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Abstract—The agricultural sector plays a vital role in 

global food security and economic stability but faces 

challenges such as crop diseases that impact productivity 

and quality. Manual disease detection is labor-intensive 

and error-prone, especially in large fields, necessitating 

automated solutions. This study introduces a deep 

learning framework using Convolutional Neural 

Networks (CNNs) integrated with a Streamlit-based web 

interface for detecting cotton and apple leaf diseases. The 

methodology involves data collection, preprocessing 

through normalization and augmentation, model 

selection using DenseNet121, ResNet50V2, and Xception, 

and deployment via Streamlit. Transfer learning with 

pre-trained models enhances accuracy while optimizing 

training efficiency. 

 

Index Terms—Convolutional Neural Networks (CNNs), 

DenseNet121, Image Processing, InceptionV3, 

ResNet50V2, VGG16, VGG19. 

 

I. INTRODUCTION 

 

I am Global food security and economic stability 

depend on agriculture, yet it faces many obstacles, 

especially from plant diseases that jeopardize crop 

quality and quantity. Apple and cotton crops, which 

are vital to the food and textile industries, are 

particularly vulnerable to a number of leaf diseases 

that, if not identified in time, can result in significant 

financial losses. Conventional disease detection 

techniques depend on expert manual inspection, which 

is labor-intensive, time-consuming, and prone to 

human error. With the rise of artificial intelligence 

(AI) and deep learning, automated solutions offer a 

promising alternative for efficient and accurate disease 

detection.  

Convolutional Neural Networks (CNNs), widely used 

in image classification tasks, provide a robust 

approach to diagnosing plant diseases by learning 

patterns from thousands of labeled images. This 

capability makes deep learning an ideal technology for 

developing scalable and accurate plant disease 

detection frameworks.  

The proposed framework leverages CNN architectures 

such as ResNet50 and DenseNet121, combined with 

Streamlit, an open-source Python library, to create an 

interactive and user-friendly web application for 

detecting cotton and apple leaf diseases. The 

methodology involves data preprocessing steps, 

including image resizing, normalization, and data 

augmentation, to enhance model robustness. 

Transfer learning is employed to improve 

classification accuracy by utilizing pre-trained 

models. Once trained, the model is evaluated based on 

performance metrics such as accuracy, precision, 

recall, and F1-score to ensure reliable predictions. The 

trained model is then deployed in a Streamlit 

application, allowing users to upload images of leaves 

and receive instant disease classification results along 

with confidence scores. The interactive interface also 

provides educational resources and disease 

management recommendations, making the system 

accessible to farmers and agricultural professionals. 

This deep learning-based disease detection framework 

offers several advantages, including real-time disease 

identification, improved accuracy, and reduced 

dependency on manual inspections. 

The use of a web-based interface makes the system 

easily accessible to users with minimal technical 

expertise, while its scalability allows for future 

expansion to additional crops and diseases. However, 

challenges such as data collection, environmental 

variability, and computational requirements must be 

addressed to ensure the model's effectiveness in real-
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world conditions. Future enhancements could include 

integrating mobile applications, real-time image 

capture using drones, and edge computing to improve 

accessibility and efficiency. By combining deep 

learning with user-friendly deployment, this 

framework has the potential to revolutionize 

agricultural disease management,contributing to 

increased productivity and sustainable farming 

practice. 

 

II. RELATED WORK 

 

Recent advancements in deep learning have 

significantly enhanced the detection and classification 

of apple leaf diseases. Notably, researchers have 

developed models like the Coordination Attention 

EfficientNet (CA-ENet), which integrates 

coordination attention mechanisms to improve feature 

representation, achieving high accuracy in identifying 

various apple diseases. [11] Similarly, the 

AppleLeafNet framework offers a lightweight 

solution, employing a 37-layer deep learning model to 

distinguish between healthy and diseased apple leaves, 

further subclassifying diseases such as rust, scab, and 

frogeye leaf spot. To address challenges in real-time 

detection, modified versions of existing architectures 

have been proposed. For instance, an improved 

YOLOv5-based method, termed A-Net, has been 

developed to efficiently detect apple leaf disease spots, 

enhancing both detection speed and accuracy.  

Furthermore, a lightweight YOLOv8 model has been 

developed specifically for the detection of apple leaf 

disease in natural settings. This model can be easily 

deployed on mobile and embedded devices, offering 

useful solutions for disease monitoring on-site. In this 

field, transfer learning strategies have also been 

successfully applied. By fine-tuning pre-trained 

models like EfficientNetV2S on apple leaf disease 

datasets, researchers have achieved impressive 

classification accuracies, demonstrating the potential 

of leveraging existing models for specific agricultural 

applications.  

Several studies have explored the use of deep learning 

models for the detection and classification of apple 

leaf diseases, leveraging convolutional neural 

networks (CNNs) and transfer learning approaches. 

Researchers have employed architectures such as 

VGG16, ResNet, Inception, and Xception, 

demonstrating their ability to extract high-level 

features from leaf images for accurate disease 

identification. Studies have shown that pre-trained 

models fine-tuned on agricultural datasets outperform 

traditional machine learning techniques, as they 

effectively learn complex patterns in diseased leaves. 

Additionally, some works have integrated 

hyperspectral imaging and attention mechanisms to 

enhance classification accuracy further. However, 

challenges such as dataset imbalance, model 

generalization, and real-time deployment continue to 

be areas of ongoing research in plant disease detection 

systems. 

 

III. METHODOLOGY 

 

The methodology for implementing a Convolutional 

Neural Network (CNN) for image classification 

follows a structured approach to ensure an efficient 

model capable of performing well on unseen data. The 

first step in the process is data preprocessing, which 

prepares the raw images for model training. Images are 

rescaled to normalize pixel values, converting the 

pixel range to a scale of 0 to 1 by dividing each pixel 

value by 255. This normalization ensures that the 

model does not assign excessive importance to certain 

pixels, leading to faster and more stable training. Data 

augmentation is then applied to introduce variability 

into the dataset through transformations such as 

rotation, shifting, shearing, zooming, and horizontal 

flipping. 

By ensuring that the model generalizes patterns rather 

than memorizes specific details, these techniques help 

the model learn robust features and avoid overfitting. 

To give an objective assessment of the model's 

performance, the test data is only rescaled without 

being enhanced, maintaining its original structure.  

Once data preprocessing is completed, the CNN 

architecture is designed using a Sequential model, 

which allows layers to be added in a linear fashion. 

The architecture consists of multiple convolutional 

layers, followed by max-pooling layers, a flattening 

layer, fully connected layers, and a SoftMax output 

layer. The first convolutional layer has 32 filters to 

extract basic image features such as edges and 

textures, while each subsequent layer increases the 

filter count—64 in the second and 128 in the third—

enabling the model to learn more complex and abstract 

features. Max-pooling layers follow convolutional 

layers to reduce spatial dimensions by selecting the 



© May 2020 | IJIRT | Volume 6 Issue 12 | ISSN: 2349-6002 

IJIRT 174598 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 99 

highest pixel value from small patches of the feature 

map, improving computational efficiency while 

retaining essential information. 

 Prior to being processed by the fully connected layers, 

which eventually result in the SoftMax output layer, 

the output from the final convolutional layer is 

flattened into a one-dimensional vector. The chance 

that a picture belongs to a certain class is represented 

by the SoftMax activation function, which makes sure 

that output values add up to  

1. The Adam optimizer, which effectively modifies 

learning rates to maximize convergence speed and 

accuracy, is used to compile the model. Categorical 

cross-entropy, a loss function that quantifies the 

discrepancy between the actual labels and the 

predicted probability distribution, is employed. This 

function is particularly effective for multi-class 

classification problems. 

The evaluation metric chosen is accuracy, which 

represents the percentage of correctly classified 

instances. While accuracy is a straightforward metric, 

additional performance measures such as precision, 

recall, and F1-score are used during evaluation to 

account for class imbalances. The CNN model is then 

trained for 20 epochs, meaning the entire dataset 

passes through the network 20 times. Each training 

cycle involves backpropagation, where the model 

adjusts weights based on the error calculated using the 

loss function. A validation set is also used to monitor 

performance, helping identify potential overfitting 

when training accuracy improves but validation 

accuracy stagnates or declines. 

After training, the model's capacity for generalization 

is assessed using a test dataset. Test accuracy, loss, 

confusion matrix, and classification report are 

important evaluation indicators. The confusion matrix, 

which displays the number of true positives, false 

positives, true negatives, and false negatives for each 

class, offers comprehensive insights into the model's 

classification performance. The classification report 

further includes precision (proportion of correctly 

classified positives), recall (correct identification of all 

relevant instances), and F1-score (a harmonic mean of 

precision and recall). 

 These metrics are essential in assessing the model’s 

real-world applicability. After evaluation, the model is 

tested on individual images from outside the dataset to 

ensure its effectiveness in practical scenarios. Once 

confirmed, the trained model is saved for future 

deployment, eliminating the need for retraining, thus 

saving computational resources and time. The 

methodology for implementing a DenseNet121 model 

follows a systematic process that leverages transfer 

learning to improve image classification performance. 

Like CNN, the first step is data preprocessing, which 

includes rescaling images to normalize pixel values 

between 0 and 1. Data augmentation is applied to the 

training dataset to artificially increase diversity, 

ensuring the model learns generalizable features. 

Augmentation techniques, such as random rotations, 

shifting, shearing, zooming, and horizontal flipping, 

enhance the model’s ability to handle variations in 

real-world data. The test dataset undergoes only 

rescaling, ensuring that evaluation results reflect the 

model's generalization ability without additional 

transformations affecting the results. 

The DenseNet121 model, pre-trained on ImageNet, is 

used as the base model for transfer learning. 

DenseNet’s distinctive feature is its dense 

connectivity, where each layer receives inputs from all 

previous layers. This structure enables feature reuse, 

reducing the number of trainable parameters and 

improving efficiency. Since DenseNet121 was 

originally trained for a different classification task, its 

top layers are removed, and new custom layers are 

added for the specific image classification task. These 

include a global average pooling layer, which reduces 

the spatial dimensions of feature maps, followed by a 

dense layer with 128 units and ReLU activation for 

learning high-level representations. 

By randomly setting a portion of the input neurons to 

zero, a dropout layer is incorporated to prevent 

overfitting and force the model to generalize more 

effectively. The SoftMax activation function is used in 

the final output layer to produce class probabilities that 

add up to one, where the predicted class is indicated 

by the highest probability. Like CNN, DenseNet121 is 

compiled using the Adam optimizer and categorical 

cross-entropy loss function after the model 

architecture is defined. To identify overfitting, the 

model's performance is tracked on a validation set 

after 20 epochs of training. During training, the 

confusion matrix, classification report, and accuracy 

metrics are analyzed to assess performance across 

different classes. 

Since DenseNet reuses features effectively through its 

dense connections, it often converges faster than 

traditional CNN models, making it a powerful choice 
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for image classification tasks. After training, the 

model undergoes final evaluation using test accuracy, 

loss, and detailed classification metrics to measure its 

effectiveness on unseen data. 

 

A prediction function is developed to classify and 

display random images from the test set by comparing 

predicted and actual labels, and once the model is 

verified to be accurate, it is saved for subsequent use. 

In conclusion, both CNN and DenseNet121 follow a 

structured methodology that includes data 

preprocessing, model design, training, evaluation, and 

deployment. CNN constructs an architecture from 

scratch, but DenseNet uses transfer learning to 

increase efficiency and accuracy, making it a preferred 

choice for complex classification tasks requiring high 

generalization capability. 

 

Each epoch represents a full pass through the training 

dataset, with performance metrics like accuracy and 

loss plotted over time. The validation dataset makes 

sure that the model learns generalizable patterns rather 

than just memorizing the training data, and if needed, 

adjustments like early stopping, learning rate 

scheduling, and regularization techniques are applied. 

During the training phase, all three models—

ResNet50V2, InceptionV3, and Xception—are 

assessed using a separate validation dataset to track 

learning progress and mitigate overfitting. 

 Training typically takes 20 epochs, though this can 

change based on the processing capabilities and 

complexity of the dataset. An independent test dataset 

that was not used for training or validation is then used 

to assess the performance of the trained model. This 

offers an objective evaluation of the model's 

generalizability to actual images. 

 

IV. MODEL ARCHITECTURE 

 

During training, a number of deep learning 

architectures are used to identify characteristics 

suggestive of diabetic retinopathy, such as 

DenseNet121, InceptionV3, ResNet50, ResNet101, 

VGG16, VGG19, and Inception-ResNetV3. The 

accuracy and loss of the model are used to evaluate its 

performance.  

 graphs, a confusion matrix, and classification results. 

Once training is complete, the model is saved as 

model.h5 and tested on unseen data to generate 

predictions. The final step involves evaluating key 

performance metrics such as precision, recall and F1-

score to access the modals effectiveness in detecting 

diseases in plant leaf . 

 
Figure1. Apple Leaf Disease Model Training And 

Evaluation Workflow. 

 

Result 

The classification report for apple leaf disease 

detection presents a comparative analysis of various 

deep learning models, including CNN, ResNet50, 

VGG19, Xception, and Inception V3, evaluated using 

key performance metrics such as F1-score, precision, 

recall, and accuracy. Among these models, VGG19 
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and Xception demonstrate superior performance, both 

achieving an F1-score and precision of 0.95, with 

VGG19 slightly outperforming Xception in recall at 

0.96 compared to 0.95, while maintaining the highest 

accuracy of 0.95. With an F1-score and precision of 

0.93, a recall of 0.93, and an accuracy of 0.95, 

Inception V3 also demonstrates strong classification 

capabilities, making it a competitive alternative to 

VGG19 and Xception. CNN and ResNet50, on the 

other hand, perform noticeably worse, with CNN 

achieving an F1-score, precision, recall, and accuracy 

of just 0.25 and ResNet50 recording the lowest F1-

score of 0.19 and an accuracy of 0.22. These findings 

show that deeper and more sophisticated architectures 

like VGG19, Xception, and Inception V3 use their 

sophisticated feature extraction capabilities to achieve 

high classification accuracy and robustness, whereas 

basic CNN and ResNet50 architectures have difficulty 

classifying apple leaf diseases. In the end, Xception 

and VGG19 prove to be the most successful models, 

closely followed by Inception V3, proving their 

applicability for precise apple leaf disease detection in 

practical settings. Table below summarizes the 

comparison of model performance: 

Model F1-

Scor

e 

Precisio

n 

Recal

l 

Accurac

y 

CNN 0.25 0.25 0.25 0.25 

RESNET50 0.19 0.22 0.22 0.22 

VGG16 1.00 1.00 1.00 1.00 

VGG19 0.95 0.95 0.96 0.97 

XCEPTION 0.95 0.95 0.95 0.95 

INCEPTIO

N V3 

0.93 0.93 0.93 0.93 

Table 1. Analysis of Comparative Table 

 

V. CONCLUSION 

 

Deep learning-based models, especially convolutional 

neural networks (CNNs) and advanced architectures 

like Xception, Inception V3, VGG19, and ResNet50, 

have greatly improved the accuracy and speed of 

disease identification. Traditional methods of disease 

detection, which rely on manual inspection and expert 

knowledge, are frequently time-consuming, error-

prone, and impractical for large-scale farming. Deep 

learning-based models have shown remarkable 

advancements in agricultural technology, offering a 

robust and efficient approach to plant disease 

management. 

Through the use of deep learning, farmers and 

researchers can deploy automated and real-time 

disease detection systems, decreasing reliance on 

human expertise while improving agricultural 

productivity and crop health. These models process 

high-dimensional image data, extracting complex 

features that allow precise classification of various leaf 

diseases. 

 

In the classification results, models like Xception and 

VGG19 achieved accuracy rates above 93%, 

demonstrating their reliability in differentiating 

between healthy and diseased apple leaves; the 

Inception V3 model also performed well, while 

ResNet50 and simple CNN architectures showed 

lower classification accuracy, indicating that deeper 

models with optimized feature extraction layers are 

more effective. The comparative analysis of various 

deep learning models has shown that advanced 

architectures like Xception and VGG19 outperform 

traditional CNN models in terms of precision, recall, 

and accuracy. 

This implies that in order to achieve high-performance 

disease classification, choosing the appropriate model 

architecture is essential. Furthermore, by avoiding 

overfitting and guaranteeing strong generalization, 

data augmentation methods, hyperparameter 

adjustments, and transfer learning approaches have 

improved model performance even further.  
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