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Abstract:Ayurvedic classical medicine depends,to a greater extent,upon
the accurate identification,health appraisal,and ripeness estimation of
medicinal leaves.Yet, all such classification through manual processes
involves expertise-based discrimination, takes lot of time, and hence
contributes to variations when establishing their medico-usability.The
available Al-powered models of plant analyses concentrate more or less on
recognizing species alone while largely overlooking essential considerations
such as health evaluation and ripeness estimation, which Ayurveda stresses
in importance. Traditional deep learning techniques, though efficient for
classification, are poor at fine-grained detailed analysis and hence provide
suboptimal recommendations.

LeafScan Al, a three-stage Al system, is proposed in this paper to
improve Ayurvedic leaf classification and usability
evaluation.LeafSense, the first stage, uses a CNN-based model to detect
the leaf species from the image.Health- Guard, the second stage, uses
EfficientNet for binary classification to check if the leaf is healthy or
not.Lastly, the third phase, AyurCheck, utilizes a Vision Transformer
(ViT) to examine healthy leaves for maturity and medicinal value and
diagnose unhealthy leaves and mark them as unusable for medicine
preparation.The organized, multi- phase methodology results in an
accurate, consistent, and scalable process for Ayurvedic practitioners,
researchers, and pharmaceutical companies.The suggested method
reduces human subjectivity, boosts efficiency, and offers an automatic
pipeline for medicinal leaf assessment.

Keywords: —Leaf classification, Ayurvedic medicine, Deep learning,
CNN, EfficientNet, Vision Transformer, Plant disease detection,
Maturity mapping.

1 Introduction

About 3,91,000 species of plants dwell on the earth, 28,187 of which have the
pliability to be utilized as medicinal herbs, some are on the verge of extinction.
Indian medicinal leaves are proven to be lifesaving for many of the living creatures
in this world. Many Ayurvedic Indian literature have stated the medicinal value of
plants in treating various human diseases. The vision is to create a healthier society
by maximizing the efficient use of countries’ natural heritage for the benefit of
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all. During the growth of the plant, due to various factors present in nature and
caused by humans, leaves might become prone to certain diseases. Diseased or
unhealthy leaves cannot be used for medicinal purposes. Another factor, that’s
important to check whether a leaf is suitable for ayurvedic medicine making or not
is its maturity. Maturity mapping of medicinal leaves is a critical process used to
determine the optimal time for harvesting plants to ensure they retain their
maximum medicinal properties. In the lifecycle of medicinal plants, the
concentration of active compounds—such as alkaloids, flavonoids, and essential
oils—varies at different stages of growth. Harvesting leaves too early or too late
can significantly impact the potency and efficacy of the medicines made from them.
This process considers factors such as:

Plant Age: Different medicinal plants reach peak maturity at different times.

Environmental Factors: The climate, soil conditions, and season can
influence the development of bioactive compounds.

Chemical Composition: By analyzing the leaves’ chemical profile at
different growth stages, the exact phase when the highest concentration of
beneficial compounds is present can be identified.

Physical Characteristics: Changes in leaf color, texture, and size can also
serve as indicators of maturity.

This paper aims to explore how various Deep Learning models and CNN
architectures can be used that not only detect diseases but also tell us the optimal
time for harvesting the leaf for better efficacy.

Research Objectives

RO1: To develop an Al-powered system capable of accurately identifying
Ayurvedic medicinal plant species using image-based classification methods.

RO2: To design a leaf health evaluation module using deep learning techniques
for distinguishing between healthy and diseased leaves, accounting for variations
in texture, color, and environmental conditions.

RO3: To construct a maturity mapping framework that classifies the growth stage
of leaves and correlates it with medicinal efficacy as per Ayurvedic principles.

RO4: To implement a recommendation engine that suggests targeted medicinal
uses of leaves based on species, health status, and maturity, leveraging domain-
specific Ayurvedic knowledge.

ROS: To assess and compare the performance of different CNN and ViT-based
architectures in terms of accuracy, robustness, and adaptability to real-world
scenarios involving varied lighting, background, and plant types.

ROG6: To validate the proposed Al-driven pipeline through experimental results
and expert feedback, ensuring its practical utility in promoting sustainable
agriculture and traditional healthcare practices.
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Related Work

Recent developments in Machine Learning and AI have played an essential
role in classifying and analyz- ing medicinal plants, especially in agriculture.
Ayurvedic uses. Many research studies have been centered around areas like
species classification, disease identification, maturity evaluation, and
feature se- lection for enhancing the performance of Al-based plant analysis.
Some studies have utilized Convolutional Neural Networks (CNNs) to
classify medicinal plants. A CNN model attained a record 96.88% accuracy
in the classification of ten medicinal leaf species and distinguishing between
healthy and diseased samples. The research was, however, constrained by the
limited dataset, with a need to explore more diverse datasets and real-time
adaptability. Equivalently, a Hybrid Intelligence System that incorporates
Fuzzy Inference, Na”ive Bayes, Probabilistic Neural Network (PNN),
and Support Vector Machine (SVM) had an accuracy of 99% in plant
disease detection in the early stage. There was manual intervention required,
reflecting the requirement for full automation for easier use.

Other research contrasted various machine learning models for medicinally
important plant classification. Experiments comparing SVM and KNN
models yielded a 90% accuracy, focusing on shape, texture, and color as key
attributes. Yet the models were limited by quality of images available, and
therefore better results would be obtained through enhancing techniques of
feature extraction as well as having diverse datasets. Another CNN-based
method used Binary Particle Swarm Optimization (BPSO) to categorize
plant varieties and maturity levels, attaining 82% accuracy, although it was
dependent upon certain imaging scenarios, and required transfer learning for
enhanced flexibility.

Texture-based approaches have also been attempted, e.g., those involving
Feedforward Backpropagation Neural Networks (BPNN) using Gray-
Level Co-occurrence Matrix (GLCM) features. These ap- proaches have
worked well when integrated with hue features, but had issues with complicated
backgrounds, underlining the importance of optimized feature extraction.
Transfer learning methods, especially using DenseNet121 and VGG16, have
also been used for Ayurvedic herb classification, with DenseNet121
achieving 98.97% accuracy. Though successful, these models need dataset
augmentation and finer seg- mentation to improve real-time performance.

In addition, the studies have investigated the effect of feature selection methods
on the classification of medicinal plants. Effective feature selection has been
proven to boost model performance dramatically and thus has led to proposals for
hybrid models and large data acquisition to improve knowledge extraction. A
system- atic review of the use of deep learning in medicinal plant classification
also found promising outcomes but noted that there is limited variety in the datasets,
which calls for more widespread applications with varied training samples.



Al-Based Ayurvedic Leaf Analysis and Recommendations 1021

Recent progress in detection of plant disease has also been sought through
CNN models. A study managed to attain 95% accuracy in disease detection
but was limited by the need for a large labeled dataset. Fu- ture developments
need to reduce the need for labeled data to allow for real-time detection for wider
use. Further, studies have tackled the problem of low-light conditions in the
classification of medicinal plants, sug- gesting improved dataset variability and
illumination adjustments. Furthermore, work has highlighted the need

to promote dataset diversity because most current models are trained from a limited
range of species, limiting generalizability. Using more diverse datasets that include
several species, geospatial conditions, and climatic fac- tors may enhance
robustness. Also, incorporating multi-modal learning methods, for instance,
merging leaf photos with environmental information or molecular data, could
potentially enhance classification performance and disease detection.

In general, current studies emphasize the success of deep learning, hybrid
intelligence systems, feature selection techniques, and transfer learning in
medicinal plant classification. Nonetheless, there are major challenges, such
as dataset diversity, real-time applicability, automation, and feature
optimization. Future research should solve these problems by incorporating
multi-modal learning, enhanced automation methods, and larger datasets to
improve the accuracy, adaptability of Al-based plant analysis systems.

Table 1: Literature Survey on Medicinal Plant Classification and Disease
Detection Techniques
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Limitations observed in previous research works

Although recent studies have significantly advanced the use of CNNs in classifying
medicinal plants and distin- guishing between diseased and healthy leaves, it is
often not deep enough to be used for Ayurvedic purposes. Studies by Praveena et
al. (2023) and Roy and Bhaduri (2024) are mainly restricted to identifying
whether a leafis healthy or diseased and do not cover the most important aspect of
maturity mapping, which is necessary to establish the medicinal efficacy of a plant.
Ayurvedic thought explains that the medicinal value of a plant is determined by the
maturity stage of a plant. For example, mature, premature, and over-mature leaves
of Tulsi have chemical properties different from each other, responsible for some
specific secondary activity to reduce inflammation or overcome respiratory
disorders. The maturity differentiation cannot be retained by the existing models,
which is the reason they cannot deliver any insights pertinent to Ayurvedic
practices.

Moreover, it lacks any integrated recommendation system within currently existing
CNN-based models on how such identified plant properties are to be applied in
treatment. That would make it invaluable to the best practices of those practitioners,
researchers, or farmers who will necessarily need to have detailed recommendations
from that health as well as maturity state of a plant. These systems, without maturity
mapping, are unable to produce meaningful results for optimizing times for
harvesting or determining leaves best used for specific applications with Ayurveda.
In summary, though CNNs do stand out for simple leaf health classification,
maturity mapping, or recommending medicine are outside their scope. Such
additional capabilities are very much required to make this an application which is
practically oriented and based on Ayurveda; more specifically, these models must be
augmented with maturity characteristics as well as guidelines for Ayurveda to be
capable of delivering targeted and potent plant-based remedies.

Problem Statement
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In spite of development in CNN-based models for classification of medicinal
plants, current solutions mainly emphasize discriminating between normal and
sick leaves and neglect maturity mapping, an essential aspect in Ayurveda.
The medicinal strength of a plant is different during various stages of maturity
and imparts varying characteristics to it in terms of their therapeutic aspects.
For example, Tulsi leaves at varying maturity levels have varied chemical
contents deciding their potency towards curing diseases like inflammation and
breathing disorders. Existing models are unable to address this aspect, reducing
their applicability in Ayurvedic medicine. These models also depend on static
classification methods that are not responsive to variability in plant growth
stages and environments that occurs in real life. In addition, there is no
integrated recommendation system in current CNN-based models to give
actionable advice to practitioners, researchers, or farmers. Without self- driving
advice on how the properties found in plants should be used in treatments, these
models are more theoretical than practical tools. Lack of maturity-based
classification and Ayurvedic prescription mechanisms limits their use for
optimizing harvest time and choosing leaves for particular medical uses. Hence, an
integrated solution using Al needs to be undertaken which incorporates maturity
mapping along with a recommendation engine that adheres to Ayurvedic
concepts and brings targeted and efficient plant remedies to the plate.

Proposed Work

The proposed work is meant to design an Al-powered system, LeafScan Al,
which brings together deep learning methods to identify, classify the health, and
evaluate the medicinal value of Ayurvedic leaves. As opposed to other models
that consider leaf health classification in a binary manner, this system involves a three-
stage pipeline using CNNs, EfficientNet, and Vision Transformers (ViT) to
enable a holistic Ayurvedic analysis. Every phase
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is planned to provide better accuracy in the identification of species, detection
of diseases, determination of maturity, and medical advice.
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Figure-1: Flowchart illustrating the proposed model architecture
The suggested system is made up of the following principal elements:

1. Leaf Species Identification (LeafSense): A CNN-based model is employed
to determine medicinal plant species by examining leaf shape, texture, and vein
pattern. It acts as a base for other examinations.
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. Health Classification (HealthGuard): EfficientNet is used to classify a

leaf as healthy or diseased. The model takes color, texture, and structural
differences into account while utilizing data augmentation for better
generalization.

. Maturity Mapping and Medicinal Insights (AyurCheck): A Vision

Transformer model assesses healthy leaves to identify their maturity level—
premature, mature, or over-mature—essential for Ayurvedic medicinal effectiveness.
In case of disease, the model detects the type of disease and suggests whether the
leaf is fit for medicinal purposes.

. Integrated Medicinal Recommendations: Depending on the health status and

maturity  classification, the system yields comprehensive Ayurvedic
recommendations of optimal harvesting seasons and possible medicinal uses,
offering targeted and efficacious plant-derived remedies.

This application will have a great impact on Ayurvedic practice in terms
of better disease identification and age of the plants, which were difficult to
determine accurately otherwise. The developed model advances digitization efforts
in the context of Ayurveda and makes this knowledge actionale by being able to
contribute towards sustainable and optimal use of plants for medicines.

Methodology

This provides the research methodology proposed for the Al-driven Ayurvedic
leaf analysis system, LeafS- can AI, which can automate plant species
identification, health assessment, maturity evaluation, and Ayurvedic medicinal
suggestions. The method combines contemporary deep learning methods—CNNs,
EfficientNet, and Vision Transformers (ViTs)—in a multi-phase, modular
pipeline. Each phase is explained in further detail below

Data Collection and Preparation

Considering that there is no adequate pre-existing dataset with Ayurvedic
medicinal leaves with health and maturity marks, a special dataset was created.
High-quality images of different medicinal plants, such. namely, Ocimum
tenuiflorum (Tulsi), Azadirachta indica (Neem), and so on were
photographed under natural light. conditions at various stages of growth.

The dataset includes:

Diseased and healthy leaves subjected to different conditions of lighting and
environment

Various maturity phases: premature, mature, over-mature
Different viewpoints and backgrounds to generalize

Hand-labeled manual images using expert Ayurvedic planters followed by
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categorizing the images as per species, health status, and maturity Preprocessing
tasks involved resizing, background normalization, contrast enhance- ment, and
data augmentation (rotation, flip, brightness transformations) to have a training-
compliant dataset to work with for building deep learning models.

LeafSense: Species Identification Using CNN

The initial stage, LeafSense, conducts species classification through a
Convolutional Neural Network (CNN). The module examines leaf texture, shape,
and venation patterns to differentiate between various Ayurvedic plant species. The
model supplies the biological context for further assessment.

Bt i CNN mod
model = models.Sequential(
layers.Conv2D(32, (3, 3), activation='relu', input_shape=(15@, 150, 3)),
layers.MaxPooling2D(2, 2),

layers.Conv2D(64, (3, 3), activation='relu'),
layers.MaxPooling2D(2, 2

layers.Conv2D(128, (3, ), activation=

3
layers.MaxPooling2D(2, 2),

layers.Flatten

layers.Dense(128, activation='relu'
layers.Dropout(@.5),
layers.Dense(len(class_names), activation='sof

1)

model.compile(optim
loss=
metri

Figure-2: CNN architecture used for species identification in LeafSense.

HealthGuard: Health Classification Using EfficientNet

The second stage, HealthGuard, identifies if the leaf is healthy or not. This
phase uses the EfficientNet model for binary classification, which is optimized
using transfer learning and data augmentation. It inspects visible symptoms like
discoloration, lesions, and deformation to make sure only healthy leaves are taken
into account for the final recommendation stage.
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Stage Operator Resolution | #Channels | #Layers

Conv3x3 224 x 224 32

MBConv1, k3x3 112 x 112

MBConv6, k3x3 112x 112

MBConv6, kbx5 56 x 56

MBConv6, k3x3 28x 28

MBConv6, k5x5 14x 14

MBConv6, kbxb 14x 14

MBConv6, k3x3

9 | Convlxl & Pooling & FC

Figure-3: EfficientNet architecture blocks used in HealthGuard for health
classification.

5.4 AyurCheck: Maturity Mapping and Medicinal
Recommendation Using Vision Transformer

The last stage of the suggested framework, which is referred to as
textbfAyurCheck, utilizes the strengths of a Vision Transformer (ViT) to
carry out subtle maturity analysis and make Ayurvedic medicinal suggestions.
In contrast to conventional CNNs that are best suited for detecting local features,
ViTs are well capable of learning global context and long-range dependencies in
image data. This makes them especially well-fitted for operations such as
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maturity detection, in which minute differences in color gradients, vein patterns,
and surface textures need to be monitored globally. AyurCheck starts off with
leaves that have already been identified as healthy by the HealthGuard module. It
divides each image into fixed-size patches, encodes their positional information,
and feeds them through several self-attention layers to learn hierarchical
representations. These images are then utilized to sort each leaf into one of three
levels of maturity: textitpremature,

textitmature, or

textitover-mature—each of which has different medicinal potency according to
Ayurvedic texts.

In addition to maturity categorization, AyurCheck provides further value
by adding a diagnostic layer for sick leaves. When the HealthGuard module
identifies a leaf as diseased, AyurCheck assesses the visual attributes to determine
the disease type (e.g., fungal, bacterial, or viral) from lesion shape, color aberration,
or structural defects. This data is fed into a recommendation engine that has been
trained on domain knowledge obtained from Ayurvedic sources. The system then
recommends whether the diseased leaf still has medicinal properties or needs

to be discarded. For mature and healthy leaves, AyurCheck generates a list of
actionable Ayurvedic suggestions like best harvesting periods, target therapeutic
uses (e.g., for respiratory conditions, gastrointestinal problems), or storage habits.
This multi-faceted feature of AyurCheck not only guarantees botanical and
therapeutic accuracy but also connects Al-driven diagnostics with age-old
Ayurvedic insights, thus making the framework scientifically strong as well as
culturally sensitive.

Vision Transformer (ViT)

| MLP
Head

Transformer Encoder

!
"“:‘:;:::r;?:;““* @éﬁéi @ﬂ@é @5 @15

[cla nbedding Linear Projection of Flattened Patches

%E;——iIIwgﬂﬁﬁﬂ
Al s 4

Figure-4: Vision Transformer (ViT) model used in AyurCheck for maturity
and medicinal analysis.

AyurCheck then interfaces with an expert4ule-based Ayurvedic knowledge base
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to suggest:
» Suitable medicinal applications (e.g., for inflammation, respiratory conditions)

= Rejection recommendations for diseased or over-mature leaves

End-to-End Pipeline Integration

The whole LeafScan Al system is a pipeline from image input to medicinal
output:

1. LeafSense conducts species identification
2. HealthGuard categorizes health status

3. AyurCheck assesses maturity and advises medicinal use

This combined pipeline encourages consistency, minimizes manual labor, and
introduces Al-powered insights into Ayurvedic practices. The system is scalable
and can be applied to different plant families and geography.

Expected Results and Discussion

This section outlines the anticipated outcomes and provides a platform for
interpreting the model’s potential impact.

Expected Results

* The new model should attain a higher-than-95% classification accuracy in
identifying Ayurvedic medicinal leaves using CNN and EfficientNet
frameworks.

» ViT-based disease detection is expected to demonstrate strong performance even in
the presence of changing lighting and background conditions.

Maturity mapping ought to exhibit high correlation with actual-world
harvesting standards.

* Leaf maturity and health-based end-to-end recommendations for medicinal use
will yield a new utility layer in herbal diagnostics.
Discussion

Application of hybrid deep learning models, such as CNN, EfficientNet, and
ViT, will likely improve generaliza- tion over varied leaf datasets. Incorporation
of species recognition, health inspection, and maturity evaluation within a
unified pipeline is a huge improvement over present silo-based methods.

Potential challenges can be encountered in the following scenarios:

= Low image quality or occlusion of leaf components.



Al-Based Ayurvedic Leaf Analysis and Recommendations 1031

* Small datasets for infrequent plant species.
= Generalization to leaves with similar visual characteristics across species.

Nonetheless, the modularity of the pipeline means that each phase (LeafSense,
HealthGuard, AyurCheck) can be separately optimized and scaled. The discussion
will be continued after evaluation to cover real-world testing and performance with
noisy datasets.

Conclusion

While there has been tremendous advancement in plant identification and disease
diagnosis by Al and ML meth- ods—specifically convolutional neural networks
(CNNs)—their implementation within the field of Ayurvedic healing practices
is still far from extensive and even unexploited. The conventional methods fail
to incorporate important Ayurvedic concepts like plant maturity and efficacy
correlation.

This research introduces a complete Al-based framework specific to Ayurvedic
applications, combining plant species recognition, health condition analysis, and a
new maturity mapping technique. Through the incorpo- ration of purpose-specific
medicinal suggestions, the system adheres to Ayurveda’s fundamental belief that
the

medicinal properties of a plant significantly differ through various growth stages.
This end-to-end pipeline not only increases the diagnostic accuracy but also widens
the applied feasibility of Al techniques in the area of conventional medicine. The
developed model caters to actual real-world complications such as variation in leaf
anatomy and disease symptom, and proves impressive accuracy in its multi-step
inference framework. It marks a giant leap toward digitalizing and mechanizing
Ayurvedic plant knowledge with data-based approaches.

Looking forward, future work would investigate the integration of advanced feature
selection methods, adaptive learning mechanisms, and real-time response functions.
These enhancements will further enhance the robustness, efficiency, and
generalizability of the system, making it more effective under a wide range of
environmental conditions and plant species. In the end, the work here presented
advances the sustainable marriage of technology and traditional ecological
knowledge in support of environmentally friendly agricultural practices and more
informed, effective, and tailored medicinal plant use.
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