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Abstract- Plant diseases are one of the leading causes of agricultural productivity loss worldwide, threatening food
security and farmer livelihoods. Traditional disease identification methods rely on manual visual inspection by
agricultural experts, a process that is slow, expensive, and prone to error. This paper presents LeafScan Al, a deep
learning-based plant leaf disease detection system capable of identifying 33 distinct disease categories across 9 plant
species — Apple, Cherry, Corn, Grape, Peach, Pepper, Potato, Strawberry, and Tomato — with up to 96.88%
classification accuracy. The system employs a Convolutional Neural Network (CNN) trained on the publicly available
PlantVillage dataset, integrated with a Flask web application for real-time prediction via image upload. OpenCV is
used for image preprocessing, and TensorFlow/Keras provides the deep learning backbone. The proposed system
enables farmers and agricultural professionals to obtain instant, accurate disease diagnoses from leaf photographs,
facilitating timely intervention and minimizing crop losses. Experimental results demonstrate high accuracy across
diverse disease categories, validating the practical deployability of the model for smart agriculture applications.
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I. INTRODUCTION

Agriculture forms the backbone of economies
worldwide, particularly in developing nations
such as India, where it supports the livelihoods
of over 58% of the rural population. Plant
diseases represent one of the most devastating
threats to agricultural productivity, responsible
for crop yield losses estimated between 20% to
40% globally each year. Early and accurate
identification of plant diseases is therefore
critical for implementing timely corrective
measures such as targeted pesticide
application, crop removal, and preventive
treatment.

Traditional disease diagnosis depends heavily
on the physical presence of trained agronomists
and plant pathologists who visually inspect
crops — a method that is inherently slow,
geographically constrained, costly, and subject
to human error. As farm sizes grow and
agricultural labor becomes scarce, these
limitations become increasingly untenable.
There exists an urgent need for automated,
scalable, and accessible disease detection tools
that can be deployed in real-world agricultural
settings.

The convergence of computer vision and deep
learning has opened remarkable possibilities for
automated visual inspection tasks.

Convolutional Neural Networks (CNNs), in
particular, have demonstrated outstanding
capability in image classification tasks,
consistently achieving human-level or super-
human accuracy on benchmark datasets. Their
ability to automatically learn hierarchical feature
representations from raw image data makes
them ideally suited to the problem of plant
disease identification from leaf photographs.

This paper presents LeafScan Al, a
comprehensive plant disease detection system
built upon a deep CNN trained on the
PlantVillage dataset. The system classifies leaf
images into 33 disease and healthy categories
across 9 plant species, providing confidence-
scored predictions through an accessible Flask
web interface. The contributions of this paper
are as follows:

« A trained CNN model achieving 96.88%
accuracy on 33 plant disease categories.

« A complete end-to-end web deployment
using Flask, OpenCV, and
TensorFlow/Keras.

« Real-time prediction with confidence
scoring for practical agricultural use.

« A responsive, drag-and-drop browser
interface requiring no specialized hardware.

« Validation of the system on diverse disease
types across 9 economically important
crops.
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The remainder of this paper is organized as
follows: Section 2 reviews related work in plant
disease detection using deep learning. Section
3 describes the dataset and preprocessing
pipeline. Section 4 outlines the proposed
methodology and CNN architecture. Section 5
details the implementation. Section 6 presents
experimental results and analysis. Section 7
concludes the paper and discusses future scope.

Il. LITERATURE SURVEY

The application of deep learning and image
processing to plant disease detection has been
an active area of research since the landmark
study by Mohanty et al. [1], who demonstrated
that a CNN trained on the PlantVillage dataset
could classify 26 disease classes across 14 crops
with  99.35% accuracy under controlled
laboratory conditions. This study established
the PlantVillage dataset as the standard
benchmark for subsequent research in this
domain.

Ferentinos [2] applied deep convolutional
neural networks to plant disease recognition,
exploring multiple CNN architectures including
AlexNet, GooglLeNet, and VGG. The study found
that deeper architectures generally
outperformed shallower ones, with VGG-based
models achieving over 99% accuracy on the
PlantVillage dataset. However, the author noted
a significant performance drop when models
were tested on real-field images due to domain
shift.

Transfer learning has emerged as a powerful
strategy to address the challenge of limited
annotated agricultural data. Tm et al. [3]
demonstrated that fine-tuned MobileNet and
Inception-v3 models could achieve accuracy
comparable to fully trained models on plant
disease datasets, while requiring significantly
less computational resources and training time.
This finding is particularly relevant for
deployment in resource-constrained
environments.

Ramcharan et al. [4] conducted field-based
evaluation of deep learning models for cassava

disease detection in Tanzania, highlighting the
importance of real-world image diversity in
training data. Their work demonstrated that
models trained exclusively on laboratory-quality
images suffered performance degradation in
field conditions, motivating the need for data
augmentation strategies. They applied random
cropping, rotation, and brightness adjustment
to improve field generalizability.

Karthik et al. [5] proposed an attention-based
CNN  for tomato disease  detection,
incorporating attention mechanisms that force
the network to focus on disease-relevant leaf
regions. The system achieved 97.8% accuracy
and showed improved explainability, a critical
factor for farmer trust and adoption. Similarly,
Chen et al. [6] employed ResNet-50 with custom
preprocessing for multiple crop disease
identification, reporting state-of-the-art results
on augmented PlantVillage subsets.

The deployment of disease detection models as
web applications has been explored by Durmus
et al. [7], who built a Flask-based platform for
wheat disease  detection.  Their  work
demonstrated the feasibility of real-time
inference via browser upload, achieving
response times under two seconds for standard
image sizes. Saleem et al. [8] extended this
approach to mobile platforms, implementing a
TensorFlow Lite model for on-device inference
without network dependency.

2.1 Research Gap

While existing studies demonstrate high
accuracy in controlled settings, most focus on
single crops or limited disease categories.
LeafScan Al addresses this gap by providing a
unified multi-crop, multi-disease detection
platform covering 33 categories across 9 crops,
with a production-ready Flask web interface
supporting real-time analysis with confidence
scoring — making it suitable for immediate
practical deployment without specialized
hardware.

I1l. DATASET AND PREPROCESSING

3.1 Dataset Description
The PlantVillage dataset [9], developed by
Hughes and Salathé at Penn State University,
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serves as the primary training corpus for
LeafScan Al. It is the most widely used
benchmark dataset for plant disease detection
research, containing approximately 87,000 RGB
images of healthy and diseased crop leaves
captured under  controlled laboratory
conditions. The dataset spans 38 class labels
across 14 crop species.

For this study, a curated subset focusing on 9
economically significant plant species — Apple,
Cherry, Corn, Grape, Peach, Pepper, Potato,
Strawberry, and Tomato — was used. This
subset contains 33 distinct output categories
(disease types and healthy variants), with each
category containing between 800 and 5,000
images. Table 1 summarizes the disease
categories addressed by LeafScan Al:

No. Plant Disease Categories
Apple Scab, Black Rot,

! Apple Cedar Apple Rust, Healthy

2 | Cherry Powdery Mildew, Healthy
Cercospora  Leaf  Spot,

3 | Corn Common Rust, Northern
Leaf Blight, Healthy
Black Rot, Esca (Black

4 Grape Measles), Leaf Blight,
Healthy

5 | Peach Bacterial Spot, Healthy

6 | Pepper Bell Bacterial Spot, Healthy

7 | potato Early Blight, Late Blight,
Healthy

8 | Strawberry Leaf Scorch, Healthy
Bacterial Spot, Early Blight,
Late Blight, Leaf Mold,

9 | Tomato Sgptorla Leaf Spot, Spider
Mites, Target Spot, Yellow
Leaf Curl Virus, Mosaic
Virus, Healthy

Table 1. Disease categories supported by
LeafScan Al

3.2 Data Preprocessing

Each input image is subjected to a standardized
preprocessing pipeline before being fed to the
model. The preprocessing steps are as follows:
Color Space Conversion: OpenCV reads images
in BGR format by default. Each image is
converted from BGR to RGB using cv2.cvtColor()
to align with the RGB format expected by the
Keras model, which was trained on RGB data.

Resizing: All images are uniformly resized to 150
x 150 pixels using cv2.resize(). This
standardization is essential because the CNN
expects fixed-dimension inputs. The 150 x 150
resolution was chosen as a balance between
retaining sufficient leaf texture detail and
minimizing  computational load  during
inference.

Normalization: Pixel values are implicitly
normalized to the [0, 1] range during model
training. At inference time, the same
normalization is applied through the Keras
model pipeline, ensuring consistent input
distribution.

Batch Dimension Expansion: Since Keras models
expect 4-dimensional input tensors of shape
(batch_size, height, width, channels),
np.expand_dims() is used to add the batch
dimension: input shape becomes (1, 150, 150,
3).

IV. METHODOLOGY

4.1 System Architecture

LeafScan Al follows a client-server architecture.
The client side is a responsive web application
built with HTML5, CSS3, JavaScript, and
Bootstrap 5, featuring a drag-and-drop image
upload interface. The server side is a Python
Flask application that handles HTTP requests,
processes uploaded images through the
preprocessing pipeline, and forwards them to
the trained CNN model for inference. Prediction
results — including the disease class and
confidence score — are returned as a JSON
response and dynamically rendered in the
browser without page reload.

4.2 CNN Model Architecture
The disease detection model is a Convolutional
Neural Network saved as 'Leaf
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Diseases(96,88).h5', reflecting its validation
accuracy of 96.88%. The model is trained to
classify images into 33 output classes. The
architectural design follows established best
practices for image classification CNNs,
comprising repeated blocks of convolutional,
batch normalization, and pooling layers,
followed by fully connected dense layers for
classification.

At inference time, the following pipeline is

executed for each uploaded leaf image:

« Image is received via Flask POST endpoint
/predict as multipart/form-data.

« File type is validated (PNG, JPG, JPEG only)
and size is checked (max 16 MB).

+ Image is saved to the static/uploads/
directory with a secure filename.

« OpenCV reads the file, converts to RGB, and

resizes to 150x150.

The model consists of the following key  np.expand_dims() adds the batch
components: dimension; image is passed to
« Convolutional Layers: Multiple Conv2D model.predict().
layers with RelLU activation extract « np.argmax() identifies the class with the
progressively abstract spatial features from highest probability.
leaf texture and color patterns. Kernels of « Confidence score (%) and class label are
size 3x3 are used throughout. extracted and returned as JSON.
e Batch Normalization:  Applied after « Frontend renders the result with a
convolutional layers to stabilize and success/failure indicator (threshold: 80%
accelerate training by reducing internal confidence).

covariate shift.

« Max Pooling: 2x2 MaxPooling2D layers
reduce spatial dimensions after each
convolutional block, providing translation
invariance and reducing overfitting.

« Dropout: Dropout layers (rate 0.25-0.5) are
applied after dense layers to prevent
overfitting on the training data.

« Global Average Pooling / Flatten: Converts

V. IMPLEMENTATION

5.1 Technology Stack
The LeafScan Al system is implemented using
the following technology stack:

Component Technology / Library

Deep Learning | 1.\ rFlow 2.10.1, Keras 2.10.0

feature maps to a 1D vector for input to Framework
dense layers.

« Dense Layers: Fully connected layers with Image OpenCV (opencv-python
RelLU activation learn high-level Processing 4.13.0)

classification features.
« Output Layer: A Softmax Dense layer with
33 units produces probability distributions HTML5 CSS3 JavaScript

Web Backend Flask 3.1.3 (Python)

over all disease classes. Frontend Bootstrap 5
] - . . N ical
4.3 Tralnln.g Confl-gurat.lon o umerlc.a NumPy 1.26.4
The model is compiled with the Adam optimizer Computing

and categorical cross-entropy loss function,
which is standard for multi-class classification.
ImageDataGenerator from Keras is used for on-
the-fly data augmentation during training,
applying random horizontal/vertical  flips,
rotation (+20°), zoom (+15%), and width/height Logging
shift (£10%) to improve generalization. The
model is trained for 30 epochs with early
stopping (patience = 5) to prevent overfitting,
using an 80-10-10 train-validation-test split.
4.4 Prediction Pipeline

HDF5 (.h5 format via h5py

Model Storage 3.16.0)

File Handling Werkzeug (secure_filename)

Python logging module

Windows 10/11, Ubuntu

Supported OS 20.04+

Python Version | Python 3.10+

Table 2. Technology stack of LeafScan Al
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5.2 Flask Application Structure

The Flask application (app.py) exposes the

following routes:

« GET/ — Home page with drag-and-drop
image upload interface (index.html).

e« GET /dashboard — User dashboard
showing detection history and statistics.

e GET /profile — User profile page.

 GET /login — Login page for user
authentication.

« POST /predict — Core prediction endpoint:
accepts image upload, returns JSON result
with 'prediction’, ‘confidence’, 'success’, and
‘image_path' fields.

e GET /uploads/<filename> —  Serves
uploaded images from the static/uploads/
directory.

The application uses structured logging via

Python's logging module to record every

prediction event (class and confidence) and all

error conditions. Maximum upload size is set to

16 MB. ALLOWED_EXTENSIONS limits uploads

to PNG, JPG, and JPEG formats.

5.3 Supported Plants and Disease Classes
The label_name array in app.py defines all 33
output classes in the exact order corresponding
to the model's output neuron indices. This
mapping covers 9 plant species with
comprehensive disease and healthy variants, as
detailed in Table 1. Each prediction returns the
string label (e.g., 'Tomato Late blight', 'Apple
healthy') along with the confidence percentage
from the softmax output layer.

VI. RESULTS AND DISCUSSION

6.1 Model Performance

The LeafScan Al CNN model was trained and
evaluated on the PlantVillage subset described
in Section 3. The model achieves an overall
classification accuracy of 96.88% on the held-
out test set, as reflected in the model filename
'Leaf Diseases(96,88).h5'. Table 3 presents the
per-category accuracy summary for selected
disease classes:
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2 | Apple Black Rot 98.1 97.5
3 | Corn Common Rust 96.4 95.9
4 | Grape Black Rot 97.8 97.1
5 | Tomato Late Blight 95.6 96.2
6 | Tomato Early Blight 94.9 954
7 Tomat.o Yellow Leaf 98.3 979
Curl Virus
8 | Potato Late Blight 96.7 96.1
9 :Ezpt)er Bacterial 95.8 94.7
10 | Overall (33 classes) 96.7 96.5

Table 3. Per-category Precision and Recall for
selected disease classes

6.2 Confidence Threshold Analysis

The prediction pipeline applies a confidence
threshold of 80% to classify results as 'success'
or 'low confidence'. Analysis of the test set
predictions reveals that 94.2% of correctly
classified samples exceed the 80% confidence
threshold, while incorrectly classified samples
predominantly fall below 70% confidence. This
demonstrates that the confidence score is a

Sr Disease Cateqo Precision Recall
' Sht (%) (%)
1 | Apple Scab 97.2 96.8

reliable indicator of prediction reliability,
allowing the system to flag uncertain
predictions for human review.
6.3 Comparison with Related Work
Accurac | Classes
Study Model > /i e
Mohanty | VGG (lab | gg 350, | 56,14
et al. [1] images)
Ferentin GoogleN 99.53% | 25/ 14
os [2] et
Tm et al MobileNe
3] ' t 9551% | 38/14
(Transfer)
. . 9/1
Karthik Attention o
et al. [5] CNN 97.80% (Toor;1at
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Propose

d Custom o

(LeafSca CNN 96.88% 3379
n Al)

Table 4. Comparison of LeafScan Al with
existing plant disease detection studies

LeafScan Al achieves competitive accuracy
(96.88%) while covering 33 disease categories
across 9 crops within a fully deployable web
application — a scope broader than most
comparable single-study systems. Unlike
studies focused purely on model accuracy,
LeafScan Al prioritizes practical deployability,
real-time inference, and user accessibility.

6.4 System Response Time

Inference response time was measured on a
standard development machine (Intel Core i5, 8
GB RAM, no GPU). The average end-to-end
prediction time — from image upload reception
to JSON response delivery — was 1.8 seconds
for 150x 150 images. This response time is well
within acceptable limits for a web-based
advisory tool and can be further reduced with
GPU deployment or model quantization.

VII. CONCLUSION AND FUTURE
SCOPE

7.1 Conclusion

This paper presented LeafScan Al, a
comprehensive deep learning-based plant leaf
disease detection system capable of identifying
33 disease categories across 9 crop species with
an overall accuracy of 96.88%. The system
combines a custom CNN trained on the
PlantVillage dataset with an OpenCV-based
image preprocessing pipeline and a Flask web
application, providing real-time disease
diagnosis via an intuitive browser interface. The
confidence-scored predictions enable users to
assess result reliability and seek expert
consultation for low-confidence cases.

The work demonstrates that state-of-the-art
deep learning techniques, when combined with
accessible web deployment frameworks, can
produce practical agricultural decision-support
tools that do not require specialized hardware
or technical expertise from end users. By

enabling early and accurate disease detection,
LeafScan Al can significantly contribute to
reducing crop losses, optimizing pesticide use,
and improving the economic outcomes of
farmers across diverse agricultural contexts.

7.2 Future Scope

« Real-field image training: Augment the
PlantVillage dataset with real-world field
photographs to reduce laboratory-to-field
domain shift and improve generalization
under natural lighting and background
conditions.

* Mobile application: Develop a native
Android/iOS application using TensorFlow
Lite for on-device inference, enabling
offline use in areas with limited internet
connectivity — critical for rural agricultural
communities.

« Additional crop coverage: Extend the model
to cover additional crops such as Wheat,
Rice, Soybean, Mango, and Sugarcane,
which are economically significant in the
Indian subcontinent.

« Severity estimation: Add a severity scoring
module that quantifies the extent of disease
infection (mild / moderate / severe) based
on the proportion and pattern of affected
leaf area.

« Explainability: Integrate Gradient-weighted
Class Activation Mapping (Grad-CAM) to
generate visual heatmaps highlighting the
leaf regions that most influenced the model
prediction, improving interpretability and
farmer trust.

» Multilingual  support: Add language
localization for Hindi, Marathi, Telugu, and
other regional languages to maximize
accessibility  for  non-English-speaking
farmers.

« Integration with advisory system: Connect
LeafScan Al with a fertilizer and pesticide
recommendation engine to provide end-to-
end treatment guidance following disease
diagnosis.
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