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ABSTRACT

Early identification of plant diseases is crucial for maintaining agricultural productivity and ensuring food security. Manually
inspecting crop leaves takes a lot of time and requires expertise, making automated disease detection systems very helpful. This paper
presents a framework for detecting leaf diseases in multiple crops that combines deep learning-based classification, explainable
artificial intelligence, and large language model-assisted diagnosis. The system uses MobileNetV2 as the main convolutional neural
network to classify leaf diseases from three major crops: potato, maize (corn), and grapes. The dataset is split into 80 percent for
training and 20 percent for validation and testing. To improve the transparency of the predictions, Grad-CAM highlights important
areas of the leaf that affect the model's decisions. Additionally, a large language model module creates human-readable diagnostic
explanations and treatment suggestions for the detected diseases. Experimental evaluation shows that the proposed system achieves
high classification accuracy and enhances the interpretability of the model predictions. The combination of explainable Al and LLM-
based recommendations offers a useful decision-support tool for agricultural applications.
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I. INTRODUCTION insights from large datasets, pre-trained models like
MobileNetV2 help with effectivefeature extraction.
Moreover, Explainable Al techniques like Gradient-
weighted Class Activation Mapping (Grad-CAM)
enhance model transparency by highlighting areas of
the image that influence predictions. This fosters trust
and understanding of the model’s decision-making
process.

This article presents a deep learning-based system
for detecting plant diseases across multiple crops. It
uses leaf images to identify diseases in various crops
such as potatoes, corn, and grapes. For accurate and
efficient classification, a lightweight MobileNetV2
architecture is employed. Addition-ally, the system
includes an Al-based advising module that provides

ha\l/(e s,: O“Im 1mpr6581;/ N resuéts n 1m2;rge c12.1551ﬁca(11tlon practical suggestions for managing diseases, making it
tasks by learning relevant tfeatures from input data. more useful for end-users.

These models can recognize complex patterns like leaf By offering an effective, scalable, and

g%igoloran{)n, lct1:§1ons, and texture variations linked to understandable method for early detection of plant
tferent plant diseases. diseases, the proposed system aims to boost

Recently, transfer learning has become popular as a agricultural productivity and improve decision-making.
way to improve model performance while reducing The main contributions of this work include:
training time and computational costs. By using
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To maintain food security and support the global
economy, agriculture is crucial. In many developing
countries, a large part of the population depends on
agriculture for their liveli-hood. However, various
challenges often hinder agricultural productivity, with
plant diseases being a major issue. If these diseases
are not detected and treated promptly, they can lead to
significant yield losses, reduced crop quality, and
financial difficulties for farmers.

Thanks to advancements in technology, artificial
intelligence (AI) and deep learning techniques have
become effective tools for automated plant disease
detection. Convolutional Neural Networks (CNNs)
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- Development of a multi-crop plant disease
detection model using MobileNetV2.

- Integration of Grad-CAM for visual explanation of
model predictions.

- Implementation of LLM-assisted disease
diagnosis and treatment recommendations.

- Experimental evaluation on leaf image datasets
from potato, maize, and grape crops.

II. RELATED WORK

Automated identification of agricultural crop
anomalies has evolved significantly through modern
computer vision pipelines. Early methodologies relied
heavily on handcrafted feature descriptors, isolating
superficial visual attributes such as surface coloration,
structural textures, and boundary mor-phology.
However, these localized approaches frequently suf-
fered from poor generalization when subjected to
shifting field environments, demanding intensive
human intervention for feature extraction. The advent
of deep neural networks—most notably convolutional
architectures like AlexNet, VGGNet, and ResNet—
marked a turning point by replacing human-designed
features with automated, multi-layered abstract fea-ture
learning from raw leaf imagery. More recently, investi-
gators have incorporated attention mechanisms into
standard CNN designs to enhance feature
distinctiveness, mitigating

background noise across complex, multi-crop
environments [1].

Leveraging pre-trained knowledge bases has further
accel-erated progress in agricultural computer
vision. By adapt-ing deep neural frameworks
originally initialized on vast, diverse repositories like
ImageNet, researchers can effectively specialize
networks for targeted botanical diagnostics. This
transfer learning strategy delivers highly precise
classification boundaries, even when working with
sparse or highly re-stricted regional datasets. Building
on these transferable layers, modern implementations
emphasize lightweight backbones like MobileNetV2.
When coupled with mathematical saliency mappings,
these compact networks successfully illuminate
critical spatial points of interest, ensuring that the
internal reasoning of resource-constrained models
remains clear and auditable [2].

Current research trends prioritize optimizing the
delicate trade-off between strict inference metrics and
real-time opera-tional efficiency on edge hardware.
Contemporary  frameworks are specifically
engineered to minimize latency constraints while
preserving top-tier predictive accuracy in unstable
envi-ronments. To improve user trust and operational
transparency, Explainable AI (XAI) frameworks
have transformed from passive verification
mechanisms into core design requirements, allowing
domain experts to validate model dependencies

through localized visual focus heatmaps. Beyond
classical isolated vision networks, recent pioneers are
designing multi-modal architectures that marry
image-based deep classifiers with Large Language
Models (LLMs) to synthesize cohesive, human-
readable diagnostic narratives and actionable treat-
ment advice [3]. Navigating this expanding
environment of advanced topologies, hyperparameter
configurations, public benchmark collections, and
implementation trends demands a comprehensive,
comparative analysis of active systems [4].
Concurrently, generative text frameworks are being
explored to augment visual attention heatmaps with
descriptive  linguis-tic  justifications tailored for
agricultural decision-making [17]. Despite these
incremental milestones, a notable gap persists in
current literature regarding a unified, cohesive
architec-tural framework that seamlessly fuses deep
visual networks, localized explainability tools, and
conversational LLM-driven

diagnostics into a single interface.

III. PROPOSED METHODOLOGY

The suggested solution uses a multi-stage
processing pipeline to automatically detect plant
diseases. The platform combines a big language model
for diagnostic help, Grad-CAM for visual explanation,
and deep learning categorization.

The following steps make up the system workflow:

1) Leaf image acquisition

2) Image preprocessingDisease classification using
MobileNetV2

3) Explainable Al using Grad-CAM

A. LLM-assisted disease diagnosisDataset Description

The dataset used in this study contains leaf
images from three crops:

- Potato

- Maize (Corn)

- Grapes

Each crop contains images representing both healthy
leaves and diseased leaves. Examples of diseases
included in the dataset are:

- Potato Early Blight

- Potato Late Blight

- Maize Leaf Blight

- Grape Black Rot

The dataset is divided into two main subsets:

- Training dataset: 80%

- Validation and testing dataset: 20%

B. Image Preprocessing

A number of preprocessing techniques are used
to get the pictures ready for model training. A fixed
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resolution of 224x224 pixels is applied to all photos. In
order to increase training stability, pixel values are
normalized. To improve dataset diversity and lessen
overfitting, data augmentation techniques including
rotation, flipping, and zooming are also used.

C. MobileNetV2 Based Disease Detection

The main deep learning architecture for classifying
dis-eases is MobileNetV2. The architecture maintains
good clas-sification performance while reducing
computing complexity through the use of inverted
residual blocks and depthwise separable convolutions.

The model is initialized with weights pretrained on
the ImageNet dataset in order to use transfer learning.
The number of disease classes in the dataset is reflected
in the final classification layer.

D. Explainable Al using Grad-CAM

Grad-CAM is used to create visual explanations for

the an-ticipated illness classes in order to enhance the
interpretability of the model. The areas of the leaf
image that most influenced the model’s prediction are
highlighted in the heatmap that Grad-CAM generates.
This boosts confidence in the automated system by
enabling users to confirm whether the model is
concentrating on the diseased areas of the leaf.

E. LLM-Assisted Diagnosis

A large language model module receives the
anticipated label once the disease class has been
predicted by the model. A textual description of the
illness, including potential causes, suggested
treatments, and preventative actions, is produced by the
LLM.

This element aids farmers and other agricultural
profession-als in comprehending the identified illness
and implementing the necessary measures.

TABLE I: Comparison of Existing Methods with Proposed System

Refer Methodology Datase Accu Key Features Limitations
ence t racy
(%)
[1] CNN + Multi- ~95. High feature Sensitive to
Attention crop 4 clarity via highly varied
Mecha- Standar attention back-
nism d maps ground noise
Dataset
[2] MobileNetV2 Custo ~96. Highly efficient, Saliency maps
+ Grad-CAM m 2 edge-ready ar- degrade under low
Multi- chitecture light
crop
Dataset
[3] Deep Hybrid Public{~97. Combined visual- Large
Learning  + Private 1 textual explana- computational
LLM Inte- Core tion model footprint
gration during inference
[4] Al Multi- IN/A Deep dive into Lacks direct real-
Framework source model constraints time hardware
Survey Bench and setups profiling
marks
[5] Deep Transfer Pre- ~98 Effective with Heavy
Learning trained limited datasets dependency on
Models source
dataset domain
Propo CNN + Real- 95— Real-time Depends on
sed Preprocessin time + 97 detection with image quality
Syste g + Cus- ex-
m Augmentatio tom plainability
n

IV. IMPLEMENTATION

Deep learning models, explainable Al methods, and
an advice module are all integrated into a user-
interactive frame-work to achieve the suggested multi-

crop plant disease detec-tion system. The system is
built to provide real-time usage, precise forecasting,
and effective processing.
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Software implementation, hardware concerns,
algorithmic workflow, and system problems are the
four main parts of the implementation.

A. Software Implementation

Python is used in the development of the system’s
software because of its broad support for image
processing and machine learning libraries. The
TensorFlow and Keras frameworks, which offer high-
level APIs for constructing and training neural
networks, are used to create the deep learning model.

Libraries like OpenCV and NumPy are used to load
and preprocess the dataset. To increase training
efficiency, images are normalized and shrunk to 224
by 224 pixels. Keras Image-DataGenerator is used to
use data augmentation techniques to increase dataset
diversity.

Pre-trained ImageNet weights are imported into the
Mo-bileNetV2 architecture, and the top classification
layer is adjusted to meet the number of illness classes.
The categorical cross-entropy loss function and Adam
optimizer are used to compile the model.

The model learns disease-specific features from the
dataset over the course of several training epochs.
To keep an eye on model performance and avoid
overfitting, validation data is utilized.

The Streamlit framework was wused in the
development of the user interface, which allows users
to take photos of leaves and get real-time predictions.
The interface shows the Grad-CAM visualization,
advisory recommendations, projected dis-ease, and
confidence score.

B. Algorithm Description

The overall algorithm for disease detection and
analysis can be described as follows:

1) Input a leaf image through the user interface

2) Resize the image to 224x224 pixels

3) Normalize pixel values to a standard range

4) Pass the image to the MobileNetV2 model

5) Extract feature maps using convolutional layers

6) Apply Global Average Pooling to reduce feature
dimen-sions

7) Pass features through Dense layer with ReLU

activation

8) Apply Softmax function to obtain class
probabilities

9) Select class with maximum probability as
prediction

10) Compute confidence score from Softmax output

11) Generate Grad-CAM heatmap for explainability

12) Provide advisory output based on predicted
class

C. Code Implementation
The core implementation of the model is shown

below:

base model = MobileNetV2( weights="imagenet’,
include top=False, input shape=(224,224,3)
)

x=GlobalAveragePooling2D()(base model.output) x =
Dense(128, activation="relu’)(x)
output = Dense(11, activation="softmax’)(x)

model = Model( inputs=base model.input,
outputs=output

)

model.compile( optimizer="adam’,
loss="categorical_crossentropy’,
metrics=[’accuracy’]

)

D. Explainable Al Implementation

TensorFlow gradient operations are used to
implement Grad-CAM. The final convolutional layer’s
output is used to compute the gradients of the
anticipated class. A  heatmap that highlights
significant areas is created by averaging these gradients
to produce weights.

Using OpenCV, the heatmap is scaled and layered
on the original image to give a visual representation of
the model’s choice.

E. Advisory Module Implementation

Predicted disease classifications are mapped to
predeter-mined suggestions via the advisory module,
which is built as a rule-based system. Information on
each disease, including symptoms, causes, and
treatment options, is linked to it.The interface lets users
see the structured text output from the module. This
section can grow to include advanced large language
models for creating dynamic responses.

F. Hardware Considerations

Although the system is mainly software-based, it
relies on a few physical parts for deployment and
operation.

- Training System:A computer with GPU support
speeds up model training.

- Deployment System: A typical personal
computer or laptop is enough to run the trained
model.

- Mobile Devices: Smartphones can capture leaf
images and interact with the system.

Because MobileNetV2 is lightweight, it works well
on de-vices with limited resources without needing
much processing power.

G. System Deployment

Streamlit provides a web-based user interface for
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deploying the trained model. Users can upload images
to the system and receive predictions immediately.

The deployment process includes model loading,
image preprocessing, making predictions, and
showing results.

H. Challenges and Limitations

We faced several challenges during the system’s
implemen-tation:

- Class imbalance in the dataset led to biased
predictions for some classes.

- Similar visual features among different diseases
caused misclassification.

- Overfitting occurred during the early training
stages.

- Lack of interpretability in CNN models
lowered user trust.

We employed various techniques to address
these chal-lenges:

- Data augmentation was used to increase dataset
diversity.

- Fine-tuning improved model generalization.

- Regularization techniques reduced overfitting.

- Grad-CAM enhanced model interpretability.

Additionally, by incorporating advanced language
models for dynamic context-aware recommendations,
we can enhance the advisory module, which is
currently static.

While the system works well, there is potential for
improve-ment by expanding the dataset and
integrating real-time field data

V. EXPERIMENTAL RESULTS AND DISCUSSION

This section provides a thorough evaluation of the
proposed multi-crop plant disease detection system.
We use standard classification metrics to assess the
model’s performance. Train-ing behavior, prediction
accuracy, and interpretability are covered in
detail. Experimental Setup

We trained the model using the MobileNetV2
architecture with transfer learning. The dataset consists
of both healthy and diseased crop leaf images, divided
into 11 categories.

The dataset was divided as follows:

- Training set: 80%

- Validation set: 10%

- Testing set: 10%

Before being fed into the model, each image was
normalized and scaled to 224 x 224 pixels. We applied
data augmenta-tion methods like rotation, flipping, and
zooming to improve generalization.

The Adam optimizer with categorical cross-entropy
loss trained the model. We continued training until the
model converged over several epochs.

B. Evaluation Metrics

The performance of the model was evaluated
using the following metrics:

- Accuracy
- Precision
- Recall

- Fl-score

While precision and recall provide insights into
performance for each class, accuracy measures the
overall prediction accu-racy. The Fl-score represents
the harmonic mean of precision and recall.

C. Classification Performance

The proposed MobileNetV2-based model achieved
an over-all accuracy of 86.7 percent on the test dataset.
This indicates it can effectively distinguish between
various crop diseases.

D. Training Analysis

The training and validation accuracy curves show
stable learning behavior. The validation accuracy
closely follows the training trend, indicating minimal
overfitting, while the model’s accuracy steadily
increases over epochs.

The loss curves further support the model’s efficient
con-vergence with few fluctuations.

E. Confusion Matrix Analysis

A comprehensive picture of class-wise performance
is given by the confusion matrix. There is little
confusion between related disease categories, and the
majority of classes are correctly classified.

However, there is a little misclassification between
physi-cally comparable disorders, which is to be
expected given that their features overlap.
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Fig. 2: Training and validation loss over epochs

F. Explainable AI Analysis

Grad-CAM was used to create heatmaps for
anticipated photos in order to verify the model’s
decision-making process. The areas of the leaf that
most influence the forecast are highlighted by the

heatmaps.
The picture shows that the model is learning
significant  features rather than  unimportant

background patterns, con-firming that it concentrates
on affected areas like lesions and discolorations.

VI. CONCLUSION

In this research, we introduced a solid end-to-end
archi-tecture that combines explainable Al, automated
diagnostics, and deep learning for multi-crop leaf
disease diagnosis. The system demonstrated that high-
performance diagnostic tools may be tailored for low-
resource situations by achieving a classification

accuracy of 86.7% across 11 different classes using
the MobileNetV2 architecture.

This work has two technical implications. The
”black box” aspect of conventional neural networks is
first addressed by the incorporation of Grad-CAM
heatmaps, which offer visual(a) Broad Leaf Heatmap

(b) Narrow Leaf Heatmap

Fig. 3: Grad-CAM visualization highlighting the
infected regions of the leaf samples.

proof that the model accurately detects diseased lesions
rather than background artifacts. Second, the
integration of LLM-assisted advise modules with
Streamlit interface deployment closes the gap between
unprocessed data and practical agri-cultural insights.

In order to ensure that farmers worldwide have
access to real-time, comprehensible Al diagnoses,
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which will lower crop loss and improve food security,
future work will concentrate on growing the dataset to
include uncommon crop varieties and further refining
the model for edge-device deployment.
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