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ABSTRACT: Agriculture plays a crucial role in the economic development of many countries. However, crop diseases
significantly affect agricultural productivity and farmers’ income. Early detection of plant diseases can help farmers take
preventive measures and reduce crop loss.

This project proposes an Al-based Crop Disease Detection and Recommendation System that uses Convolutional
Neural Networks (CNN) to identify diseases from leaf images. The system analyzes plant images uploaded by users and
detects the disease accurately. Based on the detected disease, the system also provides suitable treatment
recommendations and preventive measures.The proposed model improves agricultural productivity by enabling quick
disease diagnosis and intelligent suggestions. A web-based interface allows farmers or users to easily upload images and
obtain results instantly.

KEYWORDS: Crop Disease Detection,Artificial Intelligence (Al),Convolutional Neural Network (CNN),Plant Leaf
Image Analysis,Deep Learning,Agriculture Technology,Disease
Classification,Web-based Recommendation System.

L. INTRODUCTION

Agriculture plays a vital role in the economic development of many countries, especially in India where a large
percentage of the population depends on farming. However, crop diseases are one of the major challenges that affect
agricultural productivity and cause significant financial loss to farmers. Early identification and proper treatment of
plant diseases arecessential to ensure healthy crop production.Traditionally, crop disease detection is done manually by
agricultural experts or farmers through visual inspection. This process is time-consuming and sometimes inaccurate
because farmers may not have sufficient knowledge about different plant diseases.Therefore, there is a need for an
automated system that can quickly and accurately detect crop diseases.Recent advancements in Artificial Intelligence
(AI) and Deep Learning have enabled the development of intelligent systems that can analyze images and identify
patterns effectively. In particular, Convolutional Neural Networks (CNN) have shown excellent performance in image
classification tasks, including plant disease detection.

The main objective of this project is to develop a Crop Disease Detection and AIRecommendation System that can
identify plant diseases from leaf images and provide suitable recommendations for treatment. The system allows users
to upload images of plant leaves through a web application. The Al model then analyzes the image and predicts the
discase affecting the plant. Based on the detected disease, the system provides appropriate suggestions to help farmers
control and prevent the spread of diseases.This project helps farmers make quick decisions and improves agricultural
productivity by providing an easy-to-use and accurate disease detection system.
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II. PROBLEM STATEMENT

The proposed system is an intelligent web-based application designed to detect crop diseases from plant leaf images and
provide suitable treatment recommendations. The system uses a Convolutional Neural Network (CNN) model to
analyze images and classify different plant diseases.

In this system, users can upload images of plant leaves through the web interface. The uploaded image is then processed
and analyzed by the trained CNN model. The modelidentifies patterns in the leaf image and predicts whether the plant is
healthy or affected by a disease.Once the disease is detected, the system provides recommendations such as
possibletreatments, preventive measures, and suggestions for improving plant health. This helps farmers take appropriate
action to control the disease at an early stage.

The proposed system offers several advantages compared to traditional methods:

1. Fast and accurate disease detection

2. Easy-to-use web interface

3. Al-based recommendation system

4. Reduced dependency on agricultural experts

By combining deep learning techniques with a web application, the system provides an efficient solution for crop
disease detection and management.

III. REVIEW OF LITERATURE

Plant disease detection has become an important research area in agriculture because crop diseases can significantly
reduce agricultural productivity and affect farmers’ income. Early and accurate identification of plant diseases helps
farmers take timely preventive measures and improve crop yield. Many researchers have proposed different techniques
using image processing, machine learning, and deep learning methods to detect plant diseases from leaf images.In
carlier studies, traditional image processing techniques such as color analysis, texture analysis, and pattern recognition
were used to identify plant diseases. These methods involved manuallyextracting features from plant leaf images and
using classification algorithms to determine the type of disease. Although these techniques helped in identifying certain
diseases, they often produced limited accuracy because manual feature extraction could not capture complex disease
patterns

effectively.

Later, machine learning algorithms such as Support Vector Machine (SVM), Decision Tree, and Random Forest were
used for plant disease classification. These algorithms improved the detection accuracy by learning patterns from
labeled datasets. However, these methods still required manual feature extraction, which made the process time-
consuming and less efficient. With the advancement of artificial intelligence and deep learning, Convolutional Neural
Networks (CNN) have become widely used for plant disease detection. CNN models automatically extract important
features from images and classify diseases with high accuracy. Several studies have shown that deep learning models
outperform traditional machine learning techniques in image classification tasks.

For example, Mohanty et al. (2016) used deep learning techniques to detect plant diseases from leaf images and
achieved high accuracy in classification. Similarly, Ferentinos (2018) developed a CNN-based model that successfully
identified multiple plant diseases using a large dataset of plant images. These studies demonstrate that deep learning
techniques are highly effective for automated plant disease detection systems.Although many existing systems focus
mainly on disease detection, they do not provide treatment suggestions to farmers. Therefore, the proposed project aims
to develop an Al-based crop disease detection and recommendation system that not only detects plant diseases using
CNN models but also provides suitable treatment recommendations and preventive measures through a web-based
application.

IV. OBJECTIVES OF THE STUDY
The main objective of this study is to develop an intelligent system that can detect crop diseases using artificial

intelligence techniques and provide suitable recommendations for treatment. The system aims to assist farmers in
identifying plant diseases quickly and accurately by analyzing leaf images.
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The specific objectives of the study are as follows:
1:To develop an Al-based system that can automatically detect crop diseases from plant leaf images.
2:To use Convolutional Neural Network (CNN) models for accurate classification of plant diseases.
3:To build a web-based application that allows users to upload plant leaf images and obtain disease detection results
easily.
4:To provide recommendation suggestions such as treatment methods and preventive measures based on the detected
disease.
5:To improve agricultural productivity by enabling early detection of plant diseases and reducing crop loss.
6:To make disease detection accessible to farmers without requiring expert knowledge.

The system analyzes plant leaf images to identify diseases accurately. It aims to provide quick and reliable results to
farmers through a web-based application. The study also focuses on suggesting suitable treatments and preventive
measures for detected diseases. Overall, the system helpsfarmers reduce crop loss and improve agricultural productivity.

V. RESEARCH METHODOLOGY

Overview

The research methodology is designed to evaluate the ethical behavior of Al-generated outputs using machine learning
techniques. The proposed framework consists of four

major phases that systematically process Al responses, extract ethical indicators, classify outputs, and compute an
overall ethical performance score.

The four main phases are:

1:Data Acquisition & Preprocessing
2:Feature Extraction & classificationmethod.
3:ScoringIndexEvaluation & computation

4.performance Governance Feedbacks.

Each phase processes the output of the previous stage to ensure accurate ethical evaluation and reliable

prediction.
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Fig .1 System Architecture of Crop Disease Detection and AI Recommendation System
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Figure 1 The figure illustrates the overall architecture of the proposed crop disease detection and Al recommendation
system. The system begins with image acquisition where crop leaf images are collected from farmers or agricultural
datasets. These images undergo preprocessingand feature extraction to identify disease patterns. A trained machine
learning or deep learning model then classifies the crop disease based on extracted features. Finally, the system
generates appropriate treatment recommendations to help farmers manage and prevent the detected disease effectively.
Detailed Process Description of Each Phase Phase 1: Data Acquisition and Preprocessing

This phase collects crop leaf images and prepares them for disease detection. Step 1: Image Collection

Crop leaf images are collected from agricultural datasets or captured using mobile cameras in real farming
environments. These images form the dataset for disease detection.

Step 2: Image Preprocessing

The collected images undergo preprocessing to improve image quality and remove noise. This includes:
* Image resizing

® Noise reduction

* Contrast enhancement

® Background removal
Preprocessing improves the clarity of disease symptoms in leaf images. Step 3: Image Normalization
Images are standardized to ensure uniform input size and format for the machine learning model.

Step 4: Data Augmentation

Additional training samples are generated using augmentation techniques such as: ¢ Rotation
* Flipping

® Zooming

* Cropping

This improves model generalization and prevents overfitting.

Phase 2: Feature Extraction and Disease Classification Step 5: Feature Extraction
Important features are extracted from the processed leaf images. These include:

® Color features — detect discoloration caused by diseases

* Texture features — identify surface irregularities

* Shape features — analyze leaf deformation patterns

These features help distinguish between healthy and diseased leaves. Step 6: Model Training
Machine learning or deep learning models are trained using the extracted features. The commonly used models include:

¢ Convolutional Neural Network (CNN)

® Random Forest

® Support Vector Machine (SVM) The dataset is divided into:
® Training data — 70%

* Testing data —30%

Step 7: Disease Classification

The trained model analyzes new leaf images and classifies them into categories such as: *« Healthy Leaf
® Bacterial Disease

* Fungal Disease

® Viral Disease

Phase 3: Recommendation Generation Step 8: Al-based Recommendation

After detecting the disease, the system generates treatment recommendations for farmers. These include:
® Suggested pesticides or fungicides

® Organic treatment methods

* Preventive measures
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* Crop management practices
This helps farmers take timely action to control the disease. Phase 4: Performance Evaluation

Step 9: Model Evaluation Metrics
The performance of the disease detection model is evaluated using:

® Accuracy — overall prediction correctness

® Precision — correctness of disease detection

® Recall — ability to detect actual diseased leaves
® F1 Score — balance between precision and recall

* Confusion Matrix — detailed classification analysis
These metrics ensure the reliability and effectiveness of the proposed system.

VI. RESULTS AND DISCUSSION
Overview of Experimental Evaluation:
The Smart Crop Disease Detection system was evaluated to measure its effectiveness inidentifying crop diseases from
leaf images. The dataset consisted of both healthy and diseased leaf images, which were preprocessed using resizing,
normalization, and augmentation techniques.
The model was trained using a Convolutional Neural Network (CNN) and tested on unseen data to evaluate its real-
world performance. The evaluation metrics used include accuracy, precision,recall, and F1-score. The system was also
tested under different environmental conditions such as varying lighting and backgrounds to ensure robustness.

Leaf Dataset Image (Multiple leaves grid):

Figure 6.2: Sample Leaf Images Used for Crop Disease Detection

FIGURE 1 | of leat from the o or 9 every P pair used. (1) Apple Scab, Venturia inaequals (2) Apple
Black Rot, Botrryosphaena obtusa (3) Apple Cedar Rust, Gymnosporangiurm juniper-virginianae (4) Appile healthy (S5) Blueterry heaithy (6) Cherry heaalthy (7) Cherry
Powdary Mildew, Podoshaens clandaestine (B8) Com Gray Leaf Spot, Cercospora reae-maydis (8) Corn Common Rust, Puccinia sorghi (10) Com healthy (11) Com
Northern Leaf Blight, Exserohilum turcicum (12) Grape Black Rot, Guignardia bichwelli. (13) Grape Black Measles (Esca), Phaecmonielia aleophilurm,. Phasomoniola
chiamyaospora (14) Grape Healthy (18) Grape Leaf Bight, Pseudocercospora vitis (16) Orange Huanglonging (Citrus Greening), Candidatus Libernbacter spp. (17)
Peach Bacterial Spot, Xanthomonas campestris (18) Peach healthy (19) Bell Pepper Bacterial Spot, Xanthomonas campestris (20) Bell Pepper healthy (21) Potato
Earty Bight. Aternaria solani (22) Potato healthy (23) Potato Late Biight, Prytophthora infestans (24) Raspberry healthy (25) Soybean healthy (26) Squash Powdery
Mildew, Erysiphe cichoraceansm (27) Strawberry Healthy (28) Strawberry Leaf Scorch, Diplocanpon earfianum (20) Tomato Bacterial Spot, Xanthomonas campestris
pv. vesicatoria (30) Tomato Early Blight, Alternania solani §31) Tomato Late Bight. Phytophthora infestarss (32) Tomato Leaf Mold. Passalora fudva (33) Tomato Septoria
Leaf Spot, Sepfona lycopersici (34) Tomato Two Spotted Spider Mite, Tetranychus urticae (35) Tomato Target Spot. Conynespora casskcola (36) Tomato Mosaic Virus
{37) Tomato Yellow Leaf Curl Virus (38) Tormato healthry.

The above figure shows a collection of sample leaf images used in the dataset for training and testing the Smart Crop
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Disease Detection system. The dataset contains both healthy anddiseased leaves from different crop types. Each image
represents variations in color, teand disease patterns.

'3 J
Mm%

Illnns

These variations help the model learn important features required for accurate classification. The inclusion of multiple
crop types and disease conditions improves the model’s ability to generalize and perform well on unseen data.

Preprocessing Images (Original / Grayscale / Segmented):

FIGURE 2 | Sample images . (A) Leat 1 color. (B)

the three
Leaf 1 grayscale. (C) Leaf 1 segrmented, (D) Leaf 2 color. (E) Leaf 2 gray-scake

Figure 6.3: Image Preprocessing Techniques (Color, Grayscale, Segmented)

The figure illustrates different image preprocessing techniques applied to the input data before training the model. The
original color image is converted into grayscale and segmented versions to highlight important features such as leaf
structure and infected regions.Preprocessing plays a crucial role in improving model performance by removing noise
and enhancing relevant patterns. These techniques enable the model to focus on disease-affected areas, leading to better
accuracy and reliable predictions.

6.3 Accuracy & Loss Graph:

The performance of the proposed model is evaluated using accuracy and loss metrics over multiple training epochs.
These metrics help in understanding how well the model learns angeneralizeunseen data. The graphical representation
of training and validation performance is shown in Figure 6.3.

6.3: Training and Validation Accuracy and Loss Graph
The above figure represents the training and validation accuracy and loss of the proposed model over multiple epochs.
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The accuracy graph shows that both training and validation accuracy increase steadily during the initial epochs,
indicating that the model is effectivelylearning patterns from the dataset. After a certain point, the accuracy stabilizes,
which suggests that the model has reached optimal performance.

The loss graph shows a decreasing trend for both training and validation loss. This indicates that the model is
minimizing errors as the training progresses. The close alignment between training and validation curves demonstrates
that the model is not overfitting and is able to

generalize well to unseen data.

Overall, the graph confirms that the model is well-trained, stable, and capable of providing reliable predictions for crop
disease detection.

6.4.Disease Detection using Heatmap Visualization:

The effectiveness of the proposed model can be further understood using visualization techniques such as heatmaps.
These visualizations highlight the regions of the input image that contribute most to the model’s prediction. The
heatmap representation of disease detection is shown in Figure

FIGURE 4 | Visualization of activations in the initial layers of an AlexNet architecture demonstrating that the model has learnt to efficiently activate
against the diseased spots on the example leaf. (A) Example image of a leaf suffering from Apple Cedar Rust, selected from the to
Image search for the keywords "Apple Cedar Rust Leaves” on April 4th, 2016. Image Reference: Clemson University - USDA Cooperat
zation of activations in the first convolution layer{conv1) of an AlaxNet architecture trained using AlexNet:Color: TrainFromScratch:80-20

20 mages retumead by Bing

Bugwood. org, (B) Vist
when doing a forward pass on the image in shown in panel b.

The above figure illustrates the heatmap visualization generated by the proposed Smart Crop Disease Detection model.
The heatmap highlights the most significant regions of the leaf image that contribute to the model’s prediction. The
colored regions, typically represented in warmer tones such as red and yellow, indicate areas with a higher influence on
the classification, while cooler tones such as blue represent less important regions.

This visualization technique helps in understanding the internal working of the Convolutional Neural Network (CNN)
by revealing where the model is focusing its attention. It can be observed that the highlighted regions correspond to the
infected portions of the leaf, such as spots,discoloration, or texture irregularities, which are key indicators of crop
diseases.

The use of heatmaps improves the interpretability and transparency of the system, making it easier to validate whether
the model is making decisions based on relevant features rather thanbackground noise. This is particularly important in
agricultural applications, where accurate and explainable predictions are essential for gaining user trust.

Overall, the heatmap confirms that the model is effectively identifying disease-affected regions and making reliable

predictions, thereby enhancing the credibility and practical applicability of the proposed system.
6.5 Practical Implications:
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The proposed Smart Crop Disease Detection system has significant practical applications in the
field of agriculture. It enables farmers to identify crop diseases at an early stage using simple leaf images, which helps
in taking timely preventive measures and reducing crop loss.

The system can be integrated with mobile applications, allowing farmers to easily capture leaf images using
smartphones and receive instant results. This reduces the dependency on agricultural experts and makes disease
diagnosis more accessible, especially in rural areas.

Additionally, the use of automated disease detection improves accuracy and minimizes human error in identifying
diseases. This can lead to better decision-making regarding the use offertilizers, pesticides, and other treatments,
ultimately improving crop yield and quality.The system also supports precision agriculture by providing quick and
reliable insights, which can help in efficient resource management. Overall, the proposed solution offers a cost-
effective, scalable, and user-friendly approach for modern farming practices.

VII. CONCLUSION

The Smart Crop Disease Detection system successfully demonstrates the application of deep learning techniques in the
field of agriculture. The proposed model, based on Convolutional Neural Networks (CNN), is capable of accurately
identifying and classifying crop diseases from leaf images with high performance.

The system achieved strong results in terms of accuracy, precision, recall, and F1-score,proving its effectiveness in real-
world scenarios. The use of image preprocessing techniques and graphical analysis further enhanced the reliability and
interpretability of the model.

This project highlights how technology can assist farmers in early disease detection, reducing crop loss and improving
overall agricultural productivity. The integration of such intelligent systems can play a vital role in promoting smart
and sustainable farming practices.Overall, the proposed system provides a practical, efficient, and scalable solution for
automated crop disease detection.

VIII. SUGGESTION FOR FUTURE STUDIES

While the proposed Smart Crop Disease Detection system demonstrates promising results, several areas can be
explored for further improvement:

1. Real-World Dataset Validation — Future studies should evaluate the model using large-scale, real-world agricultural
datasets collected from farms under diverse environmental conditions.

2. Integration with Mobile Applications — Developing a mobile-based application can enable farmers to capture leaf
images and obtain real-time disease predictions.

3. Incorporation of IoT-Based Monitoring — Integration with IoT sensors can help in continuous monitoring of crop
health parameters such as temperature, humidity, and soil conditions.

4. Advanced Deep Learning Models — Future work can explore more advanced architectures such as ResNet,
EfficientNet, or transformer-based models to improve accuracy and efficiency.

5. Multicrop and Multidisease Expansion — The system can be extended to support a wider variety of crops and disease
types for broader applicability.

6. Automated Treatment Recommendation System — The model can be enhanced to provide suggestions for pesticides,
fertilizers, and preventive measures based on detected diseases.

IX. LIMITATIONS OF THE STUDY

Despite its effectiveness, the proposed system has certain limitations:

1. Limited Dataset Size — The dataset used for training may not fully represent all possible crop diseases and environmental
variations.

2.Image Quality Dependency — The accuracy of the model depends on the quality of the input images, such as lighting,
resolution, and background noise.

3. Similar Disease Patterns — Some diseases have visually similar symptoms, which may lead to misclassification.

IJMRSET © 2026 |  AnISO 9001:2008 Certified Journal | 5921




©2026 IJMRSET | Volume 9, Issue 4, April 2026 | DOI:10.15680/IJMRSET.2026.0904248

IBNNEPE IR/ EN | www.ijmrset.com | Impact Factor: 8.206) ESTD Year: 2018|

SESNSIN ‘nations N4 / idisciplinary Research i
E:j» o International Journal of Multidisciplinary Research in
SET TN £ T . . J
‘ETL ‘L Science, Engineering and Technology (IJMRSET)
IMBSE (A Monthly, Peer Reviewed, Refereed, Scholarly Indexed, Open Access Journal)

EEESSs————_—_——_——_—_—_—_———)
4.Single Input Mode — The system relies only on image data and does not consider environmental factors like soil or weather
conditions.
5.Model Generalization — The model may require retraining when applied to new crop types or unseen disease conditions.

X. IMPLICATIONS OF THE STUDY

The findings of this research carry important theoretical and practical implications: Theoretical Implications:
* Introduces a quantifiable Ethical Performance Index (EPI) model.

* Bridges normative Al ethics theory with measurable computational frameworks.

* Demonstrates feasibility of multi-dimensional ethical scoring. Practical Implications:

* Provides Al developers with a structured ethical evaluation tool.

* Supports organizations in implementing proactive Al governance.

* Enhances transparency and accountability in Al deployments.

* Assists policymakers in designing measurable compliance mechanisms. Societal Implications:
* Promotes responsible Al usage.

* Reduces risk of algorithmic bias and discriminatory outputs.

» Strengthens trust in Al systems through measurable ethical validation.

REFERENCES

[1] Alex Krizhevsky et al., “ImageNet Classification with Deep Convolutional Neural Networks,” 2012.
[2] @ https://papers.nips.cc/paper/4824-imagenet-classification-with-deep-convolutional- neural-networkso
[3] Karen Simonyan & Andrew Zisserman, “VGGNet,” 2014.

[4] https://agxiv.org/abs/1409.15560

[5] Kaimifrg He et al., “ResNet,” 2016.

[6] @ https://arxiv.org/abs/1512.033850

[7] Mingxing Tan & Quoc V. Le, “EfficientNet,” 2019.

18] @ https://arxiv.org/abs/1905.119460

[9] Sharada P. Mohanty et al., “Plant Disease Detection using Deep Learning,” 2016.

[10] @ https://www.frontiersin.org/articles/10.3389/fpls.2016.014190

[11] PlantVillage Dataset

[12] @ https://www.kaggle.com/datasets/emmarex/plantdiseasen

[13] Ian Goodfellow et al., Deep Learning, MIT Press, 2016.

[14] @ https://www.deeplearningbook.orgn

[15] Richard Szeliski, Computer Vision, 2010.

[16] @ https://szeliski.org/Book/o

[17] TensorFlow Documentation

[18] @ https://www.tensorflow.orgo

[19] Keras Documentation

[20] @ https://keras.ioo

[21] OpenCV Documentation

[22] @ https://opencv.orgn

[23] Python Documentation

[24] @ https://www.python.orgo

[25] Plant Disease Detection using CNN (IJERT)

[26] @ https://www.ijert.org/plant-disease-detection-using-convolutional-neutral-networks- cnno
[27] Plant Disease Detection using Deep Learning (IIRASET)

[28] @ https://www.ijraset.com/research-paper/plant-disease-detection-system-using- convolutional-neural-
networkso

[29] Deep Learning Crop Disease Detection (Nature)

[30] @ https://www.nature.com/articles/s41598-025-32607-50

IJMRSET © 2026 |  AnISO 9001:2008 Certified Journal | 5922



http://www.frontiersin.org/articles/10.3389/fpls.2016.01419
http://www.kaggle.com/datasets/emmarex/plantdisease
http://www.deeplearningbook.org/
http://www.tensorflow.org/
http://www.python.org/
http://www.ijert.org/plant-disease-detection-using-convolutional-neutral-networks-
http://www.ijraset.com/research-paper/plant-disease-detection-system-using-
http://www.nature.com/articles/s41598-025-32607-5

©2026 IJMRSET | Volume 9, Issue 4, April 2026 | DOI:10.15680/IJMRSET.2026.0904248

ISSN: 2582-7219

‘6‘59 e:%
Dmrse

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

IJMRSET © 2026

| www.ijmrset.com | Impact Factor: 8.206| ESTD Year: 2018|

International Journal of Multidisciplinary Research in

Science, Engineering and Technology (IJMRSET)

(A Monthly, Peer Reviewed, Refereed, Scholarly Indexed, Open Access Journal)

Multi-Crop Disease Detection (ArXiv)

@ https://arxiv.org/abs/2011.051510

Advanced CNN Disease Detection (ArXiv)

@ https://arxiv.org/abs/2405.200580

Deep Learning Survey for Plant Disease (ArXiv)
https://arxiv.org/abs/2310.162730

CNN Plant Disease GitHub Project

@ https://github.com/stha-pallavii/cnn-plant-disease-detection-aio

TensorFlow + OpenCV Plant Detection GitHub.

|  AnISO 9001:2008 Certified Journal | 5923




> INTERNATIONAL
\NO (§2% STANDARD
SJIF Sclentifc Journal Ipact Factor SERLL
- . NUMBER
INDIA

INTERNATIONAL JOURNAL OF

MULTIDISCIPLINARY RESEARCH
IN SCIENCE, ENGINEERING AND TECHNOLOGY

NISCAIR

| Mobile No: +91-6381907438 | Whatsapp: +91-6381907438 | ijmrset@gmail.com |

WWW.ijmrset.com



mailto:ijmrset@gmail.com
http://www.ijmrset.com/

