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Abstract: Grape cultivation faces numerous challenges, including pest infestations, management issues,
fertilizer quality concerns, and diseases caused by bacteria, fungi, and viruses. Among these, powdery
mildew and blotches are particularly significant, each exhibiting distinct visual and biological
characteristics that require precise and timely detection to minimize crop losses and maintain yield
quality.

Traditional disease detection methods primarily rely on manual observation and capturing images of
diseased leaves, often leading to delayed responses and increased damage. To overcome these
limitations, this research proposes an intelligent, data-driven approach that leverages deep learning and
machine learning algorithms to analyze images collected by strategically placed cameras across grape
farms. By continuously monitoring plant health, the system can identify disease symptoms early, allowing
for timely intervention and smarter resource management.

The primary objective of this study is to design and implement an automated disease detection system
capable of accurately classifying grapevine leaf images into categories of powdery mildew, blotches, and
healthy leaves. The proposed system not only provides real-time disease alerts to farmers but also
supports decision-making processes by recommending authorized actions based on detected conditions
After the individual classification performances are evaluated, a stacking ensemble method is
implemented to combine the strengths of multiple classifiers and select the optimal model that delivers
the highest accuracy. This ensemble approach not only improves overall system performance but also
reduces the risk of overfitting associated with single models.
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L. INTRODUCTION

In India, nearly 70% of the population depends on the agriculture sector for their livelihood. Among various crops,
grape cultivation is one of the most widely practiced and economically important activities. However, grape leaf
diseases significantly reduce both the quality and productivity of grape yields.
Traditionally, several image processing techniques such as thresholding, clustering, watershed segmentation, and
masking have been adopted to detect and analyze leaf diseases. Modern agriculture increasingly aims to maximize
yield while minimizing labor and time, making it essential to adopt advanced digital image processing techniques.
Proper quality control of agricultural products, particularly grapes, is crucial to achieving higher yields and ensuring
premium fruit quality.
Grapevines are vulnerable to various diseases, including Downy Mildew, Powdery Mildew, Gray Mildew, Rust, and
Black Rot, all of which negatively impact grape leaves and reduce overall productivity. Diagnosing these diseases can
often be confusing due to the visual similarities between symptoms, making it difficult for cultivators to accurately
identify the specific disease affecting the plant. As a result, farmers often rely on consultations with expert agronomists,
which can be costly and not always feasible. Furthermore, continuous manual monitoring by farmers through naked-
eye observation is impractical and prone to errors.
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To address these challenges, digital image processing techniques are utilized to automate and enhance disease
detection. In the proposed approach, the input RGB image of the grape leaf is first converted to grayscale.
Subsequently, histogram thresholding is applied for image segmentation. CNN features are then extracted to capture
important texture characteristics of the leaf. Finally, a Support Vector Machine (SVM) classifier is employed to
accurately detect and classify the disease.

This proposed system offers an automatic, fast, accurate, and cost-effective method for detecting and classifying
grape leaf diseases, ultimately supporting farmers in early diagnosis and timely management of vineyard health.

Grapes play a crucial role in human agriculture, serving as an essential source of food, beverages, and medicinal
products. A large portion of the global population depends on grape production, and the demand continues to rise due
to the fast-growing world population. However, the field of grape cultivation faces several agronomic challenges,
including pest infestations, suboptimal management practices, and issues related to fertilizer quality and cost. These
challenges significantly increase the risks associated with grape production.

Botanical studies reveal that plant diseases are commonly caused by bacteria, fungi, and viruses. Among the numerous
diseases affecting grape plants, powdery mildew and blotchy diseases are among the most prominent. Observations
across various plants show that disease symptoms manifest through noticeable variations in leaf color, such as shades
of yellow and brown. Each disease exhibits unique characteristics in terms of shape, color, and size, although slight
similarities between diseases can often confuse farmers, leading to incorrect assessments and delayed responses.
Accurate and timely detection of plant diseases is critical for minimizing crop losses and making informed management
decisions. Traditionally, farmers relied on capturing images of diseased leaves for manual study and diagnosis.
However, a more advanced and efficient method involves the deployment of strategically placed cameras across
vineyards to continuously capture images of plants. These images are then analyzed using deep learning systems
capable of detecting diseases automatically and providing comprehensive insights to assist in decision-making.

II. LITRATURE REVIEW
1. Deep Learning-Based System for Early Symptoms Recognition of Grapevine Red Blotch and Leafroll
Diseases
Authors: Juan Carlos Gonzalez-Castafieda, Laura Hernandez-Hernandez, Mayra Janeth Macias-Duarte, Gabriel Olague
Objective: Develop a deep learning-based system to recognize early symptoms of Grapevine Red Blotch and Leafroll
Diseases.
Methodology: Used YOLOvV5 and ResNet-50 models for image-based disease recognition and implemented on edge
computing devices.
Results: Achieved 95.36% accuracy, effective for real-time disease detection in vineyards.
Citation:
Gonzalez-Castafieda, J. C., Hernandez-Hernandez, L., Macias-Duarte, M. J., & Olague, G. (2025). Deep Learning-
Based System for Early Symptoms Recognition of Grapevine Red Blotch and Leafroll Diseases and Its Implementation
on Edge Computing Devices. Sensors, 25(3), 63. https://doi.org/10.3390/s2503063
2. Early Prediction of Grape Disease Attack Using a Hybrid Classifier in Association with IoT Sensors
Authors: Ajinkya Gawande, Shubhangi Sherekar, Ravindra Gawande
Objective: Predict grapevine diseases like Powdery Mildew using a hybrid machine learning classifier with IoT-based
environmental data.
Methodology: IoT sensors collected temperature and humidity data; machine learning model predicted disease
occurrence.
Results: 98.25% accuracy in predicting Powdery Mildew.
Citation:
Gawande, A., Sherekar, S., & Gawande, R. (2024). Early prediction of grape disease attack using a hybrid classifier in
association with IoT sensors. Heliyon, 10(19), e38093. https://doi.org/10.1016/j.heliyon.2024.¢38093
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3. Artificial Intelligence and Novel Sensing Technologies for Assessing Downy Mildew in Grapevine

Authors: Luis Sanchez, Roberto Llorens, Jorge G. Lorenzo, Isabel Marqués

Objective: Evaluate Downy Mildew using image processing, hyperspectral sensors, and Al

Methodology: Used machine vision and CNN models, along with PLS-DA and KNN, for analyzing sporulation levels.
Results: R? of 0.76 and 81% accuracy using hyperspectral methods.

Citation:

Sanchez, L., Llorens, R., Lorenzo, J. G., & Marqués, 1. (2021). Artificial Intelligence and Novel Sensing Technologies
for Assessing Downy Mildew in Grapevine. Horticulturae, 7(5), 103. https://doi.org/10.3390/horticulturae7050103

4. Multiclass Classification of Grape Diseases Using Deep Artificial Intelligence

Authors: Laith Alzubaidi, Jihad Al-Shamma, Ali Al-Zawi, Othman A. Ismail, Mohammed A. Albahli

Objective: Classify grape diseases using pre-trained CNNs (e.g., VGG, ResNet).

Methodology: Transfer learning approach with grape disease image datasets.

Results: Achieved high classification accuracy across multiple grape leaf diseases.

Citation:

Alzubaidi, L., Al-Shamma, J., Al-Zawi, A., Ismail, O. A., & Albahli, M. A. (2022). Multiclass Classification of Grape
Diseases Using Deep Artificial Intelligence. Agriculture, 12(10), 1542. https://doi.org/10.3390/agriculture12101542

I11. PURPOSE
The purpose of this research is to develop an intelligent, automated system that enhances the early detection,
diagnosis, and classification of grape leaf diseases—particularly powdery mildew and blotchy diseases—by
leveraging strategically placed cameras and deep learning algorithms. By doing so, the study aims to improve
grape cultivation practices, minimize crop losses, support farmers in decision-making, and promote cost-effective
disease management in vineyards.
Key objectives:
To identify and address the key challenges in grape cultivation related to plant diseases caused by bacteria, fungi, and
viruses.
To design a continuous monitoring system using strategically placed cameras for real-time image acquisition in grape
farms.
To implement deep learning models capable of automatically detecting and classifying grape leaf diseases based on
captured images.
To differentiate between diseases with similar visual symptoms by analyzing shape, color, and size variations using
advanced image processing techniques.
To develop a decision-support system that alerts farmers to potential infections and suggests appropriate action plans.

IV. OBJECTIVE OF SYSTEM
e To automate the process of Grape Disease classification using machine learning.
e To minimize dependency on large-scale public datasets.
e To enhance classification accuracy with small training samples.
e To reduce the impact of environmental noise through effective image segmentation.
e To generate synthetic training data using DCGAN for data augmentation.

V. PROPOSED SYSTEM
The proposed system introduces an automated, intelligent framework for the detection and classification of grape leaf
diseases, with a primary focus on powdery mildew and blotchy diseases. The system integrates digital image
processing, machine learning, and deep learning techniques to provide a real-time, accurate, and cost-effective
solution for disease management in grape cultivation.
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Fig 1.Architecture

Preprocessing:

The input RGB images are converted into grayscale images to simplify further analysis.

Image enhancement techniques are applied to improve the quality of the data.

Histogram thresholding is used for segmentation to isolate the leaf regions from the background.

Feature Extraction:
Textural and structural features are extracted using methods Additional features such as color, shape, and texture are
captured to improve classification accuracy.

Classification:

Multiple machine learning classifiers, including Support Vector Machine (SVM) and deep learning models like
Convolutional Neural Networks (CNN), are applied.

An ensemble approach using a stacking algorithm is implemented to combine the strengths of individual classifiers
and select the best-performing model.

Disease Detection:
Based on classification results, the system identifies whether a leaf is healthy or affected by a specific disease.
If a disease is detected, the system generates real-time alerts for farmers and suggests appropriate remedial actions.
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VI. RESULT AND DISCUSSION
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Fig 2. Login Module
The login interface allows authenticated users to securely access the system. Users can enter their email address and
password to sign in to the application. The interface is designed with a clean and user-friendly layout to improve
usability and accessibility for vineyard monitoring activities.

2. Dashboard
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Fig 3. Dashboard

After successful authentication, the user is redirected to the Vineyard Dashboard. The dashboard provides two major
functionalities:

Live Camera Scan:

Users can capture grape leaf images directly using the device camera for real-time disease detection.

Upload Image:

Users can upload grape leaf images in JPEG or PNG format for disease analysis. The dashboard is designed with an Al-
powered interface that guides users to perform disease diagnosis efficiently. The system enhances user interaction
through an attractive and responsive design.
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Fig 5. Precision-Recall
Healthy Leaves achieved the highest average precision (0.995), indicating the model is extremely reliable in
identifying non-diseased leaves.
Bacterial Leaf Spot had the lowest precision (0.287), suggesting difficulty in distinguishing it from other diseases.

Confusion Matrix
Highlights misclassification patterns between actual and predicted labels.
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The background class was classified most accurately, with very high counts in correct cells.

Misclassifications occurred mainly between Bacterial Leaf Spot, Powdery Mildew, and Downey Mildew, showing
overlapping visual features.
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Fig 6. Confusion Matrix

VI. CONCLUSION
The application of advanced deep learning and machine learning algorithms is demonstrated for the smart detection
of diseases in grape cultivation, effectively addressing challenges related to pests, management practices, fertilizer
quality, and plant health. A robust intelligent system is developed by integrating Convolutional Neural Networks
(CNN), Support Vector Machine (SVM), Decision Tree (DT), Naive Bayes (NB), and Random Forest (RF)
algorithms. This system utilizes images captured by strategically placed cameras on farms to accurately diagnose
powdery mildew, blotches, and to identify healthy leaves.
The performance of the model is further enhanced through the use of augmented data and Histogram of Oriented
Gradients (HOG) preprocessing techniques, which improve the model's ability to detect and classify diseases
effectively. Among the algorithms evaluated, the CNN model achieved an impressive initial accuracy of 96.1%.
Additionally, the application of transfer learning and fine-tuning techniques to the CNN model significantly boosted
its performance, resulting in an additional 3.1% improvement in accuracy. Consequently, the final fine-tuned model
achieved a remarkable overall accuracy of 99.2%, highlighting the immense potential of deep learning approaches to
revolutionize disease detection in modern agriculture.

VII. ACKNOWLEDGMENT
We express our heartfelt gratitude to our esteemed mentors and professors, especially Prof. Mr.N.V.Alone, for their
invaluable guidance in our academic and project endeavours. We also extend our thanks to the Computer Engineering
Department and its staff for their continuous support. Our sincere thanks go to Dr. S. S. Sane, Principal of GES’s R. H.
Sapat College of Engineering, Management Studies and Research, Nashik, for his support and permission to complete

Copyright to IJARSCT
www.ijarsct.co.in

DOI: 10.48175/568 221

ISSN \8

| 2581-9429 |}




.(I IJARSCT

Xx International Journal of Advanced Research in Science, Communication and Technology
IJARSCT International Open-Access, Double-Blind, Peer-Reviewed, Refereed, Multidisciplinary Online Journal FiEp 0O
ISSN: 2581-9429 Volume 6, Issue 5, May 2026 Impact Factor: 8.2

this project. We appreciate the assistance of our department's support staff, and we're grateful to our parents, friends,
and all those who supported usthroughout this project.

REFERENCES
[1] Ulian et al., ““Unlocking plant resources to support food security and promote sustainable agriculture,”” Plants,
People, Planet, vol. 2, no. 5, pp. 421-445, Sep. 2020.
[2] A. Khakimov, I. Salakhutdinov, A. Omolikov, and S. Utaganov, ‘‘Traditional and current-prospective methods of
agricultural plant diseases detection: A review,”” IOP Conf. Ser., Earth Environ. Sci., vol. 951, no. 1, Jan. 2022, Art. no.
012002.
[3] A. Mesterhazy, J. Olah, and J. Popp, “‘Losses in the grain supply chain: Causes and solutions,”” Sustainability, vol.
12, no. 6, p. 2342, Mar. 2020.
[4] A. Ananga, V. Georgiev, J. Ochieng, B. Phills, and V. Tsolova, ‘‘Production of anthocyanins in grape cell cultures:
A potential source of raw material for pharmaceutical, food, and cosmetic industries,”” in The Mediterranean Genetic
Code—Grapevine and Olive, vol. 1. University of Nairobi Research Archive, 2013, pp. 247-287.
[5] P. Juroszek and A. von Tiedemann, ‘‘Plant pathogens, insect pests and weeds in a changing global climate: A
review of approaches, challenges, research gaps, key studies and concepts,’” J. Agricult. Sci., vol. 151, no. 2, pp. 163—
188, Apr. 2013.
[6] S. Sankaran, A. Mishra, R. Ehsani, and C. Davis, ‘‘A review of advanced techniques for detecting plant diseases,’’
Comput. Electron. Agricult., vol. 72, no. 1, pp. 1-13, Jun. 2010.
[71J. Vega, S. M. M. Scagliusi, and E. C. Ulian, ‘‘Sugarcane yellow leaf disease in brazil: Evidence of association with
a luteovirus,’” Plant Disease, vol. 81, no. 1, pp. 21-26, Jan. 1997.
[8] R. G. de Luna, E. P. Dadios, and A. A. Bandala, ‘‘Automated image capturing system for deep learning-based
tomato plant leaf disease detection and recognition,”” in Proc. IEEE Region 10 Conf., Oct. 2018, pp. 1414-1419.
[9] M. A. Culman, J. A. Gomez, J. Talavera, L. A. Quiroz, L. E. Tobon, J. M. Aranda, L. E. Garreta, and C. J. Bayona,
““A novel application for identification of nutrient deficiencies in oil palm using the Internet of Things,”” in Proc. 5th
IEEE Int. Conf. Mobile Cloud Comput., Services, Eng. (MobileCloud), Apr. 2017, pp. 169-172.
[10] A. Nigam, A. K. Tiwari, and A. Pandey, ‘‘Paddy leaf diseases recognition and classification using PCA and BFO-
DNN algorithm by image processing,”” Mater. Today, Proc., vol. 33, pp. 48564862, Jan. 2020.
[11] A. C. Rumbaugh, R. C. Girardello, M. L. Cooper, C. Plank, S. K. Kurtural, and A. Oberholster, ‘‘Impact of
rootstock and season on red

Copyright to IJARSCT
www.ijarsct.co.in

DOI: 10.48175/568 222

| 2581-9429 |1
R\ 1JARSCT /3
& <




