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Abstract—Tobacco crop productivity is significantly affected
by leaf diseases, which often remain undetected at early stages
due to strong visual similarity among symptoms. Automated
disease identification can assist farmers in timely diagnosis and
effective disease management. This paper proposes an end-to-
end tobacco leaf disease detection and advisory framework that
integrates deep learning—based visual analysis with knowledge-
driven information retrieval. Discriminative Information En-
hanced Contrastive Vision Transformer (DIEC-ViT) is employed
for disease classification using a tobacco-specific leaf image
dataset. The proposed model achieves a test accuracy of 88.61%,
outperforming baseline Convolutional Neural Network (CNN),
ResNet, and Recurrent Neural Network (RNN) models in terms of
accuracy, convergence stability, and generalization performance.
To enhance practical usability, a structured tobacco disease
knowledge base is semantically encoded using sentence embed-
ding algorithms and indexed with FAISS for efficient similarity-
based retrieval. A retrieval-augmented generation (RAG) mech-
anism is further incorporated to ensure that advisory responses
remain factual, reliable, and explainable. Experimental results
demonstrate that the integration of transformer-based visual
modeling with semantic retrieval significantly improves both
disease recognition and decision-support capability. The proposed
framework offers a robust and deployable solution for intelligent
tobacco disease management in real-world agricultural settings.

Index Terms—Vision Transformer, Tobacco Leaf Disease De-
tection, Plant Disease Classification, Retrieval-Augmented Gen-
eration, FAISS, Precision Agriculture

1. INTRODUCTION

Tobacco is a highly valuable commercial crop whose yield
and quality are significantly affected by foliar diseases. Dis-
eases such as Brown Spot, Frog Eye, Mosaic, Potato Virus Y,
Alternaria Alternata, and Cercospora Nicotianae often show
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similar early symptoms, making manual diagnosis difficult.
Incorrect or delayed identification can lead to improper treat-
ment, excessive pesticide use, and substantial yield loss.

Recent developments in computer vision and deep learning
have enabled automated plant disease detection using leaf
images. While Convolutional Neural Networks (CNNs) are
widely used, they often struggle to capture global spatial
relationships. Vision Transformers (ViTs), with their self-
attention mechanism, overcome this limitation by modeling
long-range dependencies and have shown strong performance
on plant disease datasets.

However, most existing approaches focus only on disease
classification and lack practical advisory support. Farmers
require actionable insights such as symptoms, causes, and
treatment recommendations. Additionally, many models are
trained on generic datasets and do not address tobacco-specific
disease characteristics.

To address these limitations, this work proposes an intelli-
gent tobacco leaf disease detection and advisory system. The
system integrates a custom-trained Vision Transformer with
a semantic retrieval framework. A tobacco-specific dataset is
used to train the model, while preprocessing techniques ensure
robust performance.

A structured knowledge base is developed containing dis-
ease descriptions, symptoms, causes, and treatment meth-
ods. Sentence embeddings and FAISS-based similarity search
are used to enable efficient semantic retrieval. A retrieval-
augmented generation (RAG) approach ensures that responses
are accurate and grounded in the knowledge base. A tool-
based agent coordinates image-based disease detection and
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text-based query handling.

The system is deployed using a Flask-based web interface,
allowing users to upload images or ask queries interactively.
By combining classification with explainable advisory support,
the proposed system provides a practical decision-support tool
for tobacco disease management and can be extended to other
Crops.

II. RELATED WORK

Automated plant disease detection using image-based anal-
ysis has received significant attention due to its ability to
improve crop health monitoring and reduce yield losses. Early
approaches employed traditional machine learning techniques
with handcrafted features such as color histograms, texture
descriptors, and shape features [1]. Although effective in
controlled settings, these methods lacked robustness to illu-
mination variations, background clutter, and visually similar
disease symptoms. The introduction of deep learning, par-
ticularly Convolutional Neural Networks (CNNs), marked a
major advancement in plant disease classification. Mohanty
et al. demonstrated that deep CNN architectures significantly
outperform traditional methods on leaf disease datasets [2].
Several studies extended CNN-based models to tobacco crops,
reporting improved classification accuracy using field-acquired
images [3], [4]. However, CNNs mainly learn local spatial
features and often fail to capture long-range dependencies
when disease symptoms are irregularly distributed across leaf
surfaces. To overcome these limitations, deeper architectures
such as Residual Networks (ResNet) were introduced to en-
hance feature reuse and generalization [5], [6]. More recently,
Vision Transformers (ViTs) have emerged as a powerful al-
ternative by modeling global contextual relationships through
self-attention mechanisms [7]. ViT-based models have demon-
strated superior performance over CNNs in plant disease
classification, particularly for visually subtle and spatially
dispersed symptoms [8], [9]. Nevertheless, most existing ViT-
based approaches rely on generic plant datasets and lack crop-
specific adaptation for real-world agricultural deployment.

In parallel, agricultural decision-support systems have in-
creasingly integrated natural language processing techniques
to complement visual disease detection. Sentence embedding
methods enable the conversion of unstructured disease de-
scriptions into dense semantic representations while preserving
contextual meaning [10]. Efficient similarity search libraries
such as FAISS support fast and scalable retrieval of relevant
disease information from large knowledge bases [11]. Fur-
thermore, retrieval-augmented generation (RAG) frameworks
have been proposed to ground language model outputs in
retrieved factual content, thereby improving the reliability and
explainability of generated recommendations [12].

Beyond agriculture, optimization-enhanced machine learn-
ing and hybrid deep learning frameworks have demonstrated
improved robustness and predictive performance in medical
diagnostic systems. Cuckoo search and bat search optimiza-
tion—based feature selection techniques have been successfully
applied to complex classification problems, highlighting the
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benefits of hybrid optimization strategies [13], [14]. Addition-
ally, hybrid CNN and machine learning models using deep
visual features have shown strong performance in real-world
identification tasks [15]. Feature representation and similarity-
based retrieval methods [16], along with optimization-enabled
deep learning frameworks for scalable decision-support sys-
tems, further support the integration of advanced learning,
retrieval, and optimization techniques [17].

Despite these advances, most tobacco disease detection
studies remain limited to disease classification and do not
extend to advisory or recommendation systems. This re-
search addresses this gap by proposing a tobacco-specific
Vision Transformer—based disease detection framework inte-
grated with sentence embedding—based semantic retrieval and
retrieval-augmented generation, enabling accurate diagnosis
alongside reliable, knowledge-driven decision support.

III. PROPOSED METHODOLOGY

This section presents the detailed methodology of the pro-
posed tobacco leaf disease detection and advisory system.
The overall framework consists of four major stages: image
preprocessing, Vision Transformer—based disease classifica-
tion, semantic knowledge representation and retrieval, and
intelligent response generation. Each stage is designed to
operate independently while contributing to a unified end-to-
end decision support system.

The proposed system follows a modular architecture con-
sisting of four primary components:

(i) Image preprocessing and disease detection

(i1) Disease knowledge representation and semantic embedding
(iii) Similarity-based information retrieval and response gen-
eration

(iv) Intelligent agent orchestration and user interaction.

User inputs in the form of leaf images or textual queries
are processed through the appropriate computational pipeline.
Image inputs trigger the Vision Transformer—based disease
classification module, while text-based queries invoke seman-
tic retrieval from the disease knowledge base. The system
ensures seamless integration between vision-based detection
and language-based advisory generation.

A. Dataset overview

The proposed system employs two complementary datasets
to support both visual disease detection and knowledge-driven
advisory generation. The primary dataset consists of tobacco
leaf images obtained from the Roboflow Tobacco Leaf Disease
Classification dataset. This dataset includes 2,540 original
images, which were expanded to 15,240 images through exten-
sive data augmentation techniques such as rotation, flipping,
brightness variation, contrast adjustment, and zooming to
improve model generalization and mitigate class imbalance.
All images were standardized to a resolution of 640 x 640
pixels and categorized into ten classes: Alternaria alternata,
Brown spot, Cercospora nicotianae, Frog eye, Healthy, Mosaic,
No cercospora nicotianae, Potato virus Y, Target spot, and
Weather fleck. The dataset captures diverse disease symptoms
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under varying illumination, background, and leaf orientation
conditions, enabling robust training and evaluation of the
Vision Transformer—based classification model.

In addition to the image dataset, a structured tobacco disease
knowledge base was developed to support recommendation
and advisory generation. This secondary dataset contains
curated textual information for each disease class, including
disease descriptions, symptom characteristics, occurrence con-
ditions, preventive measures, and natural treatment recommen-
dations. The knowledge dataset is processed using sentence
embedding techniques and indexed for efficient semantic re-
trieval, allowing the system to provide explainable and context-
aware guidance following disease detection. The combined
use of a tobacco-specific image dataset and a domain-driven
knowledge base enables the proposed framework to perform
accurate disease classification while delivering actionable de-
cision support, thereby extending beyond conventional image-
based plant disease detection approaches.

1) Preprocessing: All input tobacco leaf images undergo
a standardized preprocessing pipeline prior to model training
and inference. Initially, images are resized to a fixed resolution
of 224 %224 pixels to satisfy the input requirements of the
Vision Transformer architecture. Pixel intensity values are
normalized using channel-wise mean and standard deviation
to reduce illumination variations and stabilize model optimiza-
tion. The preprocessed images are then converted into tensor
representations suitable for deep learning frameworks.

Formally, given an input image ER*”*" <€, the prepro-
cessing operation is defined as:

I' = P(/) = Normalize Resize(/, 224 x 224) (D)

Prior to training, offline data augmentation is applied to the
original dataset to expand its size and diversity. Geometric
transformations include random rotation within #£25°, hori-
zontal and vertical flipping, and shift—scale-rotate operations
to simulate variations in leaf orientation, position, and scale.
Photometric augmentations such as random brightness and
contrast adjustment are used to model illumination changes.
Additionally, Gaussian noise injection and blur augmentation
are employed to improve robustness against sensor noise and
focus variations. The augmentation process can be expressed
as:

I"=A(/)=T(/;0) +€ Q)

where T ) represents the applied spatial and photometric
transformations parameterized by U, and € denotes additive
noise. This offline augmentation strategy is performed before
model training to construct an enriched dataset, enabling
the Vision Transformer to learn invariant and discriminative
features and thereby improving generalization performance in
tobacco leaf disease classification.

B. Vision Transformer—Based Disease Detection

In the proposed system, tobacco leaf disease classification
is performed using a Vision Transformer (ViT) architecture
that models an image as a sequence of visual tokens. Each
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Fig. 1. Representative samples from the tobacco leaf disease dataset

input image / RY*W <€ after undergoing preprocessing
and normalization, is resized to a fixed spatial resolution of
224 %224 pixels. The resized image is then divided into a
set of non-overlapping square patches of size Px P, where
P = 16. The total number of patches N generated from an
image is given by

HxW
Tpz 3

which results in N = 196 patches for the adopted config-
uration. Each patch captures local visual information from

N =
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Fig. 2. Flowchart of the proposed ViT-based disease detection and retrieval-augmented advisory framework

a distinct region of the tobacco leaf while enabling global
reasoning in subsequent stages. Each image patch is flattened
into a one-dimensional vector xie RP“C and projected into
a latent embedding space of dimension D through a trainable
linear transformation, defined as

zi = XiE

Q)

where E € R(P“O*P denotes the learnable patch embedding
matrix. This embedding process maps all patches to a uniform
feature space, allowing them to be processed as a sequential in-
put. Since transformer models lack inherent spatial awareness,
positional information is explicitly incorporated by adding
learnable positional embeddings. In addition, a learnable clas-
sification token zqs €RP is prepended to the patch sequence.
The resulting input sequence to the transformer encoder is
expressed as

20 = [zcs; 21; 225 ... ; Zn ] + Epos

Q)

where Epos ERVF*P represents the positional embedding
matrix. This formulation preserves spatial relationships while
enabling global attention across the image. The embedded
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sequence is processed through a stack of transformer encoder
layers, each consisting of a multi-head self-attention (MHSA)
mechanism followed by a position-wise feed-forward network.
For an encoder input ZR(+ 1P the query, key, and value
matrices are computed as

Q=ZWq, K =ZWk V =ZWv ©6)

where Wa, Wk, Wy € RDx>dk are learnable projection ma-
trices. The self-attention operation is defined as

;
Attention(Q, Kk, /) = softmax %dL v @)
k
This mechanism enables each patch to attend to all others,
allowing the model to capture long-range spatial dependencies
and contextual relationships between distant disease regions.
Multiple attention heads operate in parallel to learn diverse fea-
ture interactions. Following the self-attention block, a position-
wise feed-forward network (FFN) enhances non-linear feature
learning and is defined as

FFN(x) = GELU(xW1 + b1)W2 + b2 ®)
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Residual connections and layer normalization are applied
around both the self-attention and feed-forward modules to
stabilize training. The output of the /-th encoder layer is
computed as

Z = FFN(MHSA(LN(Z1-1))) + Z-1 ©)

After passing through all transformer encoder layers, the final
representation corresponding to the classification token zgs is
extracted. This vector aggregates global contextual information
from all image patches. The classification head consists of a
fully connected layer followed by a softmax activation:

y" = softmax(Wezis + bc)

(10)

where Wc and bc are learnable parameters, and y~ denotes the
probability distribution over tobacco disease classes.

C. Semantic Representation of Disease Information

In the proposed framework, disease-related knowledge is
represented in a semantic vector space to enable meaning-
based retrieval rather than keyword-based matching. The tex-
tual knowledge base consists of structured entries describing
tobacco diseases, including symptoms, occurrence conditions,
preventive measures, and natural treatment recommendations.
These textual entries are unstructured in nature and therefore
require transformation into a numerical form that preserves
semantic meaning for computational processing.

To achieve this, each disease-related text s is encoded
into a dense, fixed-dimensional vector representation using a
sentence embedding algorithm. The embedding function ¢(-)
maps a text sequence to a vector ¢(s) € RY, where d denotes
the embedding dimension. This transformation is learned such
that semantically similar texts are located closer to each other
in the embedding space, while unrelated texts are positioned
farther apart. As a result, disease descriptions sharing similar
symptoms or treatment strategies exhibit high similarity even
if they differ in vocabulary or phrasing.

In the implemented system, all disease descriptions and
advisory texts in the knowledge base are preprocessed and
encoded offline to generate their corresponding embedding
vectors. These embeddings form a compact semantic index
that captures the contextual relationships between different
tobacco diseases and their associated management practices.
When a disease is detected by the Vision Transformer model,
a query text corresponding to the predicted disease name or
symptom description is encoded using the same embedding
function, ensuring consistency within the semantic space.

The relevance between a query text si and a candidate
knowledge entry s2 is computed using cosine similarity, de-

fined as:
d(s1) - d(s2)
lep(s1) I llp(s2)

Cosine similarity measures the angular distance between
two embedding vectors and is invariant to vector magnitude,
making it well suited for comparing high-dimensional seman-
tic representations. Higher similarity values indicate greater

(11

Sim(sy, s) =
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semantic relevance between the query and the retrieved disease
information.

In the proposed system, similarity scores are used to rank
all disease knowledge entries, and the top-matching entries are
selected as relevant advisory content. This retrieval process
ensures that the generated recommendations are grounded
in semantically related, crop-specific information rather than
generic or unrelated text. By leveraging dense semantic rep-
resentations and cosine similarity-based retrieval, the system
achieves accurate, explainable, and context-aware access to
tobacco disease knowledge, forming a critical component of
the overall retrieval-augmented advisory framework.

D. FAISS-Based Similarity Search

To enable efficient and meaning-based retrieval of to-
bacco disease information, all textual entries in the disease
knowledge base—including disease descriptions, symptoms,
occurrence conditions, preventive measures, and natural reme-
dies—are converted into dense semantic vector representations
using a sentence embedding algorithm. Each textual document
s is mapped to a fixed-length embedding vector ¢(sg R,
where semantically similar disease descriptions are positioned
closer in the embedding space.

These embeddings are indexed using FAISS (Facebook
Al Similarity Search), which enables a fast and scalable
similarity search even for large knowledge repositories. During
inference, a user query or detected disease name is converted
into a query embedding g. FAISS retrieves the top-k most by
minimizing the Euclidean distance between the query vector
and stored embeddings:

(12)

where v; represents the stored embedding of the i-th disease
document. This approach ensures low-latency retrieval while
preserving semantic relevance, making it suitable for real-time
advisory systems.

i* = arg min||g— vi||»
i

E. Retrieval-Augmented Generation

To ensure that generated advisory responses remain factual,
reliable, and explainable, a Retrieval-Augmented Generation
(RAG) framework is employed. Instead of generating re-
sponses purely from a language model’s internal knowledge,
the system constrains generation using disease-specific infor-
mation retrieved through FAISS.

Let x denote the user query or detected disease label and r €
R represent the retrieved disease documents. The conditional
probability of generating a response y is defined as:

Ply | x) =
reR
This formulation ensures that the generated output is
grounded in retrieved factual content, significantly reducing

Py | x,r)P(r|x) (13)

hallucinations and improving interpretability. In the proposed
system, the information retrieved from tobacco diseases is
passed as a contextual input to the language generation
module, which synthesizes coherent and actionable advisory
recommendations for farmers.
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F. Intelligent System Orchestration and Deployment

An intelligent agent is used to coordinate the execution
of the proposed system by dynamically selecting processing
pathways based on the input modality. Image-based inputs trig-
ger the Vision Transformer—based disease detection module,
followed by semantic retrieval and advisory generation, while
text-based queries directly invoke the retrieval and response
generation components. This adaptive orchestration ensures
seamless integration between vision and language modulesss.

The complete framework is deployed as a Flask-based
web application, integrating disease detection, semantic em-
bedding, FAISS retrieval, retrieval-augmented generation, and
agent logic within a unified backend. Methodologically, the
proposed system extends traditional disease classification ap-
proaches by providing an end-to-end decision-support frame-
work that combines automated diagnosis with explainable,
knowledge-driven recommendations for tobacco disease man-
agement.

IV. EXPERIMENTAL RESULTS AND DISCUSSION

This section presents the experimental evaluation of the
proposed tobacco leaf disease detection system and provides
a comparative analysis against baseline deep learning mod-
els. The performance of the Vision Transformer (ViT)-based
model is evaluated using standard classification metrics and
compared with Convolutional Neural Network (CNN), ResNet,
and Recurrent Neural Network (RNN) architectures to demon-
strate the effectiveness of the proposed approach.

A. Experimental Setup

All models were trained and evaluated on the same tobacco
leaf dataset to ensure a fair comparison. The dataset was
divided into training, validation, and test sets. Image prepro-
cessing techniques, including resizing to 224 x 224 pixels and
normalization, were consistently applied across all models.
The following architectures were evaluated:

- Vision Transformer (ViT)

- Convolutional Neural Network (CNN)

- ResNet

- Recurrent Neural Network (RNN)

Model performance was assessed using training accuracy, val-
idation accuracy, test accuracy, loss curves, confusion matrix,
and classification metrics

B. Model Comparison Based on Accuracy

Table 1 presents the best validation accuracy and test
accuracy achieved by each model.

TABLE I
PERFORMANCE COMPARISON OF DIFFERENT MODELS
Model Best Validation Accuracy (%) | Test Accuracy (%)
Vision Transformer (ViT) 99.64 88.61
ResNet 99.60 85.33
CNN 71.73 62.56
RNN 60.40 ~60
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Discussion: The Vision Transformer achieved the highest
validation and test accuracy among all evaluated models.
While ResNet demonstrated strong performance, it slightly
underperformed compared to ViT in terms of generalization
on unseen test data. CNN showed moderate learning capa-
bility, whereas RNN performed poorly due to its inability to
capture spatial features effectively, confirming that RNNs are
unsuitable for image-based disease detection tasks.

Best Validation vs Test Accuracy

ResNet

100 BN Best Val Acc
Test Acc

80 1
60
40 1
201
VIT CNN RNN

Fig. 3. Comparison of best validation accuracy and test accuracy across
different models

Accuracy (%)

o

C. Training and Validation Accuracy Analysis

Figures illustrating training accuracy vs epoch and valida-
tion accuracy vs epoch show the convergence behavior of all
models. Observations:

- ViT and ResNet converge rapidly within the first few
epochs.

- ViT maintains consistently high validation accuracy close
to 100%indicating strong generalization.

- CNN exhibits slower convergence and lower accuracy.
- RNN demonstrates unstable and weak learning trends.

Training Accuracy vs Epoch

Training Accuracy (%)
@
3

—— ViT Train
CNN Train

—— ResNet Train

—— RNN Train

0 5 10 15 20 25
Epoch

Fig. 4. Training accuracy versus epoch for ViT, CNN, ResNet, and RNN
models

Discussion: The self-attention mechanism of ViT enables
effective modeling of long-range dependencies in leaf images,
resulting in faster convergence and superior performance com-
pared to convolution-based and sequential models.
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Validation Accuracy vs Epoch

80

60

Validation Accuracy (%)

— ViT val
CNN Vval

—— ResNet Val

—— RNN val

0 5 10 15 20 25
Epoch

Fig. 5. Validation accuracy versus epoch for ViT, CNN, ResNet, and RNN
models

D. Loss Curve Analysis

The training and validation loss curves for the Vision
Transformer model are shown in Figure 6. Discussion: Both

Loss Curve

—— Train Loss
0.3 4 Val Loss

0.2 4
0.1+
0.0

4 e~ \/

0 5 10 15 20

Fig. 6. Training and validation loss curves across epochs

training and validation losses decrease steadily with mini-
mal divergence, indicating stable learning and the absence
of overfitting. The slight fluctuations observed during later
epochs are attributed to learning rate adjustments and data
variability. Overall, the loss behavior confirms the robustness
of the proposed model.

E. Confusion Matrix Analysis

The confusion matrix for the Vision Transformer model is
presented in Figure 7.

F. Classification Report Analysis

Table 2 summarizes precision, recall, and F1-score for each
disease class. Overall Accuracy: 88.6%
Macro Average F1-score: 0.87
Weighted Average F1-score: 0.88
Discussion: The classification report confirms balanced per-
formance across disease classes. High Fl-scores for most
categories indicate effective feature learning and robust clas-
sification. The slightly lower precision and recall for a few
classes can be attributed to limited inter-class visual variation.
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Fig. 7. Confusion matrix illustrating the classification performance of the
proposed model

TABLE I
CLASSIFICATION REPORT WITH ACCURACY FOR VISION TRANSFORMER
MODEL
Class Precision | Recall | F1-Score | Accuracy
Class 0 0.73 0.77 0.75 0.77
Class 1 0.82 0.72 0.76 0.72
Class 2 1.00 1.00 1.00 1.00
Class 3 1.00 0.88 0.93 0.88
Class 4 0.88 0.93 091 0.93
Class 5 0.75 0.74 0.75 0.74
Class 6 0.77 091 0.83 091
Class 7 0.90 0.88 0.89 0.88
Class 8 0.92 0.88 0.90 0.88
Class 9 0.97 0.99 0.98 0.99

G. Discussion of Experimental Findings

The experimental evaluation demonstrates that the proposed
Vision Transformer consistently outperforms CNN and RNN-
based models across all evaluation metrics. The improved
performance can be attributed to the model’s ability to capture
global contextual information through self-attention mecha-
nisms. Unlike convolutional models that focus on localized
features, the transformer architecture enables holistic learning
of disease patterns distributed across the leaf surface. The
relatively lower performance of RNN further confirms that
sequential models are not suitable for spatial image analysis
tasks. These findings validate the effectiveness of transformer-
based architectures for complex agricultural disease detection
problems.

V. COMPARATIVE DISCUSSION

The comparative study highlights clear performance differ-
ences among the evaluated deep learning architectures. The
Vision Transformer demonstrates the strongest generalization
capability across validation and test datasets, outperforming
CNN, ResNet, and RNN models. This superior performance
is attributed to the self-attention mechanism, which enables ef-
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fective modeling of global spatial dependencies across tobacco
leaf images.

ResNet serves as a strong convolutional baseline due to its
residual learning framework, which improves gradient flow
and stabilizes deep feature learning. Although ResNet achieves
high validation accuracy, its reliance on localized convolution
operations limits its ability to capture long-range contextual
information, resulting in slightly reduced generalization per-
formance when compared to the Vision Transformer.

Conventional CNN models show moderate performance
by effectively learning local texture patterns but struggle
with complex disease distributions and irregular symptom
localization. Recurrent Neural Networks exhibit the weakest
performance, confirming their unsuitability for spatial image
classification tasks. Overall, these findings validate the adop-
tion of transformer-based architectures for agricultural image
analysis and support their integration into precision agriculture
decision-support systems.

VI. KEY FINDINGS

The experimental evaluation confirms that the Vision Trans-
former achieved the highest test accuracy of 88.61%, demon-
strating superior generalization performance compared to
CNN and ResNet architectures. The model exhibited faster
convergence and stable loss behavior during training, indi-
cating effective optimization and reduced overfitting. Fur-
thermore, the transformer-based attention mechanism enabled
improved discrimination between visually similar disease
classes by capturing global spatial dependencies across the
leaf surface. These characteristics collectively highlight the
effectiveness of attention-driven feature learning and provide
strong empirical evidence supporting the adoption of Vision
Transformer architectures over conventional CNN-based meth-
ods for tobacco leaf disease detection.

VII. CONCLUSION

This paper proposed an intelligent tobacco leaf disease
detection and advisory framework that integrates deep learn-
ing—based visual analysis with knowledge-driven information
retrieval. A customized Vision Transformer (DIEC-ViT) was
employed for disease classification using a tobacco-specific
image dataset and demonstrated superior performance over
CNN, ResNet, and RNN models in terms of accuracy and
generalization.

To enhance practical usability, a structured tobacco disease
knowledge base was developed and semantically indexed using
sentence embeddings and FAISS for efficient retrieval. The
incorporation of a retrieval-augmented generation mechanism
ensured that advisory responses were factual, reliable, and
explainable. The system was deployed as a web-based ap-
plication, validating its feasibility for real-world agricultural
use.

Overall, the proposed framework effectively combines dis-
ease classification, semantic retrieval, and advisory intelli-
gence within a unified architecture, highlighting the potential
of transformer-based models and semantic search techniques
for precision agriculture applications.
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VIII. LIMITATIONS AND FUTURE WORK

Although the proposed tobacco leaf disease detection and
advisory system demonstrates strong performance and practi-
cal applicability, certain limitations remain. The tobacco leaf
image dataset used in this study is limited in size and primarily
consists of images captured under controlled environmental
conditions. As a result, the model’s performance under real-
field conditions with varying illumination, background noise,
and occlusions has not been fully explored.

Additionally, the current framework is designed to predict

a single disease class per input image. In real agricultural sce-
narios, multiple diseases may coexist on the same leaf, which
is not addressed in the present implementation. Furthermore,
disease severity estimation, which could provide more precise
treatment recommendations, is beyond the scope of this study.

Future work will focus on expanding the dataset with large-
scale, real-field images collected across different growth stages
and environmental conditions to improve model robustness and
generalization. The framework can also be extended to support

multi-disease detection and severity grading. Optimization

for mobile and edge-device deployment will be explored
to enable real-time, on-field diagnosis. Moreover, integrating
multilingual advisory support and explainable visualization
techniques, such as attention heatmaps, can further enhance
system transparency, accessibility, and user trust.
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