UtilitasMathematica

ISSN 0315-3681 Volume 122, 2025

Medicinal Plant Recognition Using Particle Swarm Optimized
Neural Network Cascade

V.V.V.Swarna Latha Satyanarayana Kanulla B.Arun Kumar
Assistant Professor Assistant Professor Associate Professor
Department of CSE Department of CSE Department of CSE

Srinivasa Institute of Engineering &
Technology, Amalapuram.

Abstract - The accurate classification of medicinal plants is vital
for ensuring safe and effective use in traditional and modern
healthcare systems. However, manual identification by experts
often suffers from inconsistencies and errors, potentially
endangering human lives. This study proposes a robust and
intelligent classification framework that integrates deep learning
and optimization techniques to enhance identification accuracy. A
novel cascaded network architecture is developed, leveraging the
powerful ResNet50 model for deep feature extraction. These
features are then refined using Particle Swarm Optimization
(PS0), a metaheuristic technique that effectively selects the most
relevant attributes, reducing computational complexity and
enhancing classification performance. The optimized feature set
is subsequently evaluated using seven machine learning
classifiers: Support Vector Machine (SVM), Random Forest,
Decision Tree, K-Nearest Neighbors (KNN), XGBoost, Naive Bayes,
and Logistic Regression. Experiments are conducted on a publicly
available Kaggle dataset containing images of seven distinct
medicinal plant species. The results highlight that Logistic
Regression achieves a high classification accuracy of 99.18%,
while fine-tuned SVM outperforms all others with a peak accuracy
of 99.75%. This demonstrates the efficacy of the proposed
cascaded network in accurately distinguishing plant species. The
synergy of ResNet50 for robust feature extraction, PSO for
intelligent feature selection, and diverse classifiers provides a
comprehensive and scalable solution for medicinal plant
classification. This research contributes significantly to the
automation of botanical identification, offering practical
applications in ethnobotany, pharmacology, and agriculture,
thereby reducing human error, and enhancing medicinal plant
research.
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I. INTRODUCTION

Medicinal plants have long played a pivotal role in the
health and well-being of human societies across the
globe. These plants serve as the foundational resources
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for traditional healing practices and modern
pharmaceutical development. According to the World
Health Organization (WHO), over 80% of the world’s
population relies on herbal medicine for some aspect of
primary healthcare [1]. The accurate identification and
classification of these plants are essential not only for
ensuring their effective medicinal use but also for
safeguarding biodiversity, sustaining ethnobotanical
knowledge, and protecting human lives from the
consequences of misidentification. However, traditional
methods of plant identification, often based on
morphological characteristics and reliant on expert
knowledge, are increasingly being challenged by issues of
scalability, subjectivity, and error-proneness [2].Recent
advancements in artificial intelligence (Al), particularly in
the domains of machine learning (ML) and deep learning
(DL), have opened new pathways for automating the
classification of medicinal plants [3]. These technologies
offer the capability to analyze vast quantities of image
data with high precision and consistency. The fusion of Al
with botany has led to the development of automated
systems capable of recognizing plant species from images,
thereby significantly reducing human effort and error [4].
Among the deep learning architectures available,
convolutional neural networks (CNNs) have proven
particularly effective for visual recognition tasks.
Specifically, ResNet50—a 50-layer residual network—has
shown superior performance in feature extraction from
complex image datasets due to its ability to overcome
vanishing gradient problems and retain hierarchical
image representations [5].

However, feature extraction alone does not guarantee
optimal classification performance. The raw feature set
obtained from CNNs like ResNet50 is often high-
dimensional, redundant, or noisy, which can degrade the
performance of traditional machine learning classifiers
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[6]. This necessitates the incorporation of robust feature
selection techniques to reduce dimensionality while
retaining the most informative attributes. Particle Swarm
Optimization (PSO), a bio-inspired optimization
algorithm modeled after the social behavior of birds and
fish, has emerged as a powerful tool for feature
optimization. PSO effectively navigates the search space
to identify the optimal subset of features that enhances
classification accuracy while reducing computational load
[7]-The proposed framework in this study integrates a
cascaded comprising three major
components: deep feature extraction using ResNet50,
feature  optimization  through  Particle = Swarm
Optimization, and classification using various machine
learning algorithms[8]. By combining these techniques,
the research aims to create a scalable, efficient, and highly
accurate medicinal plant classification system. The
classification phase involves several state-of-the-art
machine learning algorithms, including Support Vector
Machine (SVM), Random Forest (RF), Decision Tree (DT),
K-Nearest Neighbors (KNN), XGBoost, Naive Bayes (NB),
and Logistic Regression (LR), each evaluated for its
efficacy in distinguishing between seven types of
medicinal plants [9].The selection of these classifiers is
based on their diverse learning mechanisms and their
proven track record in handling structured and

architecture

unstructured data [10]. For instance, SVM is known for its
capability to handle high-dimensional data and its
robustness in binary and multi-class classification tasks.
Random Forest and Decision Tree offer interpretability
and resilience to noise, while KNN provides a simple yet
effective non-parametric method [11]. XGBoost, an
optimized implementation of gradient boosting, is
acclaimed for its speed and accuracy. Naive Bayes is
computationally efficient and performs well with a large
number of features, and Logistic Regression remains a
baseline algorithm known for its interpretability and
strong theoretical foundation [12].
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Fig 1. System Architecture

The dataset used in this study is sourced from Kaggle,
comprising labeled images of seven medicinal plant
species. These images represent real-world scenarios
where variability in lighting, orientation, and background
pose significant challenges to traditional classification
methods. The integration of ResNet50 and PSO helps
overcome these challenges by ensuring robust feature
learning and selection, thus leading to improved
classification performance [13]. Experimental results
reveal that Logistic Regression achieves an accuracy of
99.18%, while a finely tuned SVM surpasses all others
with an outstanding accuracy of 99.75%. These findings
validate the effectiveness of the proposed cascaded
approach and underscore the potential of Al in advancing
botanical science.This research addresses several gaps in
the existing literature. While prior studies have explored
the use of CNNs for plant classification, they often lack
optimization techniques to refine feature selection,
leading to suboptimal model performance [14]. Moreover,
most existing systems rely on a single classifier, which
may not be suitable for all types of data. By evaluating
multiple classifiers, this study provides a comprehensive
comparison and identifies the best-performing models
under the proposed architecture. Furthermore, the
integration of PSO in a cascaded deep learning and
machine learning pipeline offers a novel methodology
that enhances both accuracy and efficiency.

Beyond academic interest, the implications of this
research are far-reaching. The automated and accurate
identification of medicinal plants can revolutionize
ethnopharmacology, improve the reliability of herbal
medicine prescriptions, and contribute to the
conservation of endangered plant species by reducing
dependence on expert field taxonomists. It can also
support mobile health applications, enabling users to
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identify plants on the go using smartphone cameras. Such
systems could be integrated with geographic information
systems (GIS) to map plant distributions, aiding in
ecological and conservation efforts [15].In summary, the
convergence of deep learning, evolutionary optimization,
and classical machine learning forms a powerful triad for
medicinal plant classification. This study presents a novel
cascaded framework that leverages ResNet50 for deep
feature extraction, Particle Swarm Optimization for
intelligent feature selection, and multiple machine
learning algorithms for high-accuracy classification. The
exceptional performance of the proposed system not only
demonstrates its academic validity but also its practical
applicability in real-world settings. Future work may
explore the expansion of the dataset to include a wider
variety of plant species, the integration of hyperspectral
imaging for richer data acquisition, and the deployment
of this system in mobile or embedded platforms for field
use.

II. LITERATURE SURVEY

The classification of medicinal plants has garnered
significant attention due to its critical role in traditional
medicine, pharmaceutical research, and biodiversity
conservation. Historically, plant classification has been
carried out through manual observation of
morphological traits such as leaf shape, flower
structure, and stem type. While this method has been
instrumental in taxonomy, it is often labor-intensive,
time-consuming, and prone to human error.
Furthermore, the ability to distinguish between visually
similar plant species requires a high level of expertise,
which is not always readily available in many regions
where medicinal plants are native. This has prompted
the exploration of computational methods to automate
and enhance the accuracy of medicinal plant
identification.Early computational approaches relied on
conventional image processing techniques and machine
learning algorithms. These methods typically involved
manual feature extraction, where features such as color
histograms, texture descriptors, and shape metrics
were computed and used to train classifiers like
Support Vector Machines (SVM), k-Nearest Neighbors
(KNN), and Decision Trees. Although these approaches
marked a significant step forward, their dependency on
handcrafted features limited their ability to generalize
across diverse plant datasets. The success of these
models was highly contingent upon the quality and
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consistency of feature selection, which often required
domain-specific knowledge.

The advent of deep learning, particularly Convolutional
Neural Networks (CNNs), revolutionized image
classification tasks by enabling models to learn
complex, hierarchical features directly from raw image
data. CNNs eliminate the need for manual feature
engineering and have demonstrated superior
performance in various domains, including medical
imaging, object detection, and more recently, plant
species  classification. ~Among the numerous
architectures developed, ResNet50 has emerged as a
powerful model for feature extraction. Its residual
learning framework allows for the construction of
deeper networks without encountering the vanishing
gradient problem, thus facilitating more accurate and
efficient learning. In the context of medicinal plant
classification, ResNet50 has been shown to extract
robust and discriminative features that capture fine-
grained visual patterns, such as vein structures and
edge contours of leaves.Despite the remarkable
capabilities of deep CNNs, one of the significant
challenges encountered is the high dimensionality of
the feature vectors they generate. High-dimensional
data, while rich in information, often includes
redundant or irrelevant features that can degrade the
performance of downstream classifiers. To address this,
feature selection and optimization techniques have
been integrated into the classification pipeline. Nature-
inspired algorithms, particularly Particle Swarm
Optimization (PSO), have gained traction due to their
efficiency in navigating large search spaces and
converging on optimal solutions. PSO simulates the
social behavior of birds flocking or fish schooling,
where particles represent potential solutions that
iteratively adjust their positions based on individual
and collective experiences. In feature optimization, PSO
effectively identifies the most relevant subset of
features that contribute to accurate classification,
thereby reducing computational complexity and
improving classifier performance.

Several studies have validated the efficacy of combining
deep learning for feature extraction with optimization
algorithms for feature selection. For example,
researchers have implemented PSO to refine features
obtained from deep models before feeding them into
traditional classifiers. This hybrid approach leverages
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the strengths of both paradigms—deep learning for
extracting high-level, non-linear features and PSO for
minimizing feature redundancy. Classifiers such as
Logistic Regression, Random Forest, and SVM have
consistently shown improved performance when
trained on optimized feature sets. Logistic Regression,
known for its simplicity and interpretability, often
achieves high accuracy in binary and multi-class
classification when the feature space is well-structured.
Random Forest, an ensemble method, offers robustness
against overfitting and performs well in high-
dimensional spaces. SVM, particularly with Radial Basis
Function (RBF) kernels, excels at finding optimal
separating  hyperplanes in  complex feature
spaces.Recent research has also emphasized the
importance of wusing ensemble classifiers and
hyperparameter tuning to maximize classification
accuracy. Gradient boosting techniques such as XGBoost
have demonstrated remarkable success due to their
ability to model intricate patterns and handle class
imbalances. Furthermore, parameter optimization
techniques like grid search and cross-validation have
been employed to fine-tune classifier settings, thereby
improving model generalizability across different
datasets.

The availability of labeled datasets has played a crucial
role in advancing medicinal plant classification systems.
Open-access platforms like Kaggle provide image
datasets containing various medicinal plant species
captured under different lighting and environmental
conditions. These datasets serve as benchmarks for
evaluating the robustness and scalability of
classification models. However, challenges persist,
particularly when dealing with images that include
occlusions, background noise, or varying plant
orientations. To mitigate these issues, researchers have
incorporated preprocessing steps such as image
augmentation, normalization, and segmentation. These
steps enhance data diversity and improve the model’s
ability to generalize to unseen images.ond technical
advancements, the practical applications of medicinal
plant classification systems are extensive. Mobile-based
applications powered by lightweight models allow
users to identify medicinal plants in real-time using
smartphone cameras. Such tools are invaluable in rural
and resource-constrained areas, where access to
botanical experts is limited. Additionally, these systems
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support conservation efforts by aiding in the
documentation and monitoring of plant biodiversity.In
summary, the integration of deep learning, feature
optimization, and machine learning classification has
significantly advanced the field of medicinal plant
identification. ResNet50, with its deep residual
architecture, provides a solid foundation for feature
extraction. PSO contributes by distilling these features
into a more manageable and relevant subset, and a
variety of classifiers ensure robust and accurate
classification outcomes. The synergy of these methods
reflects a broader trend in artificial intelligence
research—leveraging hybrid models to overcome
individual limitations and achieve  superior
performance. As the field evolves, continued research
into more efficient architectures, optimization
algorithms, and diverse datasets will be essential in
further enhancing the accuracy, accessibility, and
applicability of automated medicinal plant classification
systems.

III. METHODOLOGY

The methodology employed for the classification of
medicinal plants using a Particle Swarm Optimized
Cascaded Network follows a comprehensive and
structured sequence of steps designed to ensure
maximum precision, computational efficiency, and
robustness. The process begins with the acquisition of a
curated dataset comprising high-resolution images of
seven distinct medicinal plant species. These images are
sourced from the Kaggle platform, ensuring a diverse
representation in terms of lighting, angle, and
background, which is essential for training a model
capable of generalizing well across real-world scenarios.
The dataset is carefully reviewed to eliminate duplicates,
blurred samples, or any anomalies that could degrade
model performance. Once verified, the dataset is divided
into training and testing subsets, generally following an
80:20 or 70:30 ratio, allowing the model to learn patterns
from the majority of the data while preserving a portion
for validation and performance evaluation.Following data
preparation, the images are subjected to preprocessing
steps to enhance consistency and optimize the learning
environment for the model. Each image is resized to a
fixed dimension compatible with deep learning
architectures, typically 224x224 pixels, and normalized to
scale pixel values within a defined range such as [0,1] or
[-1,1]. This step ensures that the model receives input
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data that is uniform in scale and format, thereby reducing
computational complexity and accelerating convergence
during training.

The next step involves feature extraction using ResNet50,
a powerful convolutional neural network architecture
known for its exceptional performance in image
recognition tasks. ResNet50 operates through a deep
structure comprising 50 layers with skip connections that
mitigate vanishing gradient problems, enabling the
training of very deep networks. When the preprocessed
images are passed through the ResNet50 model, it
extracts high-dimensional feature vectors that encode
essential information about the texture, shape, and
structure of the plants. These features serve as numerical
representations of the images and are critical for enabling
classification.Although ResNet50 excels at feature
extraction, the resultant feature vectors often contain a
large number of dimensions, some of which may be
redundant or irrelevant. To address this, Particle Swarm
Optimization is employed to refine the feature space. PSO,
inspired by the collective behavior of bird flocks and fish
schools, operates through a swarm of particles where
each particle represents a potential solution in the feature
space. The particles adjust their positions iteratively
based on their own best performance and the global best
position discovered by the swarm. The fitness function,
which typically measures classification accuracy or
information gain, guides the optimization process.
Through several iterations, PSO converges to a subset of
features that are most relevant for distinguishing
between the medicinal plant classes, thereby reducing
dimensionality and improving classifier performance.

Once the optimized features are selected, they are passed
to a series of classical machine learning classifiers for
training and evaluation. Seven algorithms are employed
in parallel: Support Vector Machine, Random Forest,
Decision Tree, K-Nearest Neighbors, XGBoost, Naive
Bayes, and Logistic Regression. Each classifier is trained
independently using the same optimized feature set to
ensure a fair comparison of performance. During this
phase, classifiers learn to map the selected features to
their corresponding plant labels through supervised
learning. Model evaluation metrics such as accuracy,
precision, recall, and F1-score are computed to assess the
effectiveness of each algorithm.Among the classifiers
tested, Logistic Regression emerges with a strong
performance, achieving an accuracy of 99.18%. Further
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improvements are made by tuning the hyperparameters
of the SVM model. This includes selecting the appropriate
kernel type—Ilinear, polynomial, or radial basis
function—and adjusting parameters such as the
regularization coefficient and gamma. Through grid
search and cross-validation techniques, the SVM model is
optimized to achieve a remarkable classification accuracy
0f 99.75%, surpassing all other models in the ensemble.

Finally, the comparative analysis of classifier outputs
confirms the superiority of the hybrid approach
combining deep learning-based feature extraction, PSO-
based feature selection, and classical machine learning
classification. This layered and modular methodology not
only achieves outstanding accuracy but also ensures
computational efficiency and scalability. The system
demonstrates strong potential for practical deployment in
mobile applications and field research tools, providing a
reliable and automated solution for medicinal plant
identification. The robustness of the approach also allows
for extension to other plant species or similar
classification problems in the domain of agricultural and
botanical sciences.

IV. PROPOSED SYSTEM

The proposed system for medicinal plant classification
introduces a robust, intelligent framework that integrates
deep learning, nature-inspired optimization, and
traditional machine learning to achieve highly accurate
and automated identification of medicinal plants. This
hybrid approach is meticulously designed to address the
limitations of conventional identification methods, which
often suffer from subjectivity, time constraints, and
dependency on expert knowledge. The system leverages
the strengths of each component—namely, the deep
feature extraction capability of convolutional neural
networks, the optimization power of Particle Swarm
Optimization, and the precision of classical classifiers—to
ensure a comprehensive and scalable solution.At the
foundation of the proposed system lies a curated image
dataset of medicinal plants sourced from an open-access
platform. This dataset comprises high-resolution images
of seven distinct plant species, selected for their
relevance in traditional medicine and their varied
morphological characteristics. The diversity in the
dataset provides a realistic challenge for the classification
model, making it suitable for deployment in field
applications where variability in lighting, orientation, and
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background is expected. The dataset undergoes
meticulous cleaning and preparation, with all images
standardized in terms of size and format to facilitate
uniform input into the deep learning model.

The next critical component of the system involves the
application of ResNet50, a deep convolutional neural
network that has demonstrated exceptional performance
in a wide range of image classification tasks. ResNet50 is
employed here not as a classifier, but purely as a feature
extractor. By excluding the final fully connected layers
and utilizing the deep convolutional layers, ResNet50
captures rich, hierarchical features that encode essential
visual cues of the plant images. These features include
complex textures, contours, and color gradients that are
often difficult to define explicitly through traditional
image processing techniques. The use of ResNet50
provides a substantial advantage, as it eliminates the
need for handcrafted feature design, enabling the system
to operate with minimal human intervention.However,
the raw feature vectors extracted from ResNet50 are
inherently high-dimensional, which poses a challenge in
terms of computational load and classifier performance.
High-dimensional data often contain redundant or
irrelevant information that can dilute the learning
process and lead to overfitting. To address this, the
proposed
Optimization as an intelligent feature selection
mechanism. PSO mimics the social behavior of organisms
such as bird flocks and fish schools, where each

system incorporates Particle @ Swarm

individual, or particle, explores the solution space based
on both individual experience and the collective
knowledge of the swarm. Within this context, each
particle represents a candidate feature subset, and the
objective is to maximize classification accuracy by
selecting the most informative features while discarding
the rest.

The fitness function in the PSO algorithm evaluates each
particle based on its ability to enhance classification
accuracy using a simple classifier, often Logistic
Regression, during the optimization phase. The swarm
iteratively refines its feature subset selections, gradually
converging towards an optimal or near-optimal set of
features. The result is a reduced yet highly effective
feature set that retains the discriminatory power of the
original high-dimensional data but is more manageable in
terms of computation and more effective in preventing
overfitting.Once the optimal feature set is established, it
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is passed into a suite of traditional machine learning
classifiers. This ensemble approach includes Support
Vector Machine, Random Forest, Decision Tree, K-Nearest
Neighbors, XGBoost, Naive Bayes, and Logistic
Regression. Each classifier is trained independently using
the optimized feature set, and their performances are
evaluated through metrics such as accuracy, precision,
recall, and F1-score. The comparative analysis reveals the
strengths and weaknesses of each classifier, providing
valuable insight into the most suitable algorithms for this
type of application. Logistic Regression demonstrates
strong performance with an accuracy of 99.18%,
highlighting its effectiveness in linearly separable data
environments. Furthermore, when SVM is fine-tuned with
kernel and regularization parameters, it surpasses all
others with a striking 99.75% classification accuracy.

This layered architecture—consisting of deep feature
extraction, intelligent feature optimization, and rigorous
classification—offers several strategic advantages. Firstly,
it creates a highly automated pipeline that minimizes
manual effort, making it suitable for deployment in field
applications or mobile-based plant identification tools.
Secondly, the modularity of the system allows each
component to be improved or replaced independently.
For example, more advanced deep learning models can be
substituted for ResNet50, or alternative optimization
algorithms such as Genetic Algorithms or Ant Colony
Optimization can be integrated in place of PSO. This
flexibility adaptability  and
relevance.Additionally, the proposed system is not

ensures  long-term
confined to the classification of medicinal plants alone. Its
architecture is generalizable to other domains where
visual classification plays a central role, including
agricultural crop monitoring, environmental
conservation, and biodiversity mapping. The use of
publicly available datasets and open-source tools also
contributes to the replicability and transparency of the
system, facilitating further research and development in
the community.In summary, the proposed system delivers
a powerful and efficient solution for medicinal plant
classification by synthesizing deep learning, optimization,
and machine learning into a cohesive and scalable
framework. It overcomes the limitations of manual
identification and conventional image processing
techniques, offering unprecedented accuracy, reliability,
and adaptability. As digital tools become increasingly
integrated  into

environmental and  healthcare
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applications, this system stands as a significant step
forward in bridging the gap between technological
advancement and real-world utility in botanical research.

V. RESULTS AND DISCUSSIONS

The results of the proposed medicinal plant classification
system demonstrate exceptional accuracy and reliability,
highlighting the effectiveness of combining deep learning
with optimization techniques and classical machine
learning classifiers. After preprocessing and feature
extraction using the ResNet50 convolutional neural
network, a large and rich set of features was obtained
from the medicinal plant image dataset. These features,
although informative, contained redundancies and noise
that could potentially hinder classification performance.
To mitigate this issue, Particle Swarm Optimization (PSO)
was employed to reduce the dimensionality of the feature
space, retaining only the most relevant attributes. The
reduced feature set was subsequently used to train and
evaluate seven different machine learning classifiers—
Support Vector Machine (SVM), Random Forest, Decision
Tree, K-Nearest Neighbors (KNN), XGBoost, Naive Bayes,
and Logistic Regression. Among these classifiers, Logistic
Regression achieved a notable accuracy of 99.18%,
demonstrating its ability to handle the optimized features
effectively. However, upon further hyperparameter tuning
of the SVM model, including adjustments to the kernel
type, regularization parameter, and gamma value, the
SVM achieved a peak accuracy of 99.75%, outperforming
all other classifiers tested in the study. These results
confirm the robustness and scalability of the proposed
system, validating the effectiveness of combining deep
feature extraction with intelligent feature selection and
ensemble classification.

The performance of each classifier was further evaluated
using precision, recall, F1-score, and confusion matrices
to measure the system’s ability to distinguish between the
seven medicinal plant species accurately. Logistic
Regression and SVM exhibited consistently high precision
and recall scores across all classes, indicating their
balanced capability in managing both false positives and
false negatives. Random Forest and XGBoost also
performed well, showing strong classification
capabilities, especially for visually similar classes. KNN,
though simple, delivered reasonably good results but
struggled slightly with overlapping feature spaces. Naive
Bayes and Decision Tree algorithms performed
moderately and were more susceptible to variations in
the dataset, particularly when confronted with classes
that had similar textures or colors. The Confusion Matrix
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for the best-performing model—SVM—showed near-
perfect classification, with only a few misclassifications
scattered across the matrix, emphasizing the model’s high
level of precision. The PSO-optimized feature set clearly
played a crucial role in enhancing these outcomes, as
models trained without PSO yielded lower performance
across all metrics. This indicates that PSO not only
streamlined the feature space but also significantly
contributed to the models’ generalizability and efficiency.
Additionally, the training and testing time for each
classifier revealed that Logistic Regression and SVM were
computationally efficient, making them suitable for real-
time applications, such as mobile-based plant
identification tools.
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Fig 4. All Algorithms Performance in Tabular Format
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The discussion of these results highlights the broader
implications and future potential of the proposed system.
The combination of ResNet50, PSO, and machine learning
classifiers forms a highly modular and adaptable
architecture that can be extended beyond medicinal plant
classification. The high accuracy and low error rates
achieved in this study demonstrate the system'’s potential
to revolutionize botanical classification, particularly in
regions where expert knowledge is scarce or unavailable.
Furthermore, the system’s structure allows for
integration with real-time applications, such as mobile
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apps or drone-based surveillance tools for identifying
plant species in forests, gardens, or agricultural fields. Its
adaptability also makes it suitable for other domains,
including disease diagnosis in plants, animal species
classification, and even medical imaging, where similar
patterns of feature extraction and optimization can be
applied. The success of PSO in refining the deep learning
features underscores the importance of intelligent
optimization in enhancing machine learning pipelines.
While this study focused on a specific dataset of seven
medicinal plants, the same architecture can be scaled and
trained on larger, more diverse datasets to further
improve its robustness and accuracy. Moreover, future
work could involve experimenting with other
optimization algorithms, such as Genetic Algorithms or
Grey Wolf Optimizer, and integrating more advanced deep
networks like EfficientNet or DenseNet for even better
feature extraction. Ultimately, the proposed system serves
as a powerful and efficient tool, not only for accurate
classification but also as a foundation for further
innovation in automated botanical identification systems.

V1. CONCLUSION

In conclusion, the proposed system for medicinal plant
classification exemplifies a significant advancement in the
domain of automated botanical identification by
seamlessly integrating deep learning, nature-inspired
optimization, and machine learning classification.
Utilizing ResNet50 for extracting high-level visual
features ensures deep, hierarchical representation of
plant images, while the implementation of Particle Swarm
Optimization (PSO) effectively refines this feature space,
eliminating redundancies and enhancing model
performance. The experimental results, particularly the
outstanding accuracy of 99.75% achieved through a finely
tuned Support Vector Machine, affirm the robustness,
precision, and applicability of the hybrid architecture.
Furthermore, the system’s success underscores the
immense potential of combining state-of-the-art artificial
intelligence  techniques to
limitations such as expert dependency and subjective
errors. The use of diverse classifiers also contributes to a

overcome traditional

comprehensive evaluation, reinforcing the reliability and
adaptability of the model across various algorithmic
paradigms. Beyond the realm of medicinal plant
classification, the modularity and scalability of this
system allow it to be adapted for broader environmental
and agricultural applications, promoting sustainable
resource management and biodiversity conservation. As
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the demand for intelligent and efficient plant
identification tools continues to rise, particularly in rural
and under-resourced regions, this research presents a
promising, real-world solution grounded in scientific
rigor and technological innovation. Future enhancements,
including the adoption of more advanced neural
networks, larger and more diverse datasets, and real-time
deployment capabilities, could further elevate its
practical value and global relevance. This study not only
provides a high-performing classification framework but
also sets a strong precedent for future research at the
intersection of deep learning, optimization, and ecological

informatics.
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