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Abstract—This project aims to design and implement a
Flask -based web application for automated leaf nutrition
and disease classification. The application allows for the
users to uploads a leaf image or capture one in real time
using a webcam or mobile camera. The system uses
OpenCV for preprocessing and a CNNor Mobile Net-based
deep learning model to analyze the leaf. The model classifies
the leaf into categories such as “healthy”,”Nutrientdeficient”
or diseased. The platform ensures real time processing,
displaying results on a user-friendly web interface.The
application is built using flaskfor the backend.HTML,CSS
Bootstrap for the frontend and TensorFlow orPyTorch for
deep learning it is deployed on cloud platforms like python
Anywhere making it a practical tool for smart agriculture .

Key words-Flask web application,Leaf disease detection,
Leaf nutrient classification, Image classification, Deep
learning, CNN (Convolutional Neural Network), Mobile
Net, OpenCV preprocessing, Real-time image analysis,
Webcam integration, Mobile camera support, User-friendly
interface.

I.  INTRODUCTION

The analyzed leaf nutrition and disease classification system
is designed to the analyze leaf images for agricultural health
assessment and crop management. The system allows users
to either uploading a pre-existing leaf image or capture one in
real time using a wen application. An image is provided as
input, it undergoes preprocessing using OpenCV, where
background noise and irrelevant regions are removed to the
focus on the leaf area. The pre-processed images is then
passed through the CNN or Mobile Net-based Convolutional
Neural Network (CNN) for segmentation and classification

E.Chandini
B.Tech Student
CSE-Artificial Intelligence,
Sreenivasa Institute of Technology and
Management Studies in Chittoor,

Ms. M. Deepika
Assistant Professor
CSE- Artificial Intelligence
Sreenivasa Institute of Technology and
Management Studies in Chittoor,

P. Sanjana
B.Tech Student

CSE-Artificial Intelligence
Sreenivasa Institute of Technology and
Management Studies in Chittoor,
India

Prof.M.E.PALANIVEL
Professor
CSE- Artificial Intelligence
Sreenivasa Institute of Technology and
Management Studies in Chittoor,
India

for accurately detect the type of nutrient deficiency or disease
affecting the leaf. After segmentation, the trained model
classifies the leaf into various categories, such as “healthy,”
“nutrient deficient.” or “diseased.”
This classification process ensures that the system can be
used for various agricultural application, including early
disease detection,  precision . farming, and nutrient
management. The platform ‘provides real-time processing,
allowing users to receives classification results immediately
after uploading or capturing a leaf images. The final output
displays by the analyzed leaf along with its classification
results. The system is developed using a combination of web
technologies and deep learning frameworks to ensure
efficient processing and user-friendly accessibility for the
analyzing . The flask is used for the backend development,
handling data processing, model execution, and
communication with the frontend developing method for the
analyzing in the project. The frontend is built for uses
HTML, CSS, JavaScript, and Bootstrap to the providing easy
for user interfaces. For image processing and deep learning
tasks, OpenCV is used for the preprocessing, such as noise
reduction and leaf region isolation by the images by the leaf.
The classification step leverages a pretrained deep learning
model that assigns labels based on leaf patterns and texture.
This system also supports secure image handling and is
intended to assist farmers and agricultural experts in making
informed decisions based on plant health.

Il. LITERATURE SURVEY
1. Title:Deep Learning Techniques for Crop Nutrient

Deficiency.
Authors: Kala K.U., Nandhini M., Kishore Chakravarthi
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M.N., Thangadarshini M., Madhusudhana Verma
S.Year: 2024. Summary: This paper reviews various
deep learning methods for detecting nutrient
deficiencies in crops using leaf images.Method: Utilizes
Convolutional  Neural Networks (CNNs) and
lightweight architectures like MobileNet for feature
extraction and classification. Key Findings: Deep
learning techniques showed improved accuracy over
traditional approaches, offering scalable, real-time
support for precision agriculture applications.

2. Title:Enhanced Crop Health Monitoring: Attention
Convolutional Stacked Recurrent Networks and
Binary Kepler Search for Early Detection of Paddy
Crop Issues.

Authors:  Elakya R., Manoranjitham T.Year:2024
Summary: This study presents a hybrid deep learning
model for early detection of diseases and nutrient
deficiencies in paddy crops.Method: Combines
attention-based CNNs with stacked recurrent networks
and Binary Kepler Search for optimized feature
selection and classification.Key Findings: The proposed
approach significantly improved early detection
accuracy and helped monitor crop health effectively
under real-world agricultural conditions.

3. Title:Nutrient Deficiency Disorder

Authors:SmrutiRanjanPadhan,SoumyaRanjanPadhan,Y.
SivaLakshmi,ShankarLaljat, Year:2023.Source:Compen
diumofMaizeDiseases,IndianPhytopathological,Society.
Summary:This chapter discusses various nutrient
deficiency disorders affecting maize crops and their
visual symptoms. Method: Visual analysis and
categorization of symptoms based on leaf appearance
caused by nutrient imbalances. Key Findings: Early
identification of deficiency symptoms in maize leaves
aids in timely intervention and improves crop yield; the
study highlights the importance of integrating such
knowledge with automated systems for precision
farming.

4. Title:ldentification of Nutrient Deficiency in Plants
UsinglIntelligence.

Author:VladimirAleksandrov, Year:2022,Source:ActaPh
ysiologiae Plantarum, Summary: This paper explores
intelligent systems for detecting nutrient deficiencies in
plants through automated analysis. Method: Utilization
of Al techniques including pattern recognition and
image-based diagnostics. Key Findings: Intelligent
models can significantly improve the accuracy and
speed of diagnosing nutrient deficiencies, enabling more
efficient agricultural management.

5. Title:Image Processing Based Detection of Diseases
and Nutrient Deficiencies in Plants.

Authors;:  Ankit  Kumar  Ghorai,  Sabyasachi
Mukhopadhyay, S. Kundu, S. N. Mandal,Year: January
2021,Summary: This paper presents techniques for
identifying plant diseases and nutrient deficiencies using
image processing.Method: Application of color, texture,
and shape-based Equations.Key Findings: Image
processing methods can effectively detect visual
symptoms of plant stress, aiding in early diagnosis and
crop management.

A. ROLE OF DEEP LEARNING

Deep learning plays a transformative role in the project titled
“Analyzing Leaf Nutrition and Diseases using Deep
Learning.” And the Traditional plant disease and nutrient
deficiency detection systems often depend on manual
inspection or conventional image processing techniques like
thresholding, color filtering, and edge detection. These
methods require the extensive domain expertise, manual
tuning, and also highly sensitive to variations in lighting,
background noise, leaf orientation, and also in the
environmental conditions. As a result, they often lack
robustness and scalability in the real-world agricultural
settings.

And with the advancement of deep learning, particularly
Convolutional Neural Networks (CNNSs), there has been a
paradigm shift in how plant health diagnostics are performed.
CNNs are capable of learning intricate visual patterns
directly from raw image data, removing the dependence on
hand-crafted features. In the context of the leaf analysis,
CNN-based models automatically learn to distinguish
between healthy, diseased, and also nutrient-deficient leaves
by training a labelled datasets. These models extract the
hierarchical  features through convolutional layers,
progressively learning textures, shapes, and colour patterns
associated with various leaf conditions.

For. enhanced performance, lightweight and efficient
architectures such as Mobile Net also employed, which
offers the high accuracy with the low computational cost
making them ideal for the web-based and mobile
applications. These models particularly used in resource and
constrained environments like rural farms where quick, on
the spot diagnosis is needed. During the classification, the
model utilizes the fully connected layers and the softmax
activation to assigned each input image to a specific
categories, ensuring that the accurate identification of the
diseases or deficiency types.

B. CONTRIBUTIONS

The project "Leaf Nutrition and the Disease Analysis Using
Deep Learning”, It has actively involved in the designing
and implementing them end to end pipeline from the data
collection to the real time deployment. | curated a diverse
datasets of the leaf images showing various diseases and the
nutrient deficiencies, ensuring broad coverage across plant
species and lighting conditions. In performance of the
preprocessing using  OpenCV, including resizing,
normalization, and background removal, to enhance input
quality. The U-Net-based CNN segmentation model must be
implemented to isolate the leaf regions from a noisy
backgrounds, improving the clarity and focus for the feature
extraction. In the classification, It was develops by the CNN
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to identify the conditions like nitrogen, potassium
deficiency, fungal infections, and bacterial spots. It fine
tuned hyper parameters and used techniques like dropout and
data augmentation to boost model accuracy and then prevent
over fitting. The model achieves high performance based on
the accuracy, precision, and then recalls metrics. It also built
the Flask-based web application for real time images for
uploading and disease prediction, enabling easy access for
farmers and researchers. This project demonstrates how the
deep learning can be applied to the support precision
agriculture by the efficient plant health monitoring.

11 PROPOSED WORK

In our proposed system, it implemented the Flask based
application to automate the segmentation and classification
of leaf images for the detection of nutrient deficiencies and
plant diseases, ensuring a user-friendly, efficient, and then
accurate solution for the agricultural diagnostics. And Flask
is chosen for its lightweight architecture, flexibility, and easy
of integration with deep learning models. Image Input where
users can upload the pre-existing leaf images and also
captures them in real-time using a webcam or mobile camera
integrated into the web interface. The Image Labelling is
dataset pre-labeled with categories representing different
plant diseases and nutrient deficiencies to guide the training
process.

By Segmentation a U-Net-based convolutional neural
network (CNN) is used to segment the leaf from the
background, removing irrelevant features like soil,
surrounding plants, and shadows. It improves classification
by isolating important features like the texture, color
variation, and shape. The Classification is segmented the leaf
is passed into a trained CNN model capable of multi-class
classification to identify the specific issues such as
phosphorus deficiency, nitrogen deficiency, fungal spots,
and other common plant disorders. Therefore, Output is the
application provides a classification label for e.g.,
“Phosphorus Deficiency” with the visualization metrics such
as accuracy, precision, recall, and loss as cross-entropy,
making it useful for farmers, researchers, and also
agricultural advisors. The proposed system ensures the real
time image processing, accurate prediction, and an
accessible interface for the precision agriculture,
empowering users with the actionable plant health insights.
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Figure 1: Proposed Block Diagram

e Input Image: The system starts by the detecting an
image of an plant leaf, either by uploading the existing
image or by capturing the image in real time which uses
a webcamera or by mobile device. It serves as the raw
input for the detection process.

e Image Labelling (Diseases & Nutrition): During the
dataset preparation, each image is manually labelled
with the corresponding diseases and deficiency like e.g.,
nitrogen deficiency, fungal spot, phosphorus deficiency.
This labeled data is used for training the model.

e Preprocessing with OpenCV: Basic preprocessing is
applied by using OpenCV to enhance the image quality
and remove noise. where Common steps include like:
Resizing the image for model input. Contrast
enhancement or histogram equalization. Background
removal or color normalization to isolate leaf regions
and eliminate irrelevant features like soil, sky, or
shadows

e Training & Testing:The labeled and preprocessed
images are split into training and testing datasets. They
are used to train the CNN model and then evaluate its
performance. By the Cross validation and then
performance metrics guide by the model improvements.

e CNN Architecture for Multi-Class Classification:
The core of the system is Convolutional Neural
Network (CNN) designed for the multi class
classification. The architecture typically includes like:

v' Convolutional Layers the extracting spatial
features as leaf texture, color variation, and vein
patterns.

v Activation Functions (like ReLU) for introducing
the non-linearity.

v" Pooling Layers for the downsampling, while
retaining important features.

v Fully Connected Layers for high-level
classification logic.

e Feature Extraction and Classification: The CNN
process the images for extract deep features of them and
predicts class labelling. Each prediction corresponds to
a specific nutrient deficiency or disease.

e OQutput Classification and Visualization
The final output is:

v For classification label e.g., “Phosphorus
Deficiency”.

v/ And the performance metrics such as Accuracy,
Precision, Recall, F1 Score, and Cross Entropy
Loss for model evaluation.

(\Y2 METHODOLOGIES

A Convolutional Neural Network (CNN) is a type of the
deep learning algorithm designed for automatically and

roraremcrass adaptively learn spatial hierarchies for features from the

input images. It's especially effective for analyzing visual
data like the leaf images due to its ability to capture for fine
grained patterns such as colour distribution, texture, shape,
and visible symptoms of plant stress or disease. CNN are
widely used in the agricultural applications for the nutrient
deficiency detection, disease classification, and health
monitoring system. The process involves a structured
pipeline with the key components that work together for
extract, reduce, and interpret information from images.
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e Input Layer: It receives the raw leaf images as
input for the system. The leaf images showing
symptoms like the yellow, brown colour, and spots
indicating diseases or deficiencies.

e Convolutional Layer: The layer is applying for the
filters by detecting the features of leaf like leaf
veins, discoloration patterns. It produces features
mapping highlighting these traits.

e Activation Function (ReLU): Adds non-linearity,
enabling model to capture the complex variations in
the texture and colour.

e Pooling Layer: Reduces the size of feature maps
using Max Pooling. This decreases computation
and helps prevent overfitting by focusing on the key
features.

e Fully Connected Layer (FC Layer): Flattens
features into the vector. Neurons make the final
classification of the output (e.g., healthy, nitrogen
deficiency, or powdery mildew).

V. EXPERIMENTAL RESULTS

To evaluate the performance of the Leaf Nutrition and
Disease Analysis System using Deep Learning, a series of
experiments were conducted using a structured and diverse
plant leaf dataset containing images of both healthy leaves
and leaves affected by various nutrient deficiencies and
diseases. The proposed system integrates image
preprocessing, precise leaf segmentation using a U-Net-based
CNN model, and deep feature extraction for robust
classification.

A. DATASETS
leaf dataset/

train/

—— Healthy/

— imgl.jpg

— img2.jpg

— Nitrogen_Deficiency/
— imgl.jpg

— img2.jpg

—— Potassium_Deficiency/
—— Phosphorus_Deficiency/
—— Calcium_Deficiency/
— Iron_Deficiency/

—— Sulfur_Deficiency/
—— Fungal_Infection/

—— Bacterial_Spot/

—— Viral_Discoloration/

validation/

—— Healthy/

— Nitrogen Deficiency/
— Potassium_Deficiency/
—— Phosphorus_Deficiency/
—— Calcium_Deficiency/
— Iron_Deficiency/

—— Sulfur_Deficiency/
—— Fungal Infection/

—— Bacterial Spot/

—— Viral Discoloration/

test/

—— Healthy/

—— Nitrogen Deficiency/
—— Potassium_Deficiency/
—— Phosphorus_Deficiency/
—— Calcium_Deficiency/
—— Iron_Deficiency/

—— Sulfur_Deficiency/
—— Fungal Infection/

—— Bacterial Spot/

—— Viral Discoloration.

B. SEGMENTATION

It enhanced leaf segmentation using the deep learning plays
a critical role in the project title "Analyzing Leaf Nutrition
and Disease Using Deep Learning", when the main
objective is to isolate the leaf region from the background
of the image to ensure the accurate diagnosis of the diseases
and nutrient deficiencies. The step is essential because it the
filters out the irrelevant parts of the image such as soil,
surrounding plants, shadows, and other than background
noise, allowing the classification model to focus solely on
the affected leaf area. The process begins with the image
preprocessing, which includes resizing the images to a fixed
dimension, applying contrast enhancement, and normalizing
pixel values to bring uniformity across the dataset.
Techniques such as histogram equalization and noise
reduction filters are used to improves the visual clarity of
the leaf texture, edges, and color variations factors crucial
for identifying disease symptoms or deficiency patterns.

Following  preprocessing, a deep learning-based
segmentation model typically U-Net is used to perform
pixel-wise classification of the image. The model labelling
each pixel as the either part of the leaf or a background. The
U-Net is particularly suited for this task due to its encoder
and decoder structure, skip connections, which helps the
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retain spatial information during the up sampling process,
ensuring precise leaf boundary detection. Deep learning
enables the model to automatically learns the complex
patterns from training data, like the leaf contours, venation
patterns, and texture irregularities. Even from the
challenging conditions like uneven lighting, shadow
interference, overlapping of the leaves, or partial
occlusions, the model can be accurately identifying the leaf
images regions by leveraging learned data in contextual
features. The segmentation process which improves the
accuracy of the downstream tasks like diseases and nutrient
deficiency classification by ensuring that only the most
relevant part of the leaf image is analyzed. It also reduces
the computational complexity by eliminating of irrelevant
pixels, speeding up the training and inference. By the real
world applications, like precise segmentation which enables
early, reliable detection, supporting smart agriculture and
the timely crop health interventions.

C. CLASSIFICATION

In the second major phase of our project following the
successful segmentation of the leaf from its background the
focus turns to the classification. This stage is crucial for the
accurately determining both of the nutritional status and
potential diseases affecting the leaf images. It leveraging
deep learning techniques, by the goal is to analyze by the
segmented leaf and categorize it into one of several
predefined classes, by which may include nutrient
deficiencies (such as nitrogen, phosphorus, or potassium
deficiency) as well as diseases like the powdery mildew,
bacterial blight, or rust. In the cases, a healthy class is also
included to the differentiate unaffected leaves from those
that exhibiting stress symptoms.

The effectiveness of this classification phase hinges on the
clarity and the accuracy of them segmented leaf images, as
well as the neural network ability to the extract and the
learn from visual patterns unique to the different conditions.
The leaf has been preprocessed and isolated, it is fed into a
Convolutional Neural Network (CNN) is a type of neural
network architecture particularly adept at the handling
image data. CNNs are designed to learn and detect relevant
features such as vein structure, texture, discoloration, lesion
shapes, and edge patterns. The features often serve as the
key indicators of plant leaf health or specific nutrient
imbalances and diseases. For the example potassium
deficiency typically manifesting as the browning at the
edges of the leaves, while powdery mildew appeared as
white, powder like spots on the surfaces of the leaf images.
The training process is by CNN is presented with the
hundreds or thousands of labeled images representing the
various nutritional and pathological conditions. As it
processes this data, the network adjusts its internal
parameters like weights and biases to minimize from the
prediction error of the images. The layers of convolutions,
pooling, nonlinear activation functions (like ReLU), and
fully connected layers, the network learns to increasingly
abstract representations of the leaf features, allowing it to
develops an internal model of the each class. The final layer
of the network typically uses a softmax activation function,
which converts them output into a probability distribution
over the target classes. This enables the system to not only
predicting the class label but also express the confidence

level of each prediction. For example, if a leaf is affected by
the iron deficiency, the model will be output a high
probability for that class while assinging the lower
probability to the others. To enhance the generalization
ability of the CNN and prevents over fitting, several
training techniques are the employed by Data
Augmentation, Dropout, Batch Normalization. The
classification stage transforms from raw visual input into
actionable insights by accurately diagnosing the conditions
of the leaf. This is essential for the timely interventions in
agricultural management, enabling the farmers and
researchers for optimize crop health, reduce losses, and
make data-driven decisions.
VI.  CONCLUSION

The Leaf Nutrition and Disease Detection system features a
clean and user friendly interface designed to help them
users by identifying various plant health issues by using
advanced deep learning models. The homepage allows users
for register and login, ensuring secure through personalized
access. After the registration requires a username,
password, and confirmation users can login and uploads leaf
images for the automated diagnosis. The model is trained on
the dataset of leaf images, classified into ten categories:
Healthy, Nitrogen Deficiency, Potassium Deficiency,
Phosphorus  Deficiency, Calcium Deficiency, Iron
Deficiency, Sulfur Deficiency, Fungal Infection, Bacterial
Spot, and Viral Discoloration. By testing, the model
exhibited strong performance, particularly in the
recognizing prominent visual conditions such as the fungal
infections, bacterial spots, and nitrogen deficiency.
The Convolutional Neural Network enabled the model to
the accurately distinguish between them in nutrient-related
symptoms and pathogen-includes damage by the learning
key visual issues such as colour changes, texture
differences, and patterns. These results demonstrate the
system’s potential to assist them in early diagnosis and
precise treatment planning, making it a valuable tool for the
modern, sustainable agriculture.
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This project is a robust approach that utilizes a deep
learning technique which is the Convolutional Neural
Network (CNN) for nutrition and the disease detection. By
using the Convolutional Neural Network, it demonstrates the
high accuracy by detecting diseases and the nutrition
deficiencies under a real world conditions and it integrates
advanced preprocessing methods for the effective analysis. It
implements lightweight models like Mobile Net for faster
predictions and it is an scalable solution which offers a cost
effective and timely crop monitoring solutions which is
designed to be flexible for future retraining and
accommodating more plants species. So by using this it
enhances plant health assessments and enables real time
darkness on web or mobile platforms also it shows
adaptability across diverse plant pipes and it is an user-
friendly application.
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