, our research introduces a novel evolutionary
ACO algorithm with unique enhancements that significantly
improve CNN model selection, addressing limitations of pre-
vious methods and demonstrating substantial performance
improvements.

B. PAPER OUTLINE

This paper is organized as follows: Section II provides an
overview of related work. Section III details the evolutionary
ant colony optimization for automated model selection in
plant leaf image recognition. Section IV describes the two
plant leaf datasets used in the study. Sections V and VI present
the evaluation metrics and experimental results, respectively.
Finally, Sections VII and VIII provide a discussion and
conclusion.

Il. RELATED WORK

This section focuses on three main research areas: A) ant
colony optimization (ACO) algorithm, B) convolutional neu-
ral networks (CNNs), and C) ensemble learning methods.
The ACO algorithm remains relevant due to its simplicity
and efficient computational time, and it continues to be
employed by many researchers to address various optimiza-
tion problems. CNN architectures have been extensively used
in real-world applications, demonstrating significant perfor-
mance improvements across many datasets. However, relying
on a single CNN model can lead to biased outputs. To address
this, we present ensemble learning methods that combine var-
ious models and compute the output using different learning
methods to reassess the results, thereby achieving significant
improvements in accuracy performance. The related work of
these three research areas is summarized below.

A. ANT COLONY OPTIMIZATION ALGORITHM

Various metaheuristic algorithms have been proposed for
a range of applications [35], [36], [37] specifically for
addressing challenges in system-on-chip (SoC) testing. These
include ACO, artificial bee colony, bat algorithm, and fire-
fly algorithms [38], [39]. Chandrasekaran, Periyasamy, and
Karthikeyan [40] introduced a modified ACO algorithm tai-
lored to mitigate issues arising from manufacturing defects in
SoC testing. Their approach aims to reduce both testing time
and costs. By adjusting the number of ants in accordance with
the number of cores, this modified ACO algorithm effectively
minimizes testing duration and enhances overall efficiency.
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In contrast, fewer studies have explored the application of
ACO within the plant recognition domain. Li and Chen [1]
and Ghasab et al. [41] utilized ACO for feature selection.
Li and Chen [1] focused on weed leaf shape features, employ-
ing the ACO algorithm to identify the most effective subset
of features. The selected features were then used to train
a support vector machine (SVM) model. Their comparative
analysis with genetic algorithms (GA) showed that ACO out-
performed GA in terms of both accuracy and feature subset
size.

Similarly, Ghasab et al. [41] developed an expert sys-
tem for automatic plant species identification using leaf
images. They extracted features related to shape, morphology,
color, and texture. The ACO algorithm was used for fea-
ture selection, followed by training an SVM model with the
selected features. Their evaluation, involving approximately
2,050 images from the FCA and Flavia datasets, achieved an
impressive accuracy rate of 95.53%.

B. CONVOLUTIONAL NEURAL NETWORKS

Due to the success of deep learning techniques, numer-
ous researchers primarily use convolutional neural networks
(CNNs) to address their problems. Many new architec-
tures, including ResNet, NASNet, DenseNet, ResNext, and
EfficientNet, have been proposed [42], [43], [44], [45].
Additionally, CNNs have been applied in agriculture [46],
[47]. Pawara et al. [11] conducted a comparison of the per-
formance of two well-known CNN architectures (AlexNet
and GoogLeNet) with two feature extraction methods: his-
togram of oriented gradients (HOG) and bag of visual words
with HOG (BOW-HOG), on three different plant datasets:
AgrilPlant, LeafSnap, and Folio. Furthermore, the two fea-
ture extraction methods were trained using machine learning
techniques: K-nearest neighbor (KNN), SVM, and multilayer
perceptron (MLP). The experimental results showed that both
CNN architectures outperformed the hand-crafted feature
methods and achieved an accuracy above 97% on the three
datasets Jeon and Rhee [48] used GoogleNet to improve
the performance of plant leaf recognition. GoogLeNet was
trained on distorted and discolored leaf images, referred to
as damaged leaf images. The experimental results showed
an accuracy above 94% when trained on the damaged leaf
images with approximately 30% damage. Bisen [49] pro-
posed a new CNN architecture consisting of 11 layers
to recognize 15 plant species based on leaf images from
the Swedish dataset. Various data augmentation methods,
including rotation, width shift, height shift, zoom, rescale,
and resize, were used while training the CNN model.
Their proposed CNN achieved an accuracy rate of 97%,
surpassing the existing method [17] Hassan et al. [5] used sev-
eral deep CNN models (InceptionV3, InceptionResNetV2,
MobileNetV2, and EfficientNetBO0) to identify and diagnose
plant leaf diseases on the PlantVillage dataset. This dataset
included 14 plant species and contained 54,305 images across
38 classes (healthy and diseased). During the training of
the CNN models, the dataset was split into training and
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test sets using various ratios (80:20, 70:30, and 60:40) to
conduct experiments. The results demonstrated that the accu-
racy rate of the CNN models was above 90% when they
were trained using a small number of epochs (30-50). Sub-
sequently, EfficientNetBO slightly outperformed the other
three CNN models: InceptionV3, InceptionResNetV2, and
MobileNetV2 Quach et al. [50] utilized CNN models to
extract features from leaf images. Their approach involved
multiple feature extraction methods to obtain robust features
from the leaf images, including shape, texture, color, Fourier
descriptor, vertical and horizontal projection, and vein pat-
terns. The CNN model computed these robust features, and
the output was designated with 100 features and inputted into
an SVM classifier. Their approach resulted in an accuracy of
99.58% when tested on the Flavia leaf dataset.

Moreover, Zhou et al. [51] proposed a simple and effec-
tive novel approach for plant recognition. Their method
involves three steps: 1) extracting feature maps from multiple
CNNs and multiple layers, 2) recalibrating each leaf feature
map, and 3) classifying them using a SVM classifier. They
evaluated the efficiency of their proposed approach on var-
ious datasets, including Swedish, Flavia, MEW2012, ICL,
ICL compound, CVIP100, Leaf-Snap, and Turkey-Plant. The
results indicated that their method was more effective than
other existing methods.

C. ENSEMBLE LEARNING METHODS

Currently, researchers are developing new CNN architec-
ture according to accuracy performance. For example, Tan
and Le [45] designed EfficientNet by scaling the CNN
architecture based on network width, depth, and resolution.
Similarly, Howard et al. [52] introduced the new generation of
MobileNets, known as MobileNetV 3, which is based on auto-
mated search algorithms. In MobileNetV3, two algorithms:
Platform-Aware NAS and NetAdapt are proposed: one for
identifying the global network structure and the other for
determining the appropriate number of filters in the local
layer.

However, relying on a single CNN model to recog-
nize plant leaf images does not always guarantee accurate
results. To address this limitation, researchers have pro-
posed using ensemble learning to enhance the efficiency of
state-of-the-art CNN models. The advantage of the ensem-
ble learning method is that it employs various techniques,
such as unweighted majority vote, unweighted average, and
weighted average, to reconsider the output of each CNN
model. This approach ensures consistently high accuracy
performance [15], [22], [23].

Some examples of research that has employed the ensem-
ble learning method with CNN models to address image
classification problems are as follows.

Peker [53] proposed a multi-channel capsule network
ensemble (MCCNE). The multi-channel approach includes
five channels: R-channel, G-channel, B-channel, Gabor filter,
and principal component analysis (PCA). Consequently, the
input images were processed by five different techniques.
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The features computed from each feature extraction tech-
nique were then sent to the capsule network to create the
model. Additionally, the output of each capsule network was
classified using the majority voting method. Their proposed
method was evaluated on a tomato dataset containing nine
disease classes and one healthy class. When evaluating the
single model, which is the Gabor filter combined with a
capsule network, it obtained an accuracy rate of 96.15%.
However, the results indicate that the MCCNE method,
an ensemble learning approach, achieved a 98.15% accu-
racy on the tomato leaf disease dataset, surpassing existing
methods.

Turkoglu et al. [17] trained six state-of-the-art CNN mod-
els (AlexNet, GooglLeNet, ResNet18, ResNet50, ResNet101,
and DenseNet201) on the Turkey-plant dataset, which con-
tains 15 diseases across 4,447 images. First, the experimental
results showed that AlexNet and GoogLeNet had an accu-
racy rate of less than 90%. However, the other CNN models
achieved accuracy rates of over 90%, with DenseNet201
being the best single CNN model evaluated on the Turkey-
plant dataset. Second, they experimented with using CNN
models to extract spatial features and concatenate them,
followed by the SVM algorithm, a method they called
PlantDiseaseNet-EF. Third, they proposed extracting fea-
tures using the CNN model and classifying them using
SVM, with the prediction outputs then classified using a
majority vote. This method is known as PlantDiseaseNet-
MYV. Consequently, the experimental results showed that
both PlantDiseaseNet-EF and PlantDiseaseNet-MV  per-
formed much better than the single CNN model. More-
over, the PlantDiseaseNet-MV method achieved an accuracy
of 97.56%, slightly outperforming the PlantDiseaseNet-EF
method.

In order to improve the accuracy of recognizing plant
leaves, Chompookham and Surinta [15] proposed ensemble
CNNs to recognize plant leaf images on three benchmark
datasets: mulberry leaf, tomato, and corn leaf diseases. First,
five CNN models, comprising MobileNetV 1, MobileNetV2,
NASNetMobile, DenseNet121, and Xception, along with var-
ious data augmentation techniques, were used as single CNN
models to recognize leaf image datasets. However, the sin-
gle CNN model achieved only approximately 90% accuracy
on the Mulberry leaf dataset. In contrast, when tested on
datasets for tomato and corn leaf diseases, the CNN models
achieved an accuracy rate of over 99%. Furthermore, the
ensemble CNNs combined output probabilities of three mod-
els (called 3-EnsCNNs) and five models (called 5-EnsCNNs)
and were classified using three ensemble learning methods:
unweighted majority vote, unweighted average, and weighted
average. As a result, the 5-EnsCNNs, using the weighted
average ensemble method, attained an accuracy of 94.75% on
the Mulberry leaf dataset, showing an improvement of around
4.75%.

Additionally, Enkvetchakul and Surinta [24] trained four
lightweight CNN architectures (EfficientNetB1, Inception-
ResNetV2, MobileNetV2, and NASNetMobile) with data
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augmentation techniques. The output probabilities of each
CNN model were then classified using ensemble learning
methods: unweighted majority vote and unweighted average.
Their method differed from other research in that it combined
the output from the same CNN model, while other studies
combined the output from various CNN models. As a result,
the ensemble CNNs outperformed the single CNN models
on all plant leaf datasets. Consequently, EfficientNetB1 was
found to be the best CNN architecture when combined with
the ensemble CNNs.

Ill. THE PROPOSED EVOLUTIONARY ANT COLONY
OPTIMIZATION FOR MODEL SELECTION

Researchers generally aim to create the best CNN model
by training with state-of-the-art CNN architectures. During
the training process, various hyperparameters are adjusted,
including the optimization algorithm, learning rate, activation
function, input size, number of feature maps, and CNN layers.
Once the optimal CNN models are identified, their feature
maps are fed into ensemble learning methods, which com-
bine their outputs for classification. The ensemble techniques
include majority voting, weighted average, and unweighted
average. To achieve the best ensemble CNN models, various
combinations of CNN models are experimented with until the
optimal models are found.

This research proposes a model selection framework that
utilizes ant colony optimization (ACO) [54] to select the opti-
mal CNN models. These optimal CNN models are then used
to classify data automatically in ensemble learning. We have
implemented an evolutionary ACO algorithm that employs
the ant colony system (ACS) [55] and the max-min ant system
(MMAS) [56]. The evolutionary ACO algorithm includes a
learning rate schedule to improve its effectiveness. Addition-
ally, we developed a new distance model based on the training
loss and error of the CNN models. This distance function
calculates weight parameters to determine the accuracy level
of each CNN model. The evolutionary ACO algorithm is both
simple and efficient, allowing it to automatically identify the
most optimal CNN models, thereby increasing the accuracy
performance of the ensemble CNN framework.

In describing the proposed evolutionary ACO algorithm,
we provide three in-depth details, as follows: A) Overview of
the Evolutionary ACO Algorithm, B) ACO, and C) Ensemble
CNNe .

A. OVERVIEW OF THE EVOLUTIONARY ANT COLONY
OPTIMIZATION AND ENSEMBLE CONVOLUTIONAL
NEURAL NETWORKS FRAMEWORK

We introduce the ensemble CNNs framework employed for
plant leaf recognition, as illustrated in Figure 1. Below,
we provide more information about the specifics of the
ensemble CNNS.

1) THE TRAINING SCHEME
First, we trained and fine-tuned several pre-trained models
of state-of-the-art CNN architectures using the plant leaf
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FIGURE 1. lllustration of the ensemble CNNs based on the model
selection by the proposed evolutionary ACO algorithm.

dataset to create robust CNN models. Second, we proposed
the ACO algorithm as a metaheuristic optimization method
for selecting the most robust CNN models from the entire
set of models. For instance, in Figure 1, the ACO algorithm
selected CNN models 3, 1, and 5. Third, we combined these
specific CNN models. Additionally, we utilized the output
probabilities from each model to determine weighted param-
eters through a grid-search method. Finally, we transferred
the selected CNN models and the weighted parameters to the
test scheme.

2) THE TEST SCHEME

The test image was directly sent to the CNN models selected
in the training scheme to compute the output probabilities.
The output probabilities of each CNN model were then
combined using the weighted parameters to obtain the final
recognition, a process known as the ensemble method.

B. ANT COLONY OPTIMIZATION

The ACO algorithm is a metaheuristic method employed to
solve complex optimization problems by finding the best
solutions [36], [57]. The ACO algorithm is inspired by the
behavior of ants during their foraging cycle for food [54].
In this cycle, ants spread pheromones along their trail to a
food source. Other ants can then follow these pheromones
to find the food and carry it back to the nest. As a result,
the shortest route accumulates more pheromones, allowing
ants to easily track the shortest path without losing their way
back to the nest. One of the most successful applications of
the ACO algorithm is the traveling salesman problem, where
it is used to find the shortest route that visits each city only
once and returns to the origin city [58]. The ACO algorithm
has been applied in many domains, such as path planning
for mobile robots [59], optimizing routes in wireless sensor

132373



IEEE Access

T. Chompookham et al.: Robust Model Selection for Plant Leaf Image Recognition Based on Evolutionary ACO

networks [60], and searching for the penalty parameter in the
kernel function of the SVM algorithm [61].

In this research, the ACO algorithm is proposed as a model
selection method to select robust CNN models by considering
the loss and error values from various CNN models. First,
instead of the distance between pairs of cities, the validation
loss and error rate of each CNN model were used to create the
distance model. Second, a learning rate schedule is embedded
in the ACO algorithm. These two proposed methods enable
the ACO algorithm to compute and adjust the pheromones,
increasing the chances of selecting robust CNN models. Thus,
the set of robust CNN models is used in the ensemble CNNs
method. The process of the evolutionary ACO algorithm is
shown in Algorithm 1.

Algorithm 1 The Evolutionary ACO Algorithm for Model
Selection
Input:

number of iterations: N

number of ants: M

pheromone: ©

distance model: d

weight parameters: alpha (), beta (8), evaporation rate (p),

learning rate value (1)

Initialization:
d; j define by distance model
if TL model using Equation (1)
if TLEW model using Equation (2)
Process:

For i=1toN do
For j=1toM do
Route construction by ant system
if ACS algorithm using Equation (4)
if MMAS algorithm using Equation (6)
Create ensemble CNNs
if unweighted average method using Equation (10)
if weighted average method using Equation (11)
if cost-sensitive learning method using Equation (13)
End for
Calculate 1 by learning rate schedule
if time-based scheduler using Equation (8)
if cyclical learning rate scheduler using Equation (9)
Update the pheromone by ant system
if ACS algorithm  using Equations (5)
if MMAS algorithm using Equations (5) and (7)
Save best ACO solution (T(Zl’.jry )
End for
Output:

The best ACO solution (T(ll?ejs)’ )

1) DISTANCE MODEL

The distance model represents the distance between the
first station (i) and the second station (j). Various distance
functions, such as Euclidean and Hamming, have been pro-
posed [62]. In this study, the training values of the CNN
models between two robust CNN models are employed to
compute the distance model (d (i, j)), including training loss
values, training error, and constant weight parameters. The
minimum distance value among all selected CNN models
reflects the most attractive path. We propose two distance
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models to construct the robust route of CNN models. These
two distance models are presented as follows.

a: TRAINING LOSS MODEL (TL)

The simplest distance model is computed using the training
loss value of each CNN model. The TL model is computed
by Equation 1:

d.j)=|k—1, (1

where [; is training loss value of CNN model i and /; is
training loss value of CNN model j, withi = 1,2, ... ,m,j =
1,2, ..., n, and m and n being the numbers of CNN models.

b: TRAINING LOSS AND ERROR WITH WEIGHT PARAMETER
MODEL (TLEW)

We computed the distance model using the training loss
and training error values of the CNN model. Additionally,
an optimal weight parameter is added to the distance function
to control the contributing CNN models. The TLEW model
is computed by Equation 2:

d(i,j) = (i — ) + WP + (U — ) +w @)

where /; and e; are training loss and training error values
of CNN model i and w; is the optimal (constant) weight
parameter, defined as follows:

1 ifx>93

2 if92<x<93
wi=13 if91<x<92

4 if90<x <91

n otherwise... < x < 90,

where x is the accuracy of each CNN model and »n is the
maximum weight parameter.

Consequently, the distance table of the whole station is
constructed as shown in Equation 3.

i

0 d(in,j2)  d(ije-1)  dUjn) |
; d(iz, j1) 0 d(iz,jn—1)  d(i2, jn)
d(im-1,j1)  d(im-1,J2) 0 d(im—1,jn)
d(im, j1) d(im,j2)  d(im, jn-1) 0

3

where d(i1,j») is the distance value between CNN model
1 and CNN model n. The distance values between the same
station (d (i1, j1)) is zero.

2) ROUTE CONSTRUCTION AND PHEROMONE UPDATING
RULE

In this section, the ants must decide which paths to take to
complete the solution, aiming for the shortest route, a process
called route construction. During this process, the ant evalu-
ates the solution, modifies the trial values, and updates the
best solution in the pheromone table. This updated informa-
tion is then used by other ants to find alternative routes in the
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future. In this research, we used two systems to search for the
best solution: the ant colony system (ACS) and the max-min
ant system (MMAS), which are presented as follows.

a: ANT COLONY SYSTEM (ACS)

Dorigo and Gambardella [55] proposed the ACS algorithm
as a metaheuristic algorithm to solve optimization problems,
such as the traveling salesman problem. In this algorithm,
ants search for food by walking from one station to another
until they find it. The pheromones (z(; j)) are spread along the
route they take, a process known as route construction (pfl.’ j)).
Other ants can then follow this pheromone trail to locate the
food. Additionally, ants can choose to explore different routes
to find better solutions. When an ant discovers a new, better
route, it spreads pheromones along this path, following the
pheromone updating rule. The pseudorandom proportional
rule [55] is used in the ACS algorithm to determine the
optimal route, as shown in Equation (4), and to update the
pheromone in each iteration when an ant travels along that
route, as computed by Equation (5).

argmax gy (fg.» x Df,;.,-))
if (¢ =q0),
k o #
Py = (6 * Ply)
B
2 ey (f&’.ﬁ x D(i,,-))

otherwise (q > qo),

“

, whenj € Yl-k

where D; j) = d d(, ) 1s a distance function, g is a random
value between Zero to one, g is the probability value that the
ant will make the optimal possible move, « and 8 defined as
the relative influence between the heuristic information and
the pheromone levels with ¢ and B being equal or greater
than one, and Yl.k represents the stations that have not yet been
traveled when moving from station i to station j.

In the ACS algorithm, however, only one ant is allowed to
update the pheromones as a global update in each iteration,
as computed by Equation (5):

a=p (')

if (i,j) is not travel path,
best
(1-p) ( i) ) + VI,
if (i,j) is travel path,

T = )

where p is the evaporation rate of the pheromone and
pe (0, 1), n is the number of iterations, VT(b‘;‘)’ is Lb , Lpest
is the total distance that provides the best solution for each
iteration, and n is the learning rate.

b: MAX-MIN ANT SYSTEM (MMAS)

Stiitzle and Hoos [56] proposed the MMAS algorithm in
which the random proportional rule is used to construct the
best route by randomizing the probability value when ant (k)
at station i moves to station j. In this process, the ant must
check whether the route has been traveled in each iteration.
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However, once an ant walks through a particular station, that
station is removed from its memory, ensuring that the ant can
only visit each station once. Additionally, only the best ant is
allowed to update the pheromones. The route construction in
the MMAS algorithm is computed using Equation (6).

o« 1
(T(t..n xD (i,j))
s
Dle vk (Tg.j) XD(L./))

The MMAS algorithm updates the pheromones according
to maximum and minimum values. In this research, we set
the maximum and minimum values as 7,,;,; = 0.1 and 7,4y =
0.95. Consequently, T, ('l' ) is the pheromone values between
Tmax and tmin (fmm<f<l = Timax). The MMAS algorithm
increases the likelihood of selecting a route that has not been
chosen before, as calculated by Equation (7).

Py = whenje YF, (6

T if T < Toin,

'[(rll’]) — nun f (rll"]) min (7)
Tmax  1f T4 jy > Tmax,

In this research, the learning rate (1) used in Equation (5)

is further computed by Equations (8) and (9) when selecting

time-based and cyclical learning rate schedules, respectively.

3) LEARNING RATE SCHEDULE

Deep learning techniques aim to discover the optimal param-
eters by iteratively training models to minimize a given
function to its local minimum [63], [64]. Various techniques
have been proposed to achieve this, such as using different
optimization algorithms (e.g., SGD, Adam, Adagrad, and
adaDelta), tuning hyperparameters (momentum, decay, and
learning rate), and applying various learning rate schedules.
These methods can enhance performance and reduce train-
ing time. However, to optimize the parameters, the gradient
is computed with a learning rate value that can change
at every training iteration using the learning rate schedule
method [65].

We enhanced the ACO algorithm by incorporating a
learning rate schedule to adjust the learning rate value
during training. This aims to decrease the distance values
between each CNN model and increase the distribution of
pheromones. We briefly describe the two learning rate sched-
ules used in our experiments: the time-based learning rate and
cyclical learning rate (CLR), as follows.

a: TIME-BASED LEARNING RATE SCHEDULE

The simplest learning rate schedule is known as the
time-based learning rate schedule [65]. With this schedule,
the value of the learning rate drops rapidly at the begin-
ning of the training process. The learning rate values of
the time-based schedule are illustrated in Figure 2(1). The
time-based scheduler is computed using Equation (8).

Mn

1+(d=*n) ®

NMn+1 =
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where 1, is the learning rate at iteration n, n is the number of
iterations, d is the decay value. Adding 1 in the denominator
prevents division by zero.

b: CYCLICAL LEARNING RATE (CLR)

The CLR schedule was proposed by Smith [66] to adjust
the learning rate value linearly for a few iterations. In the
CLR scheduler, the maximum and minimum learning rates
are defined. The learning rate is then linearly increased to the
maximum and linearly decreased to the minimum values over
a few iterations. This change in the learning rate resembles
a triangle shape, hence it is called the triangular learning
rate policy. The learning rate values of the CLR scheduler
are illustrated in Figure 2(b). The algorithm for the CLR
scheduler is computed using Equation (9).

LocalCycle = math. floor(1 + epoch/(2 * stepsize))
LocalX = math. abs(1+epoch/stepsize — 2 x cycle+1)
LocalLR = minLR + (maxLR — minLR)
* math.max(0, (1 — x)) O]

where epoch is the number of iterations during training,
stepsize is the number of iterations in half a cycle, minLR is
the minimum learning rate, maxLR is the maximum learning
rate, and x is training data.

C. ENSEMBLE CONVOLUTIONAL NEURAL NETWORKS
The ensemble method was proposed to enhance the recog-
nition performance by combining the output of various
machine learning models to form the final optimal recogni-
tion model [15], [67]. Consequently, the ensemble method
guarantees improved accuracy performance [68], [69].

In this research, the deep learning models employed
in the ensemble method were pre-trained state-of-the-
art CNN models, comprising MobileNetV1, MobileNetV2,
DenseNet121, NASNetMobile, and Xception [43], [44], [70],
[71], [72]. We then trained these CNN models with fine-
tuned hyperparameters, such as optimization algorithms, data
augmentation techniques, and learning rate [73], [74]. In this
step, we collected diverse CNN models already used in the
model selection by the ACO algorithm. Furthermore, the
output probabilities of the CNN models selected by the ACO
algorithm were utilized in the ensemble method.

This section briefly presents the ensemble methods:
unweighted average, weighted average, and cost-sensitive
probability, that were performed in the experiments.

1) UNWEIGHTED AVERAGE METHOD

The output probabilities generated by the softmax function
were utilized in the ensemble techniques. All models are
prioritized equally in the unweighted average method [75].
Assigning a high weight value to any model is not necessarily.
Furthermore, the outputs are averaged and the highest proba-
bility (arg max(p')) is selected as a final recognition [76]. The
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FIGURE 2. lllustration of the learning rate values when using different

learning rate schedules: (a) exponential decay and (b) cyclical learning
rate.

unweighted average method is calculated by Equation 10.

I—n .
argmax(p') = > O (10)

where y is the weight vector and 7 is the number of CNN
models.

2) WEIGHTED AVERAGE METHOD

For the weighted average method, assigning weight values to
the models is required. Weights are proposed to be computed
with the output probabilities of the CNN models [77]. The
highest weight is given to the most successful CNN model,
while lower weights are assigned to the other CNN mod-
els [78]. For the final recognition, the outputs are averaged
and then the argmax function is used to select the final output.
The weighted average method is calculated by Equation (11).

1 noo
argmax(p) =~ Gey), (11)

where 7 is the number of CNN models and «; are the weight
values that compute with the weight vector ().

In this research, a grid-search method was used to discover
the optimal weight parameters for each CNN model. The
set of weight parameters is passed to the softmax activation
function to scale the weight before computing them with
the output probabilities. Consequently, the summation of all
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weights equals one [79]. The softmax activation function is
computed by Equation (12).

. e
o (z) - (12)
ij=1 egi

where Z is an input weight vector, z; are the elements of Z, €% is
the exponential function for z;, ¥ is the exponential function
for zj,j =1, .., K, and K is the number of weight vectors.

3) COST-SENSITIVE LEARNING METHOD

Rojarath and Songpan [29] proposed a cost-sensitive learning
method designed for weighted voting in ensemble learning.
In the cost-sensitive learning method, the true positive (7P;)
rate (called sensitivity) and output probabilities (Prob;) of
class i are multiplied and used as the weight parameter of
class i. In our research, the output probabilities were pro-
vided by the CNN models. Hence, the weight parameters
are computed depending on the number of models (). The
weight parameters of class i are then averaged and proposed
as the new weight of class i. The new weight of each class is
computed by Equation (13).

, J—
NewWeight; = — ijl (TP jy*Probg jy),  (13)

where TP(; j is true positive rate of class i and model j,
Prob; j is the output probabilities of class i and model j,
with n being the number of models. The TP; is computed by
Equation (14).

_ Predicted class;

TP; = (14)

Actual class;

IV. PLANT LEAF DATASETS

Two plant leaf image datasets used in the experiment were
taken from natural environments and are described in the
following sections.

A. THE MULBERRY LEAF DATASET

Chompookham and Surinta [15] collected the mulberry leaf
dataset using both smartphones and DSLR cameras. All
images were resized to a resolution of 224 x 224 pixels and
stored in JPEG format. The dataset encompasses ten cultivars
and consists of 5,262 mulberry leaf images captured in nat-
ural environments across five provinces of Thailand: Maha
Sarakham, Phitsanulok, Chiang Mai, Buriram, and Nakhon
Ratchasima. The ten mulberry cultivars included are: (a)
Black Austurkey, (b) Black Australia, (c) Taiwan Maechor,
(d) Taiwan Strawberry, (¢) King Red, (f) King White, (g)
Kamphaeng Saen 42, (h) Chiang Mai 60, (i) Buriram 60,
and (j) a mixed breed of Chiang Mai 60 and Buriram 60,
as illustrated in Figure 3.

A comprehensive description of the dataset collection pro-
cess, including details on the equipment used, data source
locations, data acquisition methods, and the conditions under
which the images were captured, is available in [80].
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FIGURE 4. Examples of the turkey-plant disease image dataset.

B. THE TURKEY-PLANT DATASET

Turkoglu et al. [17] collected the Turkey-plant disease image
dataset in 2021, which includes common diseases and pests
found in Turkey. The challenge of this dataset is that it
contains unconstrained images, including different perspec-
tives and parts of plants. The Turkey-plant disease images
were taken from natural environments using a Nikon 7200D
with resolutions of 4000 x 6000 pixels and stored in the
RGB channel. This dataset consists of 15 categories and
contains 4,447 plant disease images, including (a) Apple
Aphis spp, (b) Apple Eriosoma lanigerum, (c) Apple Monillia
laxa, (d) Apple Venturia inaequalis, (e) Apricot Coryneum
beijerinckii, (f) Apricot Monillia laxa, (g) Fruit Trees Can-
cer Symptom, (h) Cherry Aphis spp, (i) Fruit Trees Drying
Symptom,(j) Peach Monillia laxa,(k) Peach Parthenoleca-
nium corni,(l) Pear Erwinia amylovora, (m) Plum Aphis spp,
(n) Walnut Eriophyes erineus, and (o) Walnut Gnomonia
leptostyla, as shown in Figure 4.

V. PERFORMANCE EVALUATION
We used six evaluation metrics to measure the perfor-
mance [81], [82] of the proposed method, as follows:

TP + TN
TP+ TN + FP+FN’

Accuracy = (15)
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L TP
Precision = ——, (16)
TP + FP
. TP
Sensitivity = ——, (17)
TP + FN
Specificit N (18)
ecificity = ——,
Peetiey = IN T Fp
TP
F1 — score = (19)

TP+ L(FP+ FN)’
where TP, TN, FP, FN are true positive, true negative, false
positive, and false negative, respectively.

We also present a graph of the receiver operating character-
istic (ROC) curve [83], [84] to comprehensively measure each
performance index. In the ROC, the vertical axis represents
the true positive rate (TPR), which is equivalent to sensitiv-

ity, and the horizontal axis represents the false positive rate
(FPR), defined in the following:

FPR = 1 — Specificity (20)

We also present the area under the ROC curve (AUC)
value to measure the separability of the proposed model in
distinguishing between classes. An AUC value close to one
indicates that the model perfectly classifies all the positive
and negative classes.

VI. EXPERIMENTAL RESULTS

In this section, we provide five subsections, as follows:
A) Experimental Protocol, B) Recognition Performance on
the Mulberry Leaf Dataset, C) Recognition Performance
on the Turkey-Plant Dataset, D) Big-O Analysis Results,
and E) Comparison of the Proposed Evolutionary ACO
Algorithm and Other Existing Methods.

A. EXPERIMENTAL PROTOCOL

Our experimental protocol was implemented using the Ten-
sorFlow deep learning framework on Google Colaboratory.
We employed ant colony optimization (ACO) to select
convolutional neural network (CNN) models, which were
subsequently used for classification via ensemble CNN
models. The experiments were conducted on two datasets:
Mulberry leaf and Turkey-plant. The Mulberry leaf dataset
was divided into 70% training, 10% validation, and 20%
test sets, while the Turkey-plant dataset was split into 80%
training, 10% validation, and 10% test sets.

1) CNN MODEL PREPARATION

We utilized five pre-trained models: MobileNetV1 [70],
MobileNetV2 [72], DenseNet121 [44], NASNetMobile [43],
and Xception [71]. These CNN models were fine-tuned using
two optimizers (SGD and RMSProp) [85], [86], data augmen-
tation techniques (height shift, vertical flip, and fill mode)
[87], [88], and three learning rates (0.1, 0.01, and 0.001),
resulting in a total of 15 distinct CNN models.

2) EVOLUTIONARY ACO IMPLEMENTATION
Two ACO algorithms, ant colony system (ACS) and max-min
ant system (MMAS), were employed to optimize pheromone
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TABLE 1. Evaluation performances (accuracy and standard deviation) of
the ACO algorithms.

ACO No. of Ants Accuracy (%) Response Time (s)
10 94.88+0.092 9.32
20 94.91+0.098 14.5
30 94.91+0.074 15.6
ACS 40 95.02+0.096 16.4
50 95.06+0.071 20.6
60 94.91+0.232 22.7
70 94.88+0.137 27.6
10 95.02+0.071 6.71
20 95.09+0.085 13.1
30 95.01+0.000 14.9
MMAS 40 95.01£0.000 20.4
50 95.04+0.058 28.3
60 95.00+0.029 32.6
70 95.04+0.035 36.4

trails, the core objective of ACO. Additionally, two learning
rate schedules (time-based and cyclical) were incorporated,
with evaluations conducted at learning rates ranging from
0.1 to 0.0001. We introduced two distance models: DMy
(based on training loss) and DMy, (based on loss error and
weighted accuracy). A grid-search technique [89] was uti-
lized to optimize the ACO parameters, which included alpha
(range: 1-5), beta (range: 1-9), evaporation rate (range: 0-1),
number of ants (range: 10-70), and the number of iterations
(200).

3) ENSEMBLE LEARNING METHODS

We compared three ensemble learning methods: unweighted
average, weighted average, and cost-sensitive. Optimal
weighted parameters for ensemble learning were determined
using a grid-search algorithm.

4) PERFORMANCE EVALUATION
Performance was assessed using metrics, including accuracy,
F1-score, and standard deviation. Statistical significance was
tested via paired t-tests. We also generated visualizations,
including pheromone distribution and ROC curves, to illus-
trate the results. The primary goals of the experiments were
to evaluate ant adaptation in ACO, the impact of learning rate
schedules, and the performance of various ensemble methods
on both datasets.

This protocol provides a comprehensive approach to model
selection and performance evaluation, ensuring robustness
and reproducibility in our findings.

B. RECOGNITION PERFORMANCE ON THE MULBERRY
LEAF DATASET

1) ASSESSMENT OF ANT ADAPTATION IN ACO ALGORITHM
In this section, we experimented with the number of ants to
determine their correlation with accuracy performance and
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response time obtained from finding the best route using ACS
and MMAS algorithms. We varied the number of ants per
route as 10, 20, 30, ..., and 70 The maximum number of
iterations was set to 200. Consequently, the ACO algorithm
was used to find the best route, identifying the appropriate
CNN models. Afterward, we classified the output of the
CNNs using the unweighted ensemble learning method. The
results are presented in Table 1.

As shown in Table 1, increasing the number of ants also
increases response time for finding the best route. However,
having many ants did not guarantee finding the optimal route
and achieving high accuracy. The ACS algorithm obtained
the highest accuracy of 95.06% when using 50 ants, while the
MMAS algorithm achieved the highest accuracy of 95.09%
when using only 20 ants. Furthermore, we compared the
results of two algorithms (MMAS and ACS) using the paired
t-test method and found that the MMAS algorithm was sig-
nificantly better compared to the ACS algorithm (p <.05).

2) EFFECT OF ADDING LEARNING RATE SCHEDULE TO ACO
This section first focused on adjusting ACO parameters,
including the distance model, ACO algorithm, beta, and
decay. Second, we experimented with adding the learning
rate schedules (time-based and cyclical) to the ACO algo-
rithms. For the distance model, we proposed two models,
DM, and DMy, to present the pheromone distribution
after ants traversed the possible path. The best number of
ants in each ACO algorithm was selected from the previ-
ous experiment (see Section 1) ASSESSMENT OF ANT
ADAPTION IN ACO ALGORITHM). We then employed
the grid-search approach to find the best beta and decay
parameters. A learning rate schedule was implemented by
selecting a value between 0.1 and 0.0001 for the learning
rate. The CNN models deemed most suitable were selected
by the ants. Finally, we employed ensemble learning using the
unweighted average method to assess the proposed method.
The experimental results of the ACO algorithms are presented
in Table 2.

The experimental results from Table 2 showed that opti-
mizing the evolutionary ACO parameters slightly affects the
accuracy performance, with changes between 0.05-0.07%.
We also evaluated the performance of the evolutionary ACO
algorithms (MMAS and ACS) when applying two different
distance models (DM; and DMy,,,). First, we found that
the DMy,,, model achieved slightly better accuracy when
combined with MMAS and ACS algorithms than the DMy
model, with statistically significance at p <.01 (t-value =
—7.25379 and p-value = 0.000014). Second, we observed
the effects of two learning rate schedules: time-based and
cyclical, on the evolutionary ACO algorithms. In comparison,
the ACS algorithm, when combined with cyclical learning
rate schedules, achieved a high accuracy rate of 95.17%.
The results showed that the cyclical learning rate sched-
ules consistently achieved higher accuracy compared to the
time-based learning rate schedules.
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TABLE 2. Accuracy performance (accuracy and standard deviation) of the
evolutionary ACO algorithms on the mulberry leaf dataset when applying
learning rate schedule and training on different distance models.

. Learning .
Dl\lj(t)adr;cle ACO | Beta | Decay Rate Leg;rtléng Acz:;r)a Y
Schedule o
None - 95.06+0.071
ACS 1 095 Time- 0.1 95.04+0.058
based
Cyclical 0.001  [95.02+0.029
DM,
None - 95.09+0.085
MMAS| 1 095 Time- 0.001 95.04+0.035
based
Cyclical 0.1 95.04+0.058
None - 95.13+0.106
ACS 9 0.95 Time- 0.001  [95.15+0.085
based
Cyclical 0.001 [95.17+0.035
DMiew
None - 95.14+0.092
MMAs| 8 0.95 Time- 0.001 95.11+0.074
based
Cyclical 0.01 95.15+0.054
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FIGURE 5. lllustrated the adaptation of the pheromone when using
(a) ACS algorithm, (b) ACS algorithm with time-based learning rate
schedule, and (c) ACS algorithm with cyclical learning rate schedule.

Figure 5 demonstrates the distribution of pheromones
during epoch 1 (first column), epoch 75 (second column),
and epoch 150 (third column) when implementing the ACS
algorithm with various learning rate schedules. We found that
the ACS algorithm results in poor pheromone distribution
(see Figure 5(a)). As a result, the ACS algorithm repeatedly
selects the same CNN models without considering the new
one. In comparison, when using the ACS algorithm with a
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FIGURE 6. lllustration of (a) the distance values and (b) accurate
performance of the ACS and ACS+Cyclical algorithms.

cyclical learning rate schedule, the pheromone distribution
improves significantly after epoch 75, as shown in Figure 5(c)
in the second and third columns. It is important to note that
implementing a learning rate schedule can enhance the ability
of the ACS algorithm to select a new effective CNN model.

We present two graphs to demonstrate that adding a learn-
ing rate schedule improves the performance of the ACS
algorithm. Figure 6(a) shows that the distance value of
ACS+Cyclical decreased significantly after epoch 75, while
the distance value of the ACS algorithm did not reduce after
epoch 75. This indicates an increased chance of discover-
ing new CNN models. Consequently, Figure 6(b) illustrates
the accuracy of the ACS+Cyclical and ACS algorithms.
The graph showed that the ACS+Cyclical algorithm outper-
formed the ACS algorithm in every epoch, except for epoch
125.

3) PERFORMANCE OF ENSEMBLE METHODS

From the previous experiments (see Section 2) EFFECT
OF ADDING LEARNING RATE SCHEDULE TO ACO),
we used the unweighted ensemble learning method to eval-
uate the performance of the evolutionary ACO algorithms.
We found that the evolutionary ACO algorithms achieved the
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TABLE 3. Performance (accuracy, F1-score, and standard deviation) of the
ACO algorithms when classified the results with ensemble learning
methods on the mulberry leaf dataset.

» Ensemble Learning Method
ACO Leg‘:‘h‘:dguia‘e Learning ratd  Unweighted Average | Weighted Average Cost-sensitive
Accuracy Fl-score | Accuracy | Fl-score | Accuracy | Fl-score
Time-based 0.001 95.15 0.9500 95.34 0.9520 95.15 0.9500
+0.085 £0.0009 | +0.031 | =0.0003 | =0.085 | =0.0009
ACS
Cyelical 0.001 95.17 0.9501 95.33 0.9519 95.17 0.9501
yelie +0.035 £0.0004 | +0.046 | +0.0005 | £0.035 | =0.0004
Time-based 0.001 95.11 0.9497 95.26 0.9513 95.11 0.9497
s +0.074 £0.0007 | +0.149 | +0.0018 | =0.074 | =0.0007
MMA
Cyclical 0.01 95.15 0.9501 95.30 0.9517 95.15 0.9501
¥ +0.054 £0.0005 | 0036 | 0.0003 | +0.054 | =0.0005
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FIGURE 7. lllustration of the precision (a), and recall (b) of the ensemble
methods.

highest performance when trained using the DMy, distance
function. Therefore, we conducted additional experiments
using three ensemble learning methods (unweighted aver-
age, weighted average, and cost-sensitive) to demonstrate the
impact of ensemble learning methods on the performance of
the image classification system.

As shown in Table 3, the cost-sensitive and unweighted
average methods achieved the same performance, with
95.17% accuracy when using the ACS algorithm with a
cyclical learning rate (learning rate = 0.001). On the other
hand, the weighted average methods achieved the highest
performance with an accuracy of 95.34% when using the
ACS algorithm with a time-based learning rate (learning
rate = 0.001). The precision, recall, and ROC curve are shown
in Figures 7(a), 7(b), and 8, respectively. The AUC value
obtained was 0.997 (see Figure 8).
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FIGURE 8. lllustration of the receiver-operating characteristic curve of the
ACS algorithm with two learning rate schedules: time-based and cyclical.
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FIGURE 9. The confusion matrices of the unweighted average (a) and
weighted average (b) ensemble method on the Mulberry leaf dataset.

The confusion matrices of the unweighted average and
weighted average learning methods are shown in Figure 9.
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FIGURE 10. lllustration of the misclassified images on the mulberry leaf
dataset.
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FIGURE 11. lllustrated four different paths that selected using the ACO
algorithm, including (a) 1-2—>11->13-12, (b) 15135115212,

(c) 1-2—>8-13-12, and (d) 12— 12— 13—4—7—5. Note that the
arrow sign (—) means the sequence of the CNN models when
experimenting in the ensemble learning method.

We found that the most misclassified class was “King
White,” which is often classified as ‘“Taiwan Maechor.” We
also visualized the misclassified images and observed that
they were taken from a lower perspective, backlit, and in low
conditions, as shown in Figure 10.

Figure 11 shows the model selection or shortest path using
the evolutionary ACO algorithm. Figures 11(a) and 11(b)
demonstrate different shortest paths using 5 CNN mod-
els, both achieving an accuracy of 95.20%. Figures 11(c)
and 11(d) show that using more CNN models does not
always result in the highest accuracy. The evolutionary
ACO algorithm selected 8 CNN models (see Figure 11(c))
and 7 CNN models (see Figure 11(d)), resulting in slightly
lower performance with an accuracy of 95.14%.

C. RECOGNITION PERFORMANCE ON THE
TURKEY-PLANT DATASET

The previous section evaluated the evolutionary ACO
algorithm on the Mulberry leaf dataset and found that the
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TABLE 4. Performance evaluation of the CNN models on the turkey-plant
dataset.

TABLE 5. The accuracy (%) and the standard deviation performance of
the evolutionary ACO algorithms on the turkey-plant dataset when
applying learning rate schedule and training on different distance models.

Accuracy (%)
. Pre-trained
Model Optimizer Learning | Batch Pre- | Model of
Rate Size | trained
Model Mulberry
Dataset

MobileNet RMSprop | 0.0001 8 96.67 96.90
MobileNetV2 | RMSprop | 0.0001 16 95.34 95.79
NASNetMobile | RMSprop | 0.0001 8 87.80 91.57
DenseNet121 SGD 0.01 8 98.00 98.89
Xception RMSprop | 0.0001 8 97.34 96.67

proposed method effectively selected the best CNN models
for use in the ensemble learning method. In this section,
we experiment with the ACO algorithm on the Turkey-plant
dataset to ensure that the proposed algorithm consistently
selects the best models. The performance of the proposed
method is presented in the following.

1) PERFORMANCES EVALUATION OF CNNS
This section used the pre-trained CNN models that were
trained on the ImageNet and Mulberry leaf datasets con-
sisting of MobileNetV1, MobileNetV2, NASNetMobile,
DenseNet121, and Xception. For the fine-tuning scheme,
we divided 90% of the Turkey-plant dataset as a training set,
10% as a validation set, and 10% as a test set. Then, we fine-
tuned the CNN models with the following parameters: two
optimization algorithms (SGD and RMSProp), the learning
rate value of 0.1 and 0.0001, and the batch size of 8 and 16.
Based on the experimental results presented in Table 4,
it has been determined that utilizing the DenseNetl21]
architecture with SGD optimization and fine-tuning on the
Mulberry leaf dataset resulted in the highest accuracy rate
of 98.89%. In contrast, NASNetMobile obtained an accuracy
of only 87.80% when using the pre-trained model of the
ImageNet, which was the worst performance. In the follow-
ing experiments, however, we used the evolutionary ACO
algorithm to select the best CNN models from all the CNN
models trained in this section.

2) COMPARISON OF LEARNING RATE SCHEDULE IN THE
EVOLUTIONARY ACO ALGORITHM
To compare the accuracy performance of the learning rate
schedules (time-based and cyclical), we adjusted the follow-
ing parameters: learning rate, beta, decay, and distance model.
As shown in Table 5, the experimental results indicated
that training the ACO algorithm with a learning rate schedule
consistently achieved better performance than training with-
out a learning rate schedule. Consequently, using the DM s,
distance model resulted in higher performance compared to
the DM 4 distance model. The results showed that the MMAS
method, when tuned with beta = 8, an evaporation rate =
0.95, and using a time-based learning rate schedule with a
learning rate of 0.001, achieved an accuracy of 99.11% on
the Turkey-plant dataset.
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Distance Learning Learnin
ACO |Beta | Decay Rate g Accuracy
Model Rate
Schedule
None - 98.94+0.186
ACS 1 095 | Time-based 0.1 99.02+0.121
Cyclical 0.001  [99.02+0.121
o None - 98.94+0.099
MMAS| 1 0.95 | Time-based 0.001 99.07+0.099
Cyclical 0.1 98.94+0.186
None - 98.98+0.121
ACS | 9 | 095 |Timebasea| 0001 [98.98+0336
Cyclical 0.001  {99.02+0.121
DMttIew
None - 99.02+0.121
MMAS| 8 0.95 | Time-based 0.001 99.11+0.157
Cyclical 0.01 99.02+0.121

3) PERFORMANCE EVALUATION OF ENSEMBLE LEARNING
METHODS

In this experiment, we compared the accuracy and FI-
score results of three ensemble learning methods: unweighted
average, weighted average, and cost-sensitive. The results
obtained using these ensemble learning methods on the
Turkey-plant dataset are shown in Table 6.

In summary, the experimental results showed that the
weighted average ensemble learning approach performed
better than the unweighted average and cost-sensitive
approaches in terms of accuracy. The weighted average
approach achieved an accuracy of 99.33% and an Fl1-score
of 99.34% on the Turkey-plant dataset. On the other hand,
the cost-sensitive method obtained the worst performance.
Furthermore, the precision, recall, and ROC curve are shown
in Figures 12(a), 12(b), and 13, respectively. The AUC value
(see Figure 13) indicated that the ACS method using the
cyclical learning rate schedule achieved a very high value of
0.99995.

We presented the confusion matrix of the weighted average
method, as shown in Figure 14. It showed only three images
that were misclassified. The misclassified images are visual-
ized in Figure 15.

Figure 16 illustrates the shortest path using the ACO
algorithm. Figures 16(a) and 16(b) present different short-
est paths of the 3 CNN models. It is seen that 1—12—13
models (Figure 16(a)) achieved an accuracy of 99.33%, while
1—10—13 models (Figure 16(b)) reached an accuracy of
99.11%.
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TABLE 6. The accuracy (%), F1-score, and standard deviation of the ACO
algorithms with ensemble learning methods experiments on the
turkey-plant dataset.

Ensemble Learning Method

Learning Learni i
ACO Rate ng Ux&/]:glglged Weighted Average Cost-sensitive
Schedule Rate
Accuracy| Fl-score| Accuracy | F1-score| Accuracy | Fl-score
Time-based 0.001 98.98 | 0.9903 99.33 0.9934 | 9894 | 0.9893
ACS +0.336 | £0.0031| £0.000 | £0.0000| +0.364 | +0.0037
Cyclical 0.001 99.02 | 0.9910| 9929 | 0.9929| 98.94 | 0.9894
yehe +0.121 | £0.0007| +0.098 | £0.0010| +0.243 | +£0.0024
Time-based 0.001 99.11 0.9916 | 9929 | 0.9929| 99.07 | 0.9907
MMAS +0.157 | £0.0014| +0.098 | £0.0010| +0.243 | +0.0024
Cyclical 0.01 99.02 | 0.9910 | 99.33 0.9934 | 98.94 | 0.9894
Y +0.121 [£0.0010| £0.000 |=0.0000| =0.243 [+0.0024
Precision performance
1.000
MMAS +Cyclical Em ACS+Cyclical
s MMAS + Time-based  ACS+Time-based
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a
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FIGURE 12. Precision (a), and Recall (b) of the ensemble CNN methods
on the turkey-plant dataset.

We visualized the shortest paths to evaluate the pro-
posed ACO algorithm, as shown in Figures 11 and 16.
In Figure 16(a), only three models (1—12—13) achieved
an accuracy of 99.33% when evaluated using ensemble
CNNs. Figure 16(b) also showed three different models
(1—-10—13) but still resulted in comparable accuracy per-
formance. As a result, the proposed ACO algorithm allows
the ants (agents) to explore all the CNN models using the
attractiveness values calculated from the pheromones. The
proposed ACO algorithm increases the probability of discov-
ering alternative paths while maintaining similar or nearly
identical performance. However, Figures 11(c) and 11(d)
illustrate that sometimes using more CNN models can
decrease accuracy performance.
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FIGURE 13. Comparison of ROC curve of MMAS with different learning
rate schedule on the turkey-plant dataset.

Confusion matrix

(=]

Apple Aphis spp

Apple Eriosoma lanigerum
Apple Monillia laxa

Apple Venturia inaequalis
Apricot Coryneum beijerinckii
Apricot Monillia laxa

Cancer symptom

Cherry Aphis spp

Drying symptom

Peach Parthenolecanium corni
Peach Monillia laxa

Pear Erwinia amylovora

Plum Aphis spp

Walnut Eriophyes erineus
Walnut G ia leptostyla

oo o
oo o

g

Apricot Monillialaxa{oc c c ccocc oo © o © © © o
oo o0co0ooOoQ

)
]

True label

.OOOOOOOOO

‘OOOOEOOOOOOOOO"‘

0l
0
0
0
0

Peach Monillia laxa
Pear Erwinia amylovorajo c o/[Socccccoocococoococo

Plum Aphisspploco o No~ococoococococ o oo o

Walnut Eriophyes erineus 1o wo cocoocoococoocoocooc oo o

Drying symptomic c ccco R oo o o o oo o
Walnut Gnomonia leptostyla{if c c cco ccccoocococoococ o

Apple Aphisspp[c c cccocccocococooo
Cancersymptom{oc c ococococco®o o o o © ©

Cherry Aphis spp{o o o o o o o8

0
0
26
1
0
0
0
0
0
0
0
0
0
0
0
<
g
]
=
g
S
)
2
)
Z

Apple Venturia inaequalis lo c c c o c o o o o
Apricot Coryneum bejjerinckiic c c cococ oo o ©

0
0
0
0
0
0
0
0
0
0
0
0
0
g
g
[
=
]
=
o
g
o
3
"
3]
2
)
Z

o
o
g
g
g
]
Q
2
(=]
a
Q
g
5
[
=
=)
3
A

Predicted label

FIGURE 14. The confusion matrix of the weighted average method on the
turkey-plant dataset.
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FIGURE 15. lllustration of the three misclassified images on the
turkey-plant dataset.

Overall, the proposed ACO algorithm was able to consis-
tently discover the shortest and most effective path, resulting
in the highest accuracy for the ensemble CNN method.

D. BIG-0O ANALYSIS RESULTS
The Big-O analysis was utilized to measure the computational
performance time of the proposed algorithm, as follows.

1) BIG-O ANALYSIS OF ACO ALGORITHM
As shown in Algorithm 2, Lines 2-6 are used for route
construction by ant systems: ACS and MMAS. An ant will
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FIGURE 16. Illustrated two paths that were selected using the ACO
algorithm, including (a) 1—-12—13 and (b) 1-10—13.

find the best route in each iteration using the ACS or MMAS
algorithms. In this case, Big-O = O(|M|), where |M]| is the
number of ants. Line 7 involves pheromone updating, which
uses Big-O = O(1), but it computes the route in each iteration,
resulting in Big-O = O(1. |N]). In Line 10, the pseudo-code
allows the program to save the best route, using Big-O =
O(1). However, it computes in every iteration. Therefore, the
Big-O analysis for this algorithm is O(|M| + 1. [N| + 1. |N]J).
In conclusion, the Big-O analysis of this algorithm is Big-O =
O(IM]. INJ).

2) THE BIG-O ANALYSIS OF THE ACO ALGORITHM
COMBINED WITH AN ENSEMBLE METHOD

As shown in Algorithm 3, Lines 2-12 are used for route con-
struction by ant systems. In this study, Big-O = O(|M]. |R]),
where |[M| is the number of ants and |R| is the number of CNN
models. Line 13 involves pheromone updating, which uses
Big-O = O(1), but it computes the route in every iteration,
resulting in Big-O = O(1. |N]). In Line 16, the pseudo-code
allows the program to save the best route, using Big-O =
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Algorithm 2 ACO Algorithm

1. For i=1toN do
For j=1toM do
Route construction by ant system
if ACS algorithm
if MMAS algorithm

Update the pheromone by ant system
if ACS algorithm

if MMAS algorithm

Save best ACO solution (T(I?S:;’ )

2

3

4

5.

6. End for
7

8

9

0

1. End for

O(1). Therefore, the Big-O analysis for this algorithm is
O(M]. |R| + 1. [N| 4+ 1. |N]). In conclusion, the Big-O
analysis of this algorithm is Big-O = O(|M]. |R|. [N]).

Algorithm 3 ACO Algorithm Combined With Ensemble
Method

1. For i=1toN do

For j=1toM do

3 Route construction by ant system

4 if ACS algorithm

5. if MMAS algorithm
6. Create ensemble CNNs
7
8

For k =1toRdo
if unweighted average method

9. if weighted average method
10. if cost-sensitive learning method
11. End for
12. End for
13. Update the pheromone by ant system
14. if ACS algorithm
15. if MMAS algorithm
16. Save best ACO solution (7(%))
17. End for

3) THE BIG-O ANALYSIS OF THE ACO ALGORITHM
COMBINED LEARNING RATE SCHEDULE AND ENSEMBLE
METHOD

As shown in Algorithm 4, Lines 2-12 are used for route
construction by ant systems. In this study, Big-O = O(|M]|.
IR|), where M| is the number of ants and |R| is the number
of CNN models. Line 13 computes the learning rate using
Big-O = O(1), but it computes in every iteration, resulting in
Big-O = O(1. |NJ). Line 16 involves pheromone updating,
which uses Big-O = O(1), but it computes the route in
every iteration, resulting in Big-O = O(1. |N|). In Line 19,
the pseudo-code allows the program to save the best route,
using Big-O = O(1). Therefore, the Big-O analysis for this
algorithm is O(|M]|. |[R| + 1. [N| + 1. [N}). In conclusion, the
Big-O analysis of this algorithm is Big-O = O(|M|. |R|. |N}).

To conclude, the ACO algorithm has a Big-O analysis with
higher performance than the ACO algorithm combined with
the ensemble method. Additionally, the Big-O analysis of the
ACO algorithm combined with the ensemble method showed
a similar analysis to the ACO algorithm combined with the
learning rate schedule and ensemble method.
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Algorithm 4 ACO Algorithm Combined Learning Rate
Schedule and Ensemble Method
1. For i=1toN do

2. For j=1toM do
3. Route construction by ant system
4. if ACS algorithm
5. if MMAS algorithm
6. Create ensemble CNN’s
7. For k=1toRdo
8. if unweighted average method
9. if weighted average method
10. if cost-sensitive learning method
11. End for
12. End for
13. Calculate n by learning rate schedule
14. if time-based scheduler
15. if cyclical learning rate scheduler
16. Update the pheromone by ant system
17. if ACS algorithm
18. if MMAS algorithm
19. Save best ACO solution (Tgf;)")
20. End for

E. COMPARISON OF THE PROPOSED EVOLUTIONARY
ACO ALGORITHM AND OTHER EXISTING METHODS

We compared our proposed evolutionary ACO algorithm and
existing methods on two datasets: Mulberry leaf and Turkey-
plant. The experimental results indicated that the proposed
ACO algorithm performed better than the previous method in
finding the shortest path of the CNN models when changing
the distance model and adding the learning rate schedule.
The proposed ACO algorithm also achieved high accuracy of
95.34% and 99.33% on the Mulberry leaf and Turkey-plant
datasets, respectively. Table 7 illustrates a comparison of the
results obtained from the two plant leaf datasets.

We compared the accuracy of our proposed method
with other ensemble CNN architectures, including the
5-EnsCNNs [15] and PlantDiseaseNet [17]. Additionally,
we summarized the research of Chompookham and Sur-
inta [15] and Turkoglu et al. [17] as follows.

In [15], the researchers trained the CNN models: NAS-
NetMobile, MobileNetV1, MobileNetV2, Xception, and
DenseNet121by applying data augmentation techniques. The
weighted average ensemble was then used to classify the
output probabilities of each CNN model. Both studies cre-
ated CNN models using CNN architectures with tuned
parameters, finding the best optimal combination of CNN
models by manually combining them in their experiments.
In [17], features were extracted using well-known CNN
models: AlexNet, GoogLeNet, DenseNet201, ResNet50, and
ResNet101. These features were then trained using the SVM
algorithm. The prediction outputs from each SVM algorithm
were classified using the majority voting ensemble technique.

However, in our study, we conducted experiments to
train various CNN models (MobileNetV1, MobileNetV2,
DenseNet121, NASNetMobile, and Xception) with dif-
ferent hyperparameters, including optimization algorithms,
learning rates, and data augmentation techniques. In total,
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TABLE 7. Recognition performance of the existing methods experiments
on the turkey-plant and the mulberry leaf datasets.

Dataset Reference Method Accuracy (%)
The Mulberry Chompook | 5-EnsCNNs: 5- 94.75
leaf dataset ham and ensemble CNNs

Surinta with weighted
[15] average ensemble
Our Evolutionary 95.34
proposed ACO and
Ensemble CNNs
The Turkey- Turkoglu et | PlantDiseaseNet: 97.56
plant dataset al. [17] Ensemble CNNs
with 5 CNN
models and
majority voting
ensemble
Zhou et al. Feature 96.16
[51] recalibration of
multiple
pretrained CNN
and SVM
classifier
Our Evolutionary 99.33
proposed ACO and
Ensemble CNNs

we obtained 15 CNN models. We then used the evolutionary
ACO algorithm to select the optimal CNN models. The evo-
lutionary ACO algorithm selected five optimal CNN models
for the Mulberry leaf dataset, as shown in Figures 15(a)
and 15(b), and three optimal CNN models for the Turkey-
plant dataset, as shown in Figure 16. The evolutionary ACO
algorithm selected the optimal CNN models for each dataset
in less than approximately 20 seconds (see Table 1).

The ACO algorithm we propose can discover CNN models
without human intervention, unlike previous studies [15],
[17], where researchers manually selected the optimal models
from a set of diverse models. According to the comparison
of experimental results, our evolutionary ACO algorithm
was more efficient at finding the best models with greater
accuracy.

VII. DISCUSSION

The proposed evolutionary ACO algorithm offers distinct
advantages over the traditional ACO algorithm due to sev-
eral key enhancements that address inherent limitations and
improve overall performance. Here, we discuss the primary
reasons why the evolutionary ACO algorithm outperforms the
traditional ACO algorithm:

Enhanced Pheromone Distribution: One of the main
limitations of the traditional ACO algorithm is its ten-
dency to repeatedly select the same paths due to inad-
equate pheromone distribution. This issue arises because
pheromones tend to accumulate on the initially discovered
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good paths, reducing the probability of exploring new,
potentially better routes. The evolutionary ACO algorithm
addresses this problem by incorporating adaptive learn-
ing rate schedules, which help in effectively distributing
pheromones. This dynamic adjustment increases the likeli-
hood of discovering and selecting new, robust CNN models,
thereby enhancing the diversity and quality of the selected
models.

Adaptive Learning Rate Schedule: The inclusion of adap-
tive learning rate schedules (both time-based and cyclical) in
the evolutionary ACO algorithm allows for a more refined
and flexible approach to model selection. These sched-
ules progressively minimize the distance function during
each iteration, aiding in better convergence towards opti-
mal solutions. The traditional ACO algorithm lacks this
adaptive mechanism, making it less efficient at finding opti-
mal solutions, especially in complex and dynamic search
spaces.

Novel Distance Model: The proposed evolutionary ACO
algorithm introduces a novel distance model that significantly
improves the capacity of the algorithm to evaluate and select
CNN models effectively. This distance model considers vari-
ous factors such as training loss, training error, and weighted
parameters, providing a more comprehensive assessment of
the performance of the CNN models. In contrast, the tradi-
tional ACO algorithm relies on simpler distance measures,
which may not capture the full potential of the models and
can lead to suboptimal selections.

Increased Exploration: The evolutionary ACO algorithm
enhances exploration processes. By optimizing pheromone
values and incorporating adaptive learning rates, the
algorithm strikes a better balance between exploring new
paths and exploiting known good paths. This balance is
crucial for avoiding local optima and ensuring a thorough
search of the solution space. The traditional ACO algorithm,
however, often struggles with premature convergence and
insufficient exploration, limiting its ability to find the best
solutions.

Automated Model Selection: A significant advantage of the
evolutionary ACO algorithm is its ability to automatically
select robust CNN models without human intervention. This
automation reduces the potential for bias and errors intro-
duced by manual selection processes.

The influence of the evolutionary ACO parameters is cru-
cial for its ability to effectively select robust CNN models.
Adaptive learning rate schedules, a novel distance model,
optimized pheromone distribution, and careful tuning of the
number of ants and iterations all contribute to the superior
performance of the proposed algorithm. By systematically
adjusting these parameters, the evolutionary ACO algorithm
can be tailored to various datasets, ensuring high accuracy
and efficiency in model selection.

These advancements make the evolutionary ACO
algorithm a more powerful and efficient tool for model
selection in CNNs, particularly in the context of plant leaf
image recognition.
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The practical implications of our model selection approach
for real-world plant recognition systems are outlined as
follows:

Implementation Complexity: We conducted a detailed
examination of the steps required for deploying our model
selection approach, including an analysis of potential chal-
lenges and recommendations for effective integration into
existing systems.

Performance Analysis of the Model in Different Plant
Species and Environments: We evaluated the performance of
our model across a range of plant species and environmental
conditions. This evaluation included a discussion of identified
limitations and the capacity of the model to adapt to diverse
settings.

VIil. CONCLUSION
In this research, we introduced a novel evolutionary ant
colony optimization (ACO) algorithm designed to identify
robust convolutional neural network (CNN) models within
an ensemble CNN framework. The primary objective was
to enhance the robustness and performance of selected
CNN models within this framework. The evolutionary ACO
algorithm incorporated two significant advancements: a novel
distance model and an adaptive learning rate schedule. The
distance model improved the capacity of the algorithm
to evaluate and select CNN models effectively, while the
learning rate schedule refined the model by progressively
minimizing the distance function in each iteration. A key
advantage of this evolutionary approach is its ability to dis-
tribute pheromone values effectively, facilitating the selection
of new, robust CNN models rather than repeatedly choos-
ing the same ones. Consequently, the robust CNN models
identified by the evolutionary ACO algorithm were integrated
into an ensemble learning method. Importantly, the algorithm
consistently demonstrated high performance when selecting
any two sets of CNN models, underscoring its effectiveness
in optimizing model selection.

The key contributions and findings of our research are
summarized as follows.

A. ADDRESSING LIMITATIONS OF THE ORIGINAL ACO
APPROACH

The proposed evolutionary ACO algorithm addressed the
limitations of the original ACO approach, which often led
to repetitive selection of the same CNN models due to
inadequate pheromone distribution. By optimally distributing
pheromone values, our algorithm enhanced the likelihood
of discovering and selecting superior CNN models that
might have been previously overlooked. This advancement
is crucial for improving the overall performance of CNN
ensembles.

B. PERFORMANCE EVALUATION ON PLANT LEAF
DATASETS

We evaluated the performance of our evolutionary ACO
algorithm on two plant leaf datasets: Mulberry and
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Turkey-plant. We trained and fine-tuned 15 state-of-the-
art CNN models, including MobileNetV1, MobileNetV2,
DenseNet121, NASNetMobile, and Xception, with vari-
ous hyperparameters and data augmentation techniques.
Our experiments demonstrated that the evolutionary ACO
algorithm can automatically select robust CNN models and
significantly enhance model performance.

C. COMPARATIVE ANALYSIS OF ACO FRAMEWORKS AND
ENSEMBLE LEARNING METHODS

We compared two ACO frameworks: the ant colony system
(ACS) and the max-min ant system (MMAS). Our analy-
sis revealed that the MMAS framework outperformed the
ACS framework. Additionally, we investigated three ensem-
ble learning methods: unweighted average, weighted average,
and cost-sensitive learning. The weighted average method
proved to be the most effective, achieving an accuracy of
over 99.33% on the Turkey-plant dataset and 95.34% on
the Mulberry leaf dataset. In comparison to other methods,
our ACO algorithm exhibited superior performance on both
datasets.

Incidentally, an inexperienced taxonomist (such as a
farmer, grower, or consultant) would typically achieve an
accuracy of <99.5% (sometimes as low as 60%) under most
conditions. Additionally, there would be a separate cate-
gory for failed (but not incorrect) identifications, which can
vary depending on phenotypic plasticity and the level of
taxonomic knowledge. To enhance model selection perfor-
mance, in the future, we plan to incorporate local search
techniques into the ACO algorithm to refine the search
within local solution spaces, thereby improving accuracy
and efficiency. Additionally, we will explore recent advance-
ments in metaheuristics, including nature-inspired algorithms
and hybrid approaches that combine multiple optimization
strategies [90], [91], [92], [93]. We also plan to investigate
adaptive metaheuristics [94], [95], [96], which dynamically
adjust parameters based on specific problem characteristics.
These strategies are expected to optimize model selection
performance and achieve greater accuracy across diverse
applications.
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