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Abstract- Agriculture continues to face significant challenges due to crop diseases that result in reduced yield, economic losses,
and delayed intervention, particularly in developing regions where access to expert diagnosis is limited. Traditional disease
identification methods rely on manual inspection, which is time-consuming, subjective, and not scalable. This paper presents a
Smart Crop Disease Detection System using Convolutional Neural Networks (CNNs) for automated and accurate identification
of plant diseases from leaf images. The proposed system leverages deep learning techniques trained on real-world agricultural
image data obtained from the PlantDoc dataset, which contains healthy and diseased crop leaves captured under diverse field
conditions. A lightweight and efficient CNN architecture, MobileNetV2, is adopted to enable real-time disease detection with
reduced computational overhead, making the system suitable for mobile and low-power devices. The model performs image
classification to identify disease categories and assess plant health conditions. Experimental evaluation demonstrates that the
proposed model achieves an accuracy of 85%, outperforming other baseline architectures. To enhance deployability, the trained
model is converted into TensorFlow Lite, enabling seamless integration into mobile and web-based applications. The proposed

framework facilitates early disease detection, supports timely preventive measures, and contributes to improved agricultural

productivity through intelligent decision support.
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I. INTRODUCTION

Agriculture plays a crucial role in ensuring food security and
supporting the livelihood of millions of people worldwide.
However, crop diseases remain a persistent challenge, causing
significant yield losses and economic damage to farmers. Early
detection of plant diseases is essential to minimize crop loss
and improve agricultural productivity. Conventional disease
identification methods rely on manual inspection by
agricultural experts, which is time-consuming, costly, and often
inaccessible to small and marginal farmers, especially in rural
areas.

Recent advancements in machine learning and deep learning
have enabled automated and intelligent solutions for crop
disease detection. Among these techniques, Convolutional
Neural Networks (CNNs) have demonstrated strong
performance in image-based classification tasks by
automatically learning relevant features from raw images.
Despite their effectiveness, many CNN-based models demand
high computational resources and large training datasets,
limiting their feasibility for real-time applications and mobile
deployment in resource-constrained environments.

To address these challenges, this paper proposes a Smart Crop
Disease Detection System using a lightweight CNN
architecture. The system is trained using the PlantDoc dataset,
which contains real-world images of healthy and diseased crop
leaves captured under diverse environmental conditions. The
MobileNetV2 model is employed due to its efficient design,
reduced parameter count, and suitability for deployment on
low-power devices. The trained model is converted into
TensorFlow Lite format to enable real-time disease prediction
on mobile and web platforms.

In addition, the proposed system aims to bridge the gap
between advanced deep learning techniques and practical
agricultural usage by offering a scalable and user-friendly
solution. By providing fast and accurate disease identification
directly from leaf images, the system supports timely
intervention, reduces dependency on expert consultation, and
assists farmers in making informed crop management
decisions. This approach contributes to the adoption of
precision agriculture practices and promotes sustainable
farming through technology-driven solutions.
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II. RELATED WORK

Existing Crop Disease Detection Systems

Early crop disease detection systems primarily relied on
manual inspection by agricultural experts, which was time-
consuming, subjective, and impractical for large-scale farming.
To overcome these limitations, traditional image processing
techniques combined with machine learning classifiers such as
Support Vector Machines (SVM) and K-Nearest Neighbors
(KNN) were introduced. These methods required handcrafted
feature extraction based on color, texture, and shape, and their
performance was highly sensitive to variations in lighting,
background noise, and image quality.

With the advancement of deep learning, Convolutional Neural
Networks (CNNs) have become the dominant approach for
plant disease detection. CNN-based models such as VGG,
ResNet, Inception, and EfficientNet demonstrated significant
improvements in classification accuracy by automatically
learning hierarchical features from leaf images. Several studies
reported high accuracy under controlled conditions; however,
these models often require high computational resources and
large labeled datasets, making them unsuitable for real-time
and mobile-based applications.

Recent research has focused on lightweight CNN architectures,
including MobileNet and ShuffleNet, to reduce model
complexity while maintaining reasonable accuracy. Although
these approaches improve deployability, challenges remain in
handling real-world field images with complex backgrounds,
varying illumination, and occlusions. Moreover, many existing
systems are limited to disease classification and do not
emphasize practical deployment, accessibility, or real-time
usability for farmers. These limitations highlight the need for
an efficient, accurate, and mobile-friendly crop disease
detection system capable of operating under real agricultural
conditions.

III. PROBLEM IDENTIFICATION

Crop diseases pose a serious challenge to agricultural
productivity, particularly for small and marginal farmers who
lack access to timely expert consultation. Traditional crop
disease identification relies on manual visual inspection or
laboratory-based analysis, which is time-consuming, costly,
and often impractical for large-scale or real-time monitoring.
Delayed diagnosis frequently results in rapid disease spread,
reduced crop yield, and increased financial losses.

Existing automated crop disease detection systems face several
limitations when applied in real-world agricultural
environments. Many approaches depend on complex deep
learning models that require high computational power, making
them unsuitable for deployment on mobile or low-resource
devices. Additionally, wvariations in lighting conditions,

background clutter, and image quality in field-captured images
significantly affect detection accuracy. Most current systems
focus solely on disease classification and fail to provide a
practical, scalable, and farmer-friendly solution.

Therefore, there is a need for an efficient, lightweight, and
accurate crop disease detection system that can operate under
real field conditions and be easily deployed on mobile
platforms. Such a system should enable early disease
identification, reduce dependency on expert intervention, and
support timely decision-making to improve agricultural
productivity and sustainability.

IV. PROPOSED SYSTEM

The proposed Smart Crop Disease Detection System is
designed to automatically identify crop diseases from leaf
images using a Convolutional Neural Network (CNN)-based
approach. The system aims to provide an efficient, accurate,
and deployable solution that supports real-time disease
detection under real agricultural field conditions. By leveraging
deep learning techniques, the system eliminates the need for
manual feature extraction and expert intervention.

The core of the proposed system is the MobileNetV2
architecture, a lightweight CNN model optimized for low
computational complexity and high efficiency. MobileNetV2
employs depthwise separable convolutions, which significantly
reduce the number of parameters and computational cost while
maintaining high classification accuracy. This makes the model
suitable for deployment on mobile and embedded devices
commonly used by farmers.Leaf images are captured using a
mobile device or camera and undergo preprocessing steps such
as resizing and normalization to enhance image quality. The
processed images are then passed to the trained MobileNetV2
model, which classifies them into healthy or diseased
categories. To enable real-time inference and mobile
compatibility, the trained model is converted into TensorFlow
Lite (TFLite) format. The proposed system supports early
disease detection, timely intervention, and improved crop
management, contributing to sustainable and technology-
driven agricultural practices.

V. SYSTEM ARCHITECTURE

Step 1: Input Image Acquisition

e Crop leaf images are captured using a smartphone or
digital camera.

e Images are taken under real-field conditions with varying
lighting and background.

e The captured image is provided as input .

Step 2: Image Preprocessing

e Input images are resized to match the CNN input
dimensions.
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e Pixel values are normalized to improve model stability.

e Noise reduction techniques are applied to remove
background disturbances.

e Image enhancement operations highlight disease-affected
regions.

Step 3: Feature Extraction

e Convolutional layers automatically extract features from
preprocessed images.

e Features include color patterns, texture variations, edges,
and lesion shapes.

e Automatic feature learning eliminates the need for manual
feature extraction.
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Figure 1: System Architecture

Step 4: Model Training Using MobileNetV2

e The MobileNetV2 model is trained using extracted image
features.

e Depthwise separable convolutions reduce computational
complexity.

e  Transfer learning is used to improve accuracy and reduce
training time.

e The trained model learns to distinguish healthy and
diseased leaves.

Step 5: CNN-Based Classification

e The trained MobileNetV2 model classifies the input
image.

e The model predicts the disease category or identifies
healthy crops.

e Classification output includes disease label and confidence
score.

Step 6: Disease Display

e The identified disease is displayed to the user.

e  Results are shown through a user-friendly interface
o Instant feedback helps farmers take timely action.

Step 7: Cloud-Based Treatment Recommendation

e Detected disease information is sent to Google Cloud via
an API call.

e The cloud server retrieves disease-specific treatment
guidelines.

e Cloud integration allows scalability and easy updates.

Step 8: Display of Treatment Suggestions
e  Treatment and prevention suggestions are displayed to the
user.

e Recommendations include pesticide use, organic
remedies, and precautions.

e Helps farmers reduce crop damage and improve
productivity.

VI. METHODOLOGY

The proposed methodology adopts an end-to-end deep learning
pipeline for automated crop disease detection from leaf images.
The system utilizes the PlantDoc dataset, which contains real-
world images of healthy and diseased crop leaves captured
under varying environmental conditions. Initially, input images
undergo preprocessing steps such as resizing, pixel
normalization, noise reduction, and contrast enhancement to
improve image quality and ensure compatibility with the CNN
model. Data augmentation techniques, including rotation and
flipping, are applied to enhance dataset diversity and reduce
overfitting. Feature extraction is performed automatically
through convolutional layers, enabling the model to learn
discriminative patterns related to color, texture, and disease
lesions without manual feature design.

The MobileNetV2 architecture is employed due to its
lightweight structure and wuse of depthwise separable
convolutions, which significantly reduce computational
complexity while maintaining high accuracy. Transfer learning
is applied by fine-tuning pre-trained weights to improve
convergence and generalization. The model is trained using
supervised learning with cross-entropy loss and optimized
using the Adam optimizer. Performance is evaluated using
accuracy and confusion matrix analysis. For deployment, the
trained model is converted into TensorFlow Lite format,
enabling real-time disease detection on mobile and web
platforms, while cloud-based services are used to retrieve
appropriate treatment recommendations.
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VII. ALGORITHM’S USED

The proposed system employs multiple algorithms to achieve
accurate and efficient crop disease detection. Image
preprocessing algorithms are first applied to enhance the
quality of input leaf images. These include resizing to standard
dimensions, pixel normalization to stabilize learning, noise
reduction to remove background disturbances, and contrast
enhancement to highlight disease-affected regions. These
preprocessing steps ensure consistent and high-quality input for
the deep learning model.

A Convolutional Neural Network (CNN)-based classification
algorithm forms the core of the system. CNNs automatically
extract hierarchical features such as edges, textures, color
variations, and lesion patterns from leaf images through
convolution and pooling operations. This eliminates the need
for manual feature engineering and enables robust disease
classification under complex real-world conditions.

The MobileNetV2 algorithm is employed as the primary CNN
architecture due to its lightweight and efficient design.
MobileNetV2 utilizes depthwise separable convolutions and
inverted residual blocks to significantly reduce computational
cost and model size while maintaining high accuracy. This
makes the model suitable for real-time and mobile deployment.
Transfer learning is applied by fine-tuning pre-trained
MobileNetV2 weights to improve classification performance
and training efficiency.

Finally, a TensorFlow Lite conversion algorithm is used to
optimize the trained model for deployment on mobile and
embedded devices. The conversion process reduces model size
and improves inference speed without significantly affecting
accuracy. Together, these algorithms enable an efficient,
scalable, and deployable crop disease detection system.

VIII. IMPLEMENTATION

The proposed Smart Crop Disease Detection System is
implemented using Python along with TensorFlow and Keras
for developing, training, and evaluating the CNN model. Image
preprocessing tasks such as resizing, normalization, and noise
reduction are performed using OpenCV to ensure consistent
input quality. The MobileNetV2 architecture is implemented
using transfer learning by fine-tuning pre-trained weights on
the PlantDoc dataset. Model training is carried out using
supervised learning with cross-entropy loss and the Adam
optimizer, and performance is evaluated using accuracy
metrics. After training, the model is converted into TensorFlow
Lite (TFLite) format to optimize inference speed and memory
usage for mobile deployment. The optimized model is
integrated into a mobile or web-based interface that allows
users to upload images and receive real-time disease

predictions along with cloud-based treatment

recommendations

Results and Performance Analysis

The performance of the proposed Agri- Connect system was
evaluated using a combined dataset consisting of ICAR data,
drone imagery, and field-captured images under diverse
environmental conditions. The multi-stage vision pipeline,
incorporating ~ OpenCV-based  preprocessing, = U-Net
segmentation, and Vision Transformer classification, achieved
high disease detection accuracy by effectively suppressing
background noise and capturing global contextual features,
demonstrating robust performance under varying illumination,
complex backgrounds, and image blur. The same framework
enabled reliable produce quality assessment by accurately
classifying fruits and vegetables into quality categories,
supporting transparent and Al-verified pricing in the digital
marketplace. System-level evaluation showed low- latency
image analysis and efficient real-time interaction through
Socket.IO, while multilingual voice assistance and an NLP-
based chatbot enhanced usability and accessibility for rural
users. Secure authentication and stable backend integration
ensured reliable operation under concurrent usage, confirming
Agri-Connect as an accurate, responsive, and deployable smart
agriculture solution.

IX. COMPARATIVE STUDY

The performance of the proposed MobileNetV2-based crop
disease detection system is compared with other commonly
used deep learning models such as Inception and
EfficientNetB0O. The Inception model, although effective in
extracting complex features, exhibits lower -classification
accuracy when applied to real-world agricultural images due to
its high computational complexity and sensitivity to variations
in lighting and background. EfficientNetBO demonstrates
improved accuracy compared to Inception by utilizing
compound scaling; however, it requires greater computational
resources and memory, which limits its suitability for real-time
and mobile-based deployment. In contrast, MobileNetV2
achieves superior performance by balancing accuracy and
efficiency through the use of depthwise separable convolutions
and inverted residual blocks. The proposed MobileNetV2
model attains an accuracy of 85%, outperforming
EfficientNetBO and Inception while maintaining lower model
size and faster inference speed. This comparative analysis
confirms that MobileNetV2 is more effective for practical crop
disease detection applications, particularly in resource-
constrained and mobile environments.
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Figure 2: Disease Detection Accuracy Analysis

X. APPLICATIONS

The proposed Smart Crop Disease Detection System has
significant applications across various domains of agriculture
and allied sectors. It can be effectively used by farmers for early
and accurate identification of crop diseases using simple leaf
images, enabling timely preventive and corrective measures
that reduce crop loss and improve yield quality. The mobile-
friendly nature of the system allows farmers in remote and rural
areas to access disease diagnosis without the need for frequent
expert visits, thereby saving time and cost. Agricultural
extension services and government agencies can deploy the
system for large-scale crop health monitoring, supporting rapid
disease surveillance and advisory services. The system also
plays an important role in precision agriculture by optimizing
the use of pesticides and fertilizers, reducing environmental
impact, and promoting sustainable farming practices. In
addition, agricultural research institutions can utilize the
system for disease pattern analysis, dataset expansion, and
performance evaluation of new crop varieties. The proposed
solution can further be integrated into smart farming platforms,
digital agriculture applications, and decision-support systems
to enhance productivity, ensure food security, and support
technology-driven agricultural development.

Advantages Of Proposed System

The proposed Agri-Connect system demonstrates wide-ranging
applicability and advantages across the agricultural ecosystem
by integrating intelligent image-based crop analysis with a
transparent digital marketplace. It empowers small and
marginal farmers through accurate disease detection and
produce quality assessment without reliance on costly sensor
infrastructure, while multilingual, voice-enabled interfaces and
Al-powered chatbots ensure accessibility for users with limited
digital literacy. By enabling direct farmer—consumer
interaction, the platform eliminates intermediaries, supports

fair and quality-based pricing, reduces post- harvest losses, and
enhances farmer income. Consumers benefit from access to
fresh, Al-verified, disease-free produce at transparent prices,
with real- time interaction improving trust and informed
decision-making.

At the supply-chain level, Agri-Connect enhances traceability,
efficiency, and transparency by digitally linking production,
quality evaluation, and trade. Technically, the system achieves
superior accuracy through OpenCV-based preprocessing,
UNet-driven semantic segmentation, and Vision Transformer
models that capture global contextual features, outperforming
traditional CNN-based approaches across diverse datasets
including ICAR, drone, and field images. The vision-centric
and modular architecture ensures scalability and cost-
effectiveness, while its design supports future extensions such
as IoT integration, blockchain- enabled traceability, and
advanced analytics, positioning Agri-Connect as a
comprehensive, inclusive, and economically impactful smart
agriculture solution.

XI. FUTURE ENHANCEMENT

While the System effectively identifies crop diseases using
CNN-based classification, several feature enhancements can
further strengthen its applicability and scalability. One major
enhancement involves incorporating disease severity
assessment to estimate infection levels, enabling more accurate
and stage-specific treatment recommendations. Expanding the
system to support additional crop varieties and rare disease
classes through larger and more diverse datasets can improve
robustness and generalization. The integration of multilingual
and voice-assisted interfaces would enhance usability for
farmers with limited literacy, improving accessibility in rural
regions. Furthermore, combining image-based analysis with
real-time weather data, soil conditions, and geographic
information can facilitate predictive disease forecasting and
early warning alerts. Advanced analytics such as yield
prediction, fertilizer optimization, and pesticide dosage
recommendation can further support precision agriculture.
Cloud-based data storage and analytics can enable long-term
crop health monitoring, trend analysis, and decision support at
regional and national levels. These enhancements would
transform the proposed system into a comprehensive,
intelligent, and farmer-centric smart agriculture platform

XII. TABLES

The feature comparison in Table X clearly demonstrates the
effectiveness of the proposed Smart Crop Disease Detection
System over existing crop disease detection approaches.
Conventional systems offer limited and fragmented
functionalities, typically achieving moderate disease detection
accuracy of around 65% and showing poor adaptability to real-
world field images, with coverage close to 50%. Additionally,
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existing methods provide minimal support for cloud-based
treatment recommendations, usually below 40%, and lack real-
time usability for farmers.

In contrast, the proposed system achieves significantly higher
performance by employing a lightweight CNN architecture
based on MobileNetV2, reaching up to 85% accuracy in crop
disease detection while maintaining low computational
complexity.

Table 1: Feature Comparison Table

5N | Feature Existing Systems [%) | Proposed System (%)
Diease Detechin Acuracy 65 5]
Vobele Deployment Support 8 b))
FealWorkd Image Pobastness b
4 Treatmenk Recommerdabon Suppart 4 2
FeatTire Pregiction Capabeity 5 9

The system also demonstrates strong capability in handling
real-world agricultural images, with nearly 88% effectiveness
under varying lighting and background conditions. The
integration of cloud-based treatment recommendation further
enhances decision support, increasing feature coverage to over
90%. Real-time disease prediction and mobile-friendly
deployment substantially improve usability, making the
proposed system more practical, scalable, and suitable for
precision agriculture applications compared to existing
solutions.

VIII. CONCLUSION

This paper presented a Smart Crop Disease Detection System
using a Convolutional Neural Network based on the
MobileNetV2 architecture to automatically identify crop
diseases from leaf images. The proposed system addresses the
challenges of traditional disease detection methods by
eliminating the need for manual inspection and expert
intervention. By utilizing real-world agricultural images and
efficient preprocessing techniques, the system achieves reliable
disease classification while remaining suitable for real-time and
mobile deployment.

The experimental evaluation demonstrates that the
MobileNetV2-based model achieves an overall accuracy of
85%, outperforming heavier deep learning architectures in
terms of efficiency and deployability. The lightweight nature of
the model enables faster inference and reduced computational
overhead, making it practical for use on low-power devices.
Additionally, the integration of cloud-based treatment
recommendations provides actionable insights to farmers,
supporting timely disease management and improved crop
productivity.

Overall, the proposed system offers a scalable, cost-effective,
and farmer-friendly solution for crop disease detection in real
agricultural environments. By combining deep learning with
mobile and cloud technologies, the system contributes to
precision agriculture, reduces crop losses, and promotes
sustainable and technology-driven farming practices.
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