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ABSTRACT 

This project focuses on developing a machine learning-

based system for detecting plant diseases, providing 

valuable support to farmers, botanists, and researchers. The 

aim is to improve agricultural productivity and research 

efforts through automated plant health monitoring. The 

solution includes a user-friendly and responsive interface 

built with Streamlit, a Python framework that facilitates the 

creation of web applications, enabling efficient interaction 

for users, whether they are in farming or research. 

 

The system leverages Convolutional Neural Networks 

(CNN) with a fine-tuned VGG16 pre-trained model, 

utilizing transfer learning to accurately classify plant 

diseases based on leaf imagery. A diverse dataset of plant 

diseases is used for training, with advanced image 

preprocessing techniques applied to improve classification 

accuracy. This solution ensures a scalable, precise, and 

user-friendly method for disease detection, facilitating 

seamless adoption into modern agricultural workflows. 
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1. INTRODUCTION 

Agriculture plays an important role in ensuring food 

sustainability and strengthening economic resilience.  

 

However, plant diseases present a major challenge to crop  

 

 

 

productivity and quality. Conventional approaches  

to disease identification depend on visual inspection, which 

demands significant labor, takes considerable time, and is 

prone to errors in human judgment. Given the growing need 

for more efficient and scalable solutions, machine learning 

has become a game-changer in the early detection of plant 

diseases. 

Among various machine learning techniques, Convolutional 

Neural Networks (CNNs) have demonstrated outstanding 

performance in image classification tasks, making them 

highly effective in diagnosing plant diseases based on leaf 

symptoms. By examining extensive datasets of labeled plant 

images, these models can detect subtle patterns in color, 

texture, and shape that indicate disease occurrence. Compared 

to traditional classification approaches like Support Vector 

Machines (SVM) and Random Forests, CNNs provide higher 

accuracy in processing raw image data. 

This research introduces a CNN-based approach that 

leverages transfer learning with the VGG16 model to achieve 

precise and efficient plant disease identification. By 

combining deep learning with precision agriculture, the 

proposed system facilitates real-time disease identification 

through an interactive and user-friendly platform. This 

innovation has the capability to transform agricultural disease 

management by offering farmers and researchers accessible, 

data-driven insights to enhance crop health and productivity. 
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2. LITERATURE SURVEY   

 In [1], the study found that the EfficientNetV2S model 

consistently outperformed the VGG16 model in plant disease 

classification.  

EfficientNetV2S achieved higher accuracy, with 96.06% 

training accuracy and 95.83% testing accuracy, compared to 

VGG16. The EfficientNetV2S model proved highly effective 

in identifying intricate patterns and delivering more accurate 

predictions. Additionally, it showed improved resilience 

against overfitting and performed well even when trained on 

a relatively small dataset. Study highlighted that 

EfficientNetV2S benefits from a refined architectural 

structure and leverages a broader dataset for enhanced 

performance. These findings suggest that EfficientNetV2S is 

a more suitable choice for plant disease classification tasks, 

offering improved accuracy and efficiency compared to 

VGG16. 

 

 In [2], the researchers conducted a comparative study of three 

deep learning models—CNN, VGG16, and VGG19—for the 

detection of plant leaf diseases. Their analysis utilized a 

dataset comprising 9,127 labeled plant images to train and 

assess the models based on performance metrics such as 

accuracy, F1 score, recall, and precision. The findings 

indicate that CNN achieved the highest overall effectiveness, 

recording an efficiency of 0.97 and an F1 score of 0.95. 

Meanwhile, VGG16 and VGG19 also demonstrated strong 

performance, attaining accuracies of 0.96 and 0.95, 

respectively. However, threats like overfitting, computational 

resource requirements, and the need for high-quality 

annotated data are also considered.  

 

 

 
 

In [3], the researcher seeks to enhance plant disease detection 

in practical settings by utilizing laboratory datasets for 

training while validating the model with real-world images 

[3]. They propose a region-reweighting an approach that 

partitions images into patches, extracts features using a pre-

trained CNN and assigns weights based on patch similarity 

[3]. This approach enhances classification performance, 

achieving an accuracy of up to 92% for disease classes that 

previously recorded less than 90% accuracy using advanced 

models [3]. The study utilizes the PlantVillage dataset for 

training and the PlantDoc dataset for testing. By addressing 

the limitations of models trained solely on lab-captured 

images, the authors seek to create a more effective and 

generalizable plant disease identification system for practical 

applications in agriculture [3]. The classification of rice plant 

images has been successfully conducted. Experimental 

findings confirm the effectiveness of the proposed method, 

demonstrating its efficiency in detecting plant diseases. The 

proposed method effectively predicts the class of rice plant 

images.  

 

In [4], the author focuses on creating an improved plant leaf 

disease detection system by fine-tuning a Convolutional 

Neural Network (CNN) model. This method utilizes deep 

learning to automatically recognize and categorize different 

plant diseases from leaf images, facilitating early 

identification and prompt action. The research utilizes an 

extensive collection of plant images, encompassing both 

healthy and infected samples, to train and evaluate the model's 

performance [4]. By achieving high accuracy in disease 

classification, the authors seek to revolutionize agricultural 

disease management, providing farmers with a rapid and 

precise tool for monitoring crop health and implementing 

targeted treatments. 

 

Several studies have explored the use of machine learning and 

deep learning for plant disease identification. A 2022 review 

extensively analyzed different approaches for plant disease 

recognition, emphasizing the significance of ongoing 

research in tackling challenges within agricultural disease 

management. Another study in 2023 investigated how image 

segmentation techniques enhance the precision of disease 

severity measurement, ultimately improving diagnosis 

efficiency and supporting advancements in agricultural 

practices. Furthermore, a survey conducted in 2023 analyzed 

different machine learning and deep  

 

learning techniques for leaf disease classification, with  

the objective of discovering innovative approaches to 

improve the performance and credibility of plant disease 

detection in agriculture. 

 

3.ORIGINALITY 

The proposed methodology predicts the plant disease from the 

plant leaf using convolution neural network and VGG16 and 

building responsive UI using Streamlit enabling the farmers 

to detect the thousands of diseases from the plant leaf. 

 

 4. SYSTEM DESIGN 
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4.1.  Image Input 

The CNN model accepts a plant leaf image as input, 

which is typically preprocessed (resized, normalized, 

etc.) to maintain uniform input dimensions. 

 

4.2. Image Preprocessing 

 

Resizing: Input images are resized to 224x224 pixels for 

VGG16 compatibility. 

 

Normalization: Pixel intensities are adjusted within a 

range of 0 to 1 to ensure a consistent input distribution. 

 

Data Augmentation (Optional):  Methods like rotation, 

zooming, and flipping improve model adaptability and 

help minimize overfitting. 

 

 

4.3 Convolution Layer(s) 

Convolution Operation: The CNN uses various filters 

(kernels) to analyze the input image, extracting critical 

features such as edges, color variations, leaf patterns, and 

texture changes. 

The ReLU activation function adds non-linearity, 

improving the model's ability to learn complex features. 

4.4 Pooling Layer(s) 

Max Pooling: This technique is used to downsample 

feature maps, minimizing spatial dimensions while 

retaining crucial information. This step improves 

computational efficiency and model accuracy. It 

simplifies computations and focuses on the most 

significant features (e.g., selecting the maximum value 

from a specific region in the feature map). 

 

4.5 Additional Convolutional and Pooling  Layers 

The convolution and pooling processes are repeated 

multiple times to progressively extract higher-level 

features. The starting layers identify the basic textures 

and edges, whereas buried layers discover more abstract 

features such as disease patterns, color variations, or leaf 

damage. 

4.6. Flattening 

The three-dimensional feature map from the final 

convolutional and pooling layers is transformed into a 

one-dimensional vector, making it suitable for processing 

by fully connected layers. 

4.7. Fully Connected Layer(s) 

The flattened vector is fed into one or more fully 

connected (dense) layers, which combine the features to 

help the model make predictions. 

ReLU activations are frequently used in these layers. 

 

4.8. Output Layer 

The final dense layer generates probability scores for each 

class (different plant diseases), typically using a softmax 

activation function to create a probability distribution across 

the classes. 

 

4.9. Classification 

The model predicts the disease class with the highest 

probability (e.g., "leaf spot," "powdery mildew," or 

"healthy"). 

It may also display the confidence level for each prediction. 

4.10. Post-processing 

Result Interpretation: The predicted disease is explained, 

and relevant information, such as symptoms and 

treatment options, can be provided to the user. 

Optional Feedback: If a feedback loop is present, users 

can confirm the accuracy of the prediction, which can be 

utilized to refine the model over time.  

 

 

 
 

5.  CONCLUSION 

In summary, employing CNNs for plant disease identification 

presents an innovative method to the agricultural sector by 

delivering a precise, efficient, and scalable method for disease 

management. By leveraging deep learning techniques, this 

system facilitates the early identification of plant diseases, 

reducing the risk of large-scale crop losses. The integration of 

transfer learning with VGG16 enhances the model’s 

adaptability and accuracy, making it a practical and viable 

solution for practical farming implementations. This research 

emphasizes the significance of machine learning by 

revolutionizing plant health monitoring and providing 

farmers and researchers with an automated, reliable, and user-

friendly solution. 
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Future advancements emphasize enhancing dataset diversity 

refining model efficiency and integrating real-time feedback 

mechanisms to further improve plant disease detection 

systems. 

 

6.ACKNOWLEDGEMENT  

We would like to express our sincere gratitude to our guide, 

Mrs. Gauri Bilaye, and mentors for their support and 

encouragement throughout this project. Their valuable 

insights and expertise greatly contributed to the success of this 

research. We also thank our institution for providing the 

resources and infrastructure necessary for carrying out this 

work. Finally, we are grateful to the contributors of the plant 

disease datasets used in this study. 

  

 REFERENCES 

[1] G. Sachdeva, P. Singh and P. Kaur, "Plant leaf disease 

classification using deep Convolutional neural network 

with Bayesian learning", Mater Today Proc, vol. 45, pp. 

5584-5590, 2021. 

[2] S. P. Mohanty, D. P. Hughes and M. Salathé, "Using deep 

learning for image-based plant disease detection", Front 

Plant Sci, vol. 7, no. September, pp. 1-10, 2016. 

[3] Ferentinos KP. Deep learning models for plant disease 

detection and diagnosis. Computers and electronics in 

agriculture. 2018 Feb 1; 145:311-8. 

[4] M. Agarwal, A. Singh, S. Arjaria, A. Sinha and S. Gupta, 

"ToLeD: Tomato Leaf Disease Detection  

using Convolution Neural Network", Procedia Comput 

Sci, vol. 167, no. 2019, pp. 293-301, 2020. 

[5] H. Durmus, E. O. Gunes¸ and M. Kirci, Disease detection 

on the leaves of the tomato plants by using  

deep learning, In Agro-Geoinformatics, IEEE 6th 

International Conference on, pp. 1-5, 2017. 

[6] J. G. B. Garcia, Digital Image Processing Techniques    

for Detecting, Quantifying and Classifying Plant 

Diseases, Springer Plus, 2013. 

[7] S.P. Mohanty, D.P. Hughes, and M. Salathé Using deep 

learning for image-based plant disease detection in 

Frontiers in plant science 7, p. 1419, 2016. 

[8] Y. Zhong and M. Zhao, “Research on deep learning in 

apple leaf disease recognition,” Computers and 

Electronics in Agriculture, vol. 168, no. August 2019, 

p. 105146, 2020. 


