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Crop diseases are one of the major challenges to global agricultural productivity, and efficient 

and accurate solutions for early detection are needed. This paper proposes a CNN-based model 

for crop leaf disease detection, integrated with the Crop Pro user interface for practical 

deployment. The model is trained on an extensive dataset that contains 8,264 images of crop 

leaves belonging to various species, classified into 14 disease categories, with preprocessing and 

augmentation techniques further improving it. The CNN model had a training accuracy of 

94.73% and a validation accuracy of 88.75%, showing robustness and the ability to generalize 

over different crops and conditions. Users can upload their leaf images to the Crop Pro platform 

that preprocesses and classifies images and uses them for high-confidence disease predictions. 

The availability of an iterative feedback loop helps improve the model based on input received 

from the user. Scalability of the system and application in real-world applications may offer 

promising solutions for precision agriculture through early intervention for sustainable crop 

management. 

Keywords: Leaf Disease Detection, Convolutional Neural Network, Machine Learning, Smart 

Farming, Crop Management System 

 

 

INTRODUCTION 

Cutting-edge technologies, including artificial intelligence and machine learning, are now paving the way for 

innovative solutions to pressing issues in agriculture, particularly in the identification and management of plant 

diseases. Timely and precise detection of crop diseases is crucial for mitigating yield losses, decreasing reliance on 

chemical pesticides, and enhancing overall agricultural efficiency. Traditional disease detection is labour-intensive 

and subjective, based on conventional inspection by human beings and, thus prone to errors (Li, Zhang, & Wang, 

2021). The addition of ML techniques with a combination of classical ML algorithms and DL models such as CNNs 

provides a new alternative that has much promise regarding high accuracy and scalability in its use (Ngugi et al., 

2024). 

Deep learning techniques have found great success in image-based disease detection by 

identifying the most complex patterns of plant images and automatically detecting disease symptoms (Ouamane et 

al., 2024). Recently, it has been proven that CNNs can classify a vast array of diseases in crops such as tomatoes, 

apples, and rice using very large amounts of images (Panchal et al., 2023; Salih et al., 2020). The most recent 

advances that bring machine learning together with domain-specific applications, such as Vision Transformers and 

transfer learning, pave the way for further development of these models in precision agriculture (Hassan et al., 2021; 

Singh et al., 2024) 
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While current research illustrates the promise of CNN-based methods for identifying crop diseases, issues 

such as dataset constraints, model adaptability, and practical implementation remain insufficiently addressed. This 

research makes a valuable contribution by tackling these issues with an innovative approach that integrates 

hyperparameter optimization, transfer learning, and sophisticated data augmentation strategies. Our primary goals 

are to improve model scalability, guarantee accuracy across various crop environments, and incorporate practical 

functionality through the Crop Pro platform. This strategy presents a scalable, real-time solution designed to foster 

sustainable agricultural practices, representing a notable leap forward in precision farming technologies. 

LITERATURE REVIEW 

Machine learning techniques in agriculture have significantly revolutionized the detection of crop diseases. 

The conventional ML-based approaches like KNN, SVM, and Random Forest work very efficiently with feature-based 

classification of disease. These rely on handcrafted features of colour, texture, and shapes to create models that 

classify healthy and diseased plants (Abdu et al., 2020; Hatuwal et al., 2021). Usually, these suffer from scalability 

and require a great deal of domain knowledge. 

Deep learning methods, which focus more on feature representation, best apply to more complex pattern 

recognition tasks, such as the ones found in plant disease identification with RGB images of leaves (Li, Zhang, & 

Wang, 2021; Panchal et al., 2023). These models can extract spatial hierarchies from image data utilizing 

convolutional and pooling layers to correctly classify diseases, such as late blight in tomatoes and bacterial spots in 

peppers, based on the works of Kim et al. (2023) & Salih et al. (2020). 

The major reason for this problem is that effective models for disease detection are created while the 

availability of diverse datasets in quantity is limited. Transfer learning and data augmentation have been applied for 

model generalization for disease detection in cases employing pre-trained models (Saleki & Tahmoresnezhad, 2024). 

For instance, the rotation, crops, and scales of the data sets have been used to create artificial variants that increase 

the model's potential resistance towards new data (Ding et al., 2024). Transfer learning enables the models to use 

existing knowledge learned from related domains without requiring massive labelled data (Mohameth, Bingcai, & 

Sada, 2020). 

Such innovations, especially in classification accuracy and computational techniques, have been due to 

designs of new architectures integrating CNNs with optimization algorithms like the Red Deer Optimization, 

developed recently by Reddy et al., 2023. Others, like the CNN model, hybridized with a combination of Vision 

Transformers and Bayesian networks, have proven beneficial across various agriculture settings by enhancing 

performance (Sachdeva et al., 2021; Singh et al., 2024). 

Beyond classification, the practical utility of these models is also applied for severity estimation and real-time 

monitoring of diseases. Mobile applications are designed in CNNs to allow a farmer to upload images of leaves for 

quick diagnosis and management recommendations (Rajendra, Rajkumar, & Shetty, 2019). However, the 

computational requirements, lack of interpretability of the model, and the complexity in integrating environmental 

data are some of the issues that require further investigation (Arya & Singh, 2019; Tudi et al., 2021). 

The existing literature emphasizes the groundbreaking impact of CNNs in the realm of plant disease 

detection while also revealing significant drawbacks, such as dependence on restricted datasets, computational 

inefficiencies, and obstacles in real-world implementation. Our study seeks to fill these voids by utilizing a 

comprehensive and varied dataset while incorporating practical usability through an interactive interface. The 

integration of ongoing feedback for continuous enhancement and the establishment of an easily accessible platform 

set our research apart as a unique contribution, effectively connecting cutting-edge technology with real-world 

agricultural practices. 

METHODOLOGY 

The following Figure 1 depicts a flow chart of the step-by-step process of the proposed crop leaf disease 

detection system using a Convolutional Neural Network (CNN). The flowchart starts from dataset collection and then 

continues with preprocessing and feature extraction. Thereafter, it divides the data into training and test datasets 
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with different processes to train and test the CNN model. The system does leaf disease detection after training and 

evaluates the model. The final step produces results and accuracy, thus closing the loop. 

 

Figure 1. Flowchart of the Proposed Crop Leaf Disease Detection System 

The research incorporates a CNN-based model to identify crop leaf diseases, combined with the Crop Pro 

user interface for the easy and interactive presentation of information to farmers. The methodology involves dataset 

preparation, preprocessing, model architecture, and evaluation. Figure 2 demonstrates the platform where users 

upload crop leaf images for disease analysis and receive predictions. 

.  

Figure 2. Crop Pro Interface 

Dataset and Preprocessing 

The dataset contains images of crop leaves that are a total of 8,264, including healthy and diseased leaves 

from crops like tomatoes, potatoes, rice, cotton, and grapes. There are 14 disease categories, including fungal, 

bacterial, and viral infections. The dataset is divided into 80% training and 20% validation, with an additional 33 test 

images used for final evaluation. Figure 3 below illustrates sample images from the dataset, highlighting potato and 

grape leaves. This figure showcases examples of healthy and diseased leaves, demonstrating the variety and 

complexity of the dataset used for training and validation. 



317  
 
 

Tanvi Deshmukh et al. / J INFORM SYSTEMS ENG, 10(1s) 

 

Figure 3. Sample Images of Potato and Grape Leaves in Dataset (Samir Bhattarai, n.d.) 

To ensure consistency and improve model generalization, images undergo the following preprocessing steps: 

• Resizing: Standardizes image dimensions for uniformity across the dataset. 

• Normalization: Scales pixel values to the range [0, 1] to standardize input data. 

• Data Augmentation: Includes transformations such as rotation, flipping, and cropping to expand dataset 

diversity and improve the model’s robustness. 

Feature Extraction 

This crop leaf disease classification CNN uses multiple central layers to make a better prediction. The 

convolutional layers capture important features such as edges and textures from the images so that the model can 

notice distinct patterns related to a disease. Pooling layers help to reduce the dimension of the feature maps, 

decreasing computation but preserving the most useful information. Lastly, the extracted features get fully connected 

to the output layers with a final Softmax activation function used for classifying probabilities of diseases. 

Figure 4 illustrates the layered structure of the CNN model, demonstrating the flow of data through 

convolutional, pooling, and fully connected layers. This architecture is optimized for identifying disease patterns in 

input crop leaf images. 

 

Figure 4. CNN Layers - Convolutional, Pooling, and Fully Connected Layers 

Training and Evaluation 

The model was trained using the training set and tested on the validation set. It utilized Adam's optimizer 

with a categorical cross-entropy loss function. Precision, accuracy, recall, and F1 score are the major metrics used to 

measure the model. The technology also consists of a feedback loop through the Crop Pro interface that enables 

farmers to affirm or correct predictions to thereby improve the model, continuously. 
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Disease Detection Process 

Crop leaf conditions are classified through the detection procedure, which involves several steps. Crop Pro 

allows farmers to upload pictures of crop leaves. These pictures are preprocessed, scaled, normalized, and augmented 

to make them a better fit for analysis using the CNN model. The model looks at the input, extracts features, and 

classifies while determining whether the leaf is healthy or diseased. It finally gives a prediction with confidence 

scores, which aids in informed decision-making in crop management. 

RESULTS & DISCUSSION 

CNN-based crop disease detection model proved to be of high performance, with high accuracy in disease 

classification. The result confirms that the system has the capability to improve agricultural practices through timely 

and reliable disease diagnosis. 

Model Performance 

The Training Accuracy and Validation Accuracy were calculated using the formula: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠

𝑇𝑜𝑡𝑎𝑙 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠
× 100 

The Training Loss and Validation Loss were computed using the cross-entropy loss function: 

𝐿𝑜𝑠𝑠 =
1

𝑁
∑ 𝑦𝑖 log 𝑝𝑖

𝑁

𝑖=1

 

Where 
𝑦𝑖  

represents the actual labels, and 
𝑝𝑖  

denotes the predicted probabilities.  

The model was trained over five epochs, achieving the metrics as presented in Table 1: 

Table 1: Model Performance Summary 

Metric Value 

Training Accuracy 94.73% 

Validation Accuracy 88.75% 

Training Loss 0.1735 

Validation Loss 0.4251 

 

The high training accuracy reflects the model’s ability to learn disease-specific features effectively, while the 

validation accuracy and loss indicate good generalization to unseen data. 

The CNN model proposed here has a high training accuracy of 94.73% and a validation accuracy of 88.75%, using an 

ample dataset of 8,264 images taken from 14 categories of diseases for crop leaves, thus forming a very effective 

model for detecting diseases in crops. SVM, Random Forest, and KNN models were trained over the different datasets 

of plant leaves with much lower performances. 

Table 2 shows a comparison between accuracy and datasets used by the models in the crop leaf disease detection 

process. 

Table 2: Comparison of Model Accuracy and Data set used for Crop Leaf Disease Detection 

Model/Method Accuracy (%) Dataset Used Study 

SVM 82% Various plant leaf datasets Abdu et al., 2020 

Random Forest 85% Various plant leaf datasets Hatuwal et al., 2021 

KNN 84% Various plant leaf datasets Hatuwal et al., 2021 

Proposed CNN 

(Training) 

94.73% 8,264 images of crop leaves (14 disease 

categories) 

Current Study 
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Proposed CNN 

(Validation) 

88.75% 8,264 images of crop leaves (14 disease 

categories) 

Current Study 

 

The bar graph in Figure 5 illustrates a comparison of accuracy among various models used for crop leaf 

disease detection. The proposed CNN model is marked along with the annotations showing an improvement of 

+4.73% in the training accuracy and +2.75% in validation accuracy from the best existing model, which is CNN. This 

graph emphasizes the performance of the proposed CNN model, which is fed on a large and diversified dataset of 

8,264 images across 14 categories of diseases, resulting in very considerable improvements over models like SVM, 

Random Forest, and KNN trained on various plant leaf datasets.  

 

Figure 5. Performance Comparison of Crop Disease Detection Model 

Disease Prediction Results 

The CNN model demonstrated high accuracy in predicting various crop leaf diseases across the test dataset. Figure 6 

displays the result of the model identifying Late Blight, a fungal disease, with high confidence, by recognizing 

characteristic spots and discoloration on the leaf surface. 

 

Figure 6. Prediction of Tomato Late Blight 
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Figure 7a. Image upload 

 

Figure 7b: Click predict 

 

Figure 7c: Leaf Image Prediction 

Figure 7 (a, b, and c) illustrates how efficiently the model processes a cotton leaf image and accurately predicts a 

fungal disease. 

Generalization and Robustness 

The model’s robustness was enhanced through data augmentation, which allowed it to perform well under 

varied conditions. For example; the system demonstrated effective predictions for crops like Cotton and Grapes, 

showcasing its versatility. 

Feedback Loop and Continuous Improvement 

The Crop Pro interface also allows farmers to provide feedback on predictions of diseases. The iterative 

process improves the accuracy of the model by adding new data points to the dataset. For example, feedback from 

farmers who identified it as Tomato Leaf Disease was used to improve the model's accuracy for a similar case. 

Discussion 

Results of the CNN model indicate it to be a robust and scalable solution for crop disease detection. The 

training accuracy at 94.73% and validation accuracy at 88.75% validate that the model learns and generalizes the 

disease-specific patterns well. A slight difference in performance between training and validation calls for 

improvement in generalization, which can be achieved by increasing the dataset size and fine-tuning the model. 
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Being incorporated into the Crop Pro makes the system practical for the farmers. It enhances crop health 

management through the immediate detection of diseases. As more and more data are added to the database, it 

continually makes an effort to improve based on its continuous feedback against regional challenges of disease 

manifestation. 

CONCLUSION 

This paper presents a CNN-based crop leaf disease detection model integrated with the Crop Pro user 

interface for real-time use. The model performed well to have a training accuracy of about 94.73%, while the 

validation accuracy for it was 88.75%. It successfully generalizes to different crop types as well as disease categories. 

Since the model can classify diseases including Tomato Late Blight, and Bacterial Leaf Blight, it has excellent 

prospects for automating detection procedures in agriculture. 

Crop Pro will allow farmers to interact with the model seamlessly, upload images of leaves, and receive a 

timely diagnosis of disease with associated confidence scores. The feedback loop built into the system ensures 

continuous improvement through updating the dataset with real-world observations that further enhance model 

accuracy and adaptability. 

Future work will be carried out in the optimization of the model for real-time disease detection, integration 

with environmental factors like soil moisture and temperature, and an addition to the dataset of the availability of 

other crops and diseases. To address these issues, the proposed system would look to provide all-around precision 

agriculture solutions improving crop health management and promoting good agricultural practices. 
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