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Early and precise identification of crop diseases plays a pivotal role in maintaining 

agricultural productivity, food security and sustainable agricultural systems. 

Conventional approaches to crop disease diagnosis involve visual inspection, which 

can be slow, labor-intensive, and prone to human error, particularly in fluctuating 

environmental conditions. This article introduces a smart deep learning model for 

automatic detection of crop diseases with Convolutional Neural Networks (CNNs). 

Our approach takes advantage of the superior image recognition and feature 

extraction abilities of CNN models to predict the presence of disease and health in 

plants based on leaf images. A comprehensive dataset of crop leaf images is used, 

including various disease and healthy classes. Leaf images are preprocessed and 

augmented to improve model generalization and resilience to lighting, pose and 

background clutter. The CNN model is trained with fine-tuned hyperparameters and 

performance is assessed using metrics like accuracy, precision, recall and F1-score. 

The experimental findings show that the proposed model produces high classification 

accuracy and is capable of detecting complex disease patterns, even in the early disease 

stage. The proposed system offers a scalable, affordable, and non-invasive method for 

monitoring diseases in the field. Moreover, it can be incorporated with mobile or IoT 

systems to facilitate precision farming and help farmers make informed decisions for 

disease control. This research is a step towards the creation of autonomous 

agricultural systems and the use of deep learning for improving crop health 

assessment and productivity. 

Keywords: Crop Disease Detection, Deep Learning, CNN, Image Classification, Smart 

Agriculture, Precision Farming 

 

1. Introduction 

Agriculture is a critical sector for global food security, 

economic growth and sustainable development, as it supports 

a significant portion of the world's population. But crop 

productivity is increasingly threatened by climate change, 

pests and, more importantly, plant diseases. Plant diseases 

not only impair the quality and quantity of crop yield, but 

also cause economic losses and food supply chain 

interruptions. Timely and precise diagnosis of these diseases 

is crucial to limit losses and enable effective containment 

strategies. Conventional disease detection approaches, 

involving manual identification by farmers or agronomists, 

are time-consuming, labour-intensive, prone to subjectivity, 

and require expertise, making them less suitable for large-

scale and real-time applications [11], [18]. 

Over the past decade, the field of Artificial Intelligence (AI) 

and Deep Learning has transformed agriculture through the 

development of automated and smart disease detection. In 

particular, Convolutional Neural Networks (CNNs) have 

proved to be effective in image classification tasks as they 

can learn hierarchical features from the image data. Rather 

than traditional machine learning techniques that rely on pre-

engineered features, CNNs learn intricate features such as 

color changes, texture abnormalities and lesion patterns from 

plant leaf images. This has led to the development of more 

accurate and robust disease prediction models for diverse 

crop species such as wheat, cauliflower, cotton and apple 

leaves [4], [5], [9]. 

A number of studies have shown the success of deep learning 

approaches in crop disease identification. Intelligent systems 

like DeepCrop and DCrop have demonstrated the integration 

of deep learning models with web applications for disease 

diagnosis, which can be easily used by farmers [1], [2]. 

Likewise, adapted deep learning models have shown good 

performance in disease classification and early detection for 

particular crops such as cotton [3]. Improved CNN models 

and hybrid models, such as CNNs combined with 

Conditional Random Fields (CRFs) and Vision 

Transformers, have also improved disease detection accuracy 

by taking into account spatial and contextual features [13], 

[16]. Additionally, real-time systems for disease 

identification using enhanced CNN models have been 

proposed for crops like corn and grape, showcasing the 

potential for implementing these models in real-world 

agricultural settings [12], [14]. 

Recent research has also focused on novel methods, 

including thermal images, Internet of Things (IoT) 

integration, and multispectral data, for enhancing disease 

detection accuracy. For instance, CNN models using thermal 

images have been able to detect diseases that are not apparent 

in conventional RGB images [6], and IoT-based systems 

have provided real-time monitoring and predictive 

capabilities in smart agriculture [19], [20]. Furthermore, deep 
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learning models have been integrated with crop monitoring 

platforms to predict yield and determine plant health, 

showcasing their potential use in precision farming [8], [10]. 

However, there is still a need to enhance model performance 

under different environmental conditions, including 

variations in lighting, background, and image resolution, 

which impact the model's generalization capabilities. 

To address these issues, this study aims to develop an 

intelligent crop disease prediction system that employs 

Convolutional Neural Networks (CNNs) to predict the 

disease from plant leaf images. The main goal is to build an 

efficient and accurate model for early detection of disease, 

facilitating timely action and thus preventing crop losses. The 

system harnesses deep learning's ability to automatically 

extract discriminative features from images, removing the 

need for human intervention and enhancing scalability. 

Additionally, the aim is to make the system scalable for 

deployment in real-time through mobile or web apps to be 

used by farmers and other stakeholders in the agricultural 

sector. 

The data set in this study consists of annotated images of 

healthy and diseased plant leaves, covering a range of 

diseases such as bacterial, fungal, viral and leaf spots. 

Preprocessing methods, including resizing, normalization 

and augmentation, are also employed to improve model 

accuracy. This allows the model to accommodate changes in 

leaf orientation, background, and lighting conditions. The 

CNN model is trained and validated using common metrics 

for model performance and it exhibits good prediction 

accuracy and classification performance. 

The importance of this work is that it may help promote 

sustainable farming practices through an automated, 

accurate, and scalable disease-detection system. Early 

detection helps farmers take proactive measures, curbing the 

overuse of pesticides and protecting the environment. 

Additionally, the application of deep learning in agriculture 

is in line with the concept of smart farming, which leverages 

data and technology to improve efficiency and productivity. 

The rest of the paper is structured as follows: Section 2 gives 

the background and related work on deep learning for crop 

disease detection. The data and preprocessing used in the 

study are explained in Section 3. Section 4 outlines the CNN-

based approach, model architecture and training process. 

Section 5 presents the experimental results and evaluation. 

Lastly, Section 6 concludes this paper and suggests future 

work, which includes incorporating transfer learning and 

real-time systems. 

2. State of the Art 

Recent years have seen rapid improvements in using deep 

learning for predicting crop diseases, motivated by a growing 

demand for efficient, accurate and scalable farming 

solutions. Convolutional Neural Networks (CNNs) have 

emerged as a preferred model because of their capacity to 

learn features from leaf images. Pioneering systems like 

DCrop introduced deep learning architectures for disease 

prediction, showing better prediction accuracy than 

conventional machine learning approaches and showing the 

potential of using AI in smart agriculture systems [2]. 

Refining this further, later systems such as DeepCrop 

introduced web platforms to support real-time disease 

prediction, enhancing farmer engagement [1]. 

In recent years, attention has shifted towards improving 

model performance and transferability using fine-tuning and 

hybrid models. For example, fine-tuned CNN models for 

cotton disease detection have improved their accuracy using 

transfer learning, allowing faster training with comparable 

accuracy [3]. Likewise, research on cauliflower and wheat 

crops have adopted deep CNN models to accurately detect 

early diseases, highlighting the need for early detection to 

prevent widespread crop losses [4], [5]. These examples 

highlight the use of deep learning models for detecting 

disease patterns such as texture changes, colour changes and 

lesion patterns. 

Beyond traditional RGB images, other data sources have 

been used to enhance detection accuracy. The use of thermal 

images and improved CNN models has allowed non-visible 

disease symptoms to be detected, offering a new data source 

[6]. Similarly, hyperspectral and multispectral systems, while 

heavy on computational loads, have been found to improve 

detection accuracy through the analysis of biochemical 

changes in plant tissues. Real-time applications for disease 

detection systems, using modified CNN architectures, have 

also been developed for apple, corn and grape, showcasing 

their potential to be used in the field [9], [12], [14]. 

Hybrid and other advanced deep learning approaches have 

also improved disease prediction. Hybrid CNN models that 

combine CRFs have enhanced spatial coherence of the 

disease prediction, especially in complex backgrounds [16]. 

Likewise, hybrid models incorporating Vision Transformers 

(ViT) and CNNs have improved feature extraction by 

focusing on local and global image features [13]. These 

developments suggest a trend towards more complex 

architectures that can overcome issues like intra-class and 

inter-class variations. 

The use of deep learning in conjunction with the Internet of 

Things (IoT) is also a potential avenue. IoT-based systems 

enable real-time monitoring of crops and prediction of 

diseases, aiding precision farming [19], [20]. Further, smart 

systems have been designed for sustainable crop monitoring 

and prediction of disease, yield and environmental factors 

[8], [10]. These systems highlight the possibility of using 

multiple data streams for holistic agriculture analysis. 

However, there are still issues with the state-of-the-art. 

Existing models perform well in controlled environments but 

are often limited in terms of their generalisation ability in 

practical scenarios with diverse lighting, occlusions and 

backgrounds. Moreover, the computational demands of 

sophisticated models restrict their use on low-power devices, 

like smartphones and edge devices. Finally, there is a need 

for integrated systems that combine disease detection with 
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decision-making systems (e.g., treatment advice, predictive 

analytics). 

In terms of analysis, the literature suggests that there is an 

evolution from simple CNN models to hybrid and multi-

modal approaches. Nevertheless, there is a need for efficient, 

light, and fast models that are accurate and can be used in the 

field. Overcoming these challenges is crucial for the 

deployment of AI-based disease prediction systems. 

Table 1: Comparative Analysis of State-of-the-Art Crop Disease Prediction Methods 

Ref. Methodology Application Area Key Contribution Strengths Limitations 
[1] Deep CNN + Web App 

(DeepCrop) 
General Crop Diseases Real-time web-based 

disease prediction 
Accessible, scalable Depends on internet 

connectivity 
[2] CNN Framework (DCrop) Smart Agriculture Early DL-based disease 

prediction system 
High accuracy vs 

traditional ML 
Limited generalization 

[3] Fine-tuned CNN (Transfer 

Learning) 
Cotton Disease Improved accuracy with 

reduced training time 
Efficient learning Crop-specific model 

[4] Advanced Deep CNN Cauliflower Disease Early-stage disease 

detection 
High precision Dataset dependency 

[5] CNN Model Wheat Disease Accurate classification of 

wheat diseases 
Robust feature extraction Limited environmental 

adaptability 
[6] Thermal Imaging + CNN Plant Disease Detection Detects non-visible disease 

patterns 
Multi-modal analysis Expensive hardware 

[7] Deep CNN General Crop Diseases Standard CNN-based 

classification 
Simple implementation Moderate performance 

[8] ML + Smart Monitoring Millet Crop Integrated disease + 

monitoring system 
Sustainable agriculture 

support 
Indirect disease 

classification focus 
[9] Improved CNN Apple Leaf Disease Real-time detection system Field applicability Computational cost 
[10] Deep Learning Platform Yield + Disease Prediction Integrated prediction 

system 
Multi-functional Complex system design 

[11] Review Study Plant Disease Detection Comprehensive survey of 

CNN methods 
Broad insights No implementation 

[12] CNN-based System Corn Disease Real-time disease detection Practical deployment Limited dataset scope 
[13] CNN + Vision Transformer Seed Disease Hybrid feature extraction Improved accuracy High complexity 
[14] Improved CNN Grape Disease Real-time detection High accuracy Sensitive to noise 
[15] Deep Encoder Network Seasonal Crops Disease classification Handles seasonal variation Computationally intensive 
[16] CNN + CRF Hybrid Plant Disease Spatial consistency 

improvement 
Better segmentation Increased complexity 

[17] CNN (Mobile-based) Field Images Real-world mobile-based 

classification 
Practical usability Lower accuracy in wild 

conditions 
[18] Survey (CNN-based) Plant Diseases Overview of DL techniques Identifies research gaps No experimental results 
[19] IoT + ML Framework Pearl Millet Real-time disease 

monitoring 
Smart farming integration Infrastructure dependency 

[20] DL + IoT Plant Disease Prediction Integrated smart agriculture 

system 
Automation + monitoring Deployment challenges 

 

4. Proposed Methodology 

The Crop Disease Prediction system is a well-organized deep 

learning framework that employs Convolutional Neural 

Networks (CNNs) to classify plant leaf diseases. The 

proposed system combines data preprocessing, feature 

extraction, model training and evaluation for effective 

disease prediction. The system uses a dataset of over 6,000 

labeled crop leaf images sourced from the PlantVillage 

dataset, which is classified into five categories: Early Blight, 

Late Blight, Healthy, Bacterial Spot and Leaf Mold. The 

images display various visual features such as spots, 

blemishes, and fungi, which are used to define the classes. 

The approach starts with an extensive preprocessing step to 

normalise and optimise the data. Images are resized to a 

consistent size of 128×128pixels to fit the CNN model's input 

dimensions and to speed up processing. Images are also 

normalized by scaling the pixel values from 0-255 to 0-1, 

which accelerates convergence of training and stabilizes 

gradients. The dataset is split into training and validation sets 

with an 80:20 ratio using the ImageDataGenerator class, 

while maintaining a balanced representation of each class of 

disease. To enhance model performance and prevent 

overfitting, the training images are augmented by rotating, 

flipping, and zooming the images. This helps the network 

learn more invariant features that are less affected by changes 

in lighting, orientation, and background. To extract features 

and perform classification, a custom CNN model is designed. 

It has three consecutive convolutional layers, each with 32, 

64 and 128 filters. Each of these is followed by a MaxPooling 

layer that downsamples the spatial dimensions while 

preserving the most important features. This permits the 

extraction of low-level features like edges and gradients and 

more complex high-level features such as disease-specific 

textures and patterns. The feature maps are then flattened and 

fed into a dense (fully connected) layer with a ReLU 

activation function, allowing the model to learn non-linear 

features and enhance its classification performance. 

To improve the model's resilience and avoid overfitting, a 

Dropout layer with a rate of 0.3 is added to randomly drop 
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out 30% of neurons during training. This helps prevent the 

model from overfitting to certain features and enhances its 

ability to generalize to new cases. The output layer employs 

the Softmax activation function to classify the five classes of 

diseases, returning a probability distribution for each 

class.The model is compiled with the Adam optimizer, 

offering adaptive learning rates that enable efficient and 

stable training, and the categorical cross-entropy loss 

function, appropriate for multi-class classification tasks. The 

model is trained for 15 epochs using a batch size of 32, 

enabling gradual learning and optimization of the model's 

parameters. Validation accuracy, confusion matrix, and 

classification report are used to assess the model's 

performance, offering both numerical and visual 

representations of its performance. 

The experiment is conducted in the Google Colab 

environment, with GPU acceleration to speed up the training 

process. Software packages like TensorFlow and Keras are 

employed for model construction, with NumPy, Matplotlib, 

Seaborn and Scikit-learn used for data manipulation and 

visualization. The experimental framework provides 

replicable and consistent results.The CNN-based approach 

proposed attains a validation accuracy of 91.87%, 

showcasing robust classification performance and feature 

extraction capabilities. The model is chosen as the final 

model for crop disease prediction based on its accuracy and 

generalisation capability, presenting a practical and scalable 

approach for agricultural disease prediction. 

5. Results and Discussion 

The performance of the developed Convolutional Neural 

Network (CNN) model for multi-class classification of crop 

diseases was assessed using the validation dataset. The CNN 

model reached a validation accuracy of 91.87%, showing a 

high ability to classify various leaf diseases. The training and 

validation accuracy curves demonstrate steady progress over 

the 15 epochs, suggesting stable training and low overfitting. 

The minimal difference between training and validation 

accuracy indicates effective generalization. The confusion 

matrix shows that most of the disease classes were accurately 

classified with high precision and recall values. But there 

were some misclassifications between visually similar 

diseases like Early Blight and Late Blight due to similarities 

in symptoms. The classification report also supports the 

balanced performance for all five classes of diseases. In 

summary, the findings suggest that the CNN model 

successfully learns significant visual characteristics like 

changes in leaf colour, lesion shapes and textures. The 

model's accuracy of 91.87% confirms the effectiveness of 

deep learning approaches for crop disease classification. The 

system offers a good platform for real-time disease 

monitoring in agriculture 

 
Figure 1: Training and Validation Accuracy Analysis of CNN 

Model 

Figure 1 shows the training and validation accuracy curves 

of the proposed CNN model during 15 epochs, which reflect 

the learning and generalisation performance. The training 

accuracy steadily improves from around 59% at the 

beginning (epoch 0) to nearly 97% by the end of the training 

process (epoch 15). This gradual increase suggests that the 

model is successfully capturing hierarchical features in the 

dataset, from simple features like edges and colour 

differences, to more complex disease-specific features. The 

validation accuracy also exhibits a good learning curve, with 

a steep rise in the early epochs from approximately 76% to 

over 90%. This initial growth is a result of the model's 

capacity to apply learned features to new data. Following 

this, the validation accuracy plateaus between 89% and 91%, 

with slight variations. This is a good sign, as it indicates that 

the model has converged at an optimal learning point without 

compromising its learning performance. Another notable 

feature of the graph is the close proximity of the training and 

validation accuracy in the later epochs. This suggests that the 

model is not overfitting and generalizes well on the 

validation data. The lack of a significant gap or sudden 

separation between the curves also suggests that the model is 

not overfitting to the training data, and the regularization 

methods, such as the use of dropout and data augmentation, 

are successful. The peak validation accuracy is around 91%, 

which is very close to the overall test accuracy of 91.87%. 

The close agreement between validation and test results 

further demonstrates the model's stability and generalization 

performance. Moreover, the stability and consistency of the 

curves suggest that the optimization of the model is well-

balanced and that the hyperparameters (such as learning rate, 

batch size, optimizer, etc.) are well selected for the task. 
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Figure 2: Training and Validation Loss Analysis of CNN Model 

In Figure 2, the changes in training and validation loss over 

15 epochs are depicted, giving insight into the ability of the 

proposed CNN model to reduce the prediction error during 

the learning phase. The training loss exhibits a steady and 

gradual decrease from an initially high value to a much lower 

value in the last epochs. This consistent decrease suggests 

that the model is effectively adjusting its weights and 

learning to extract relevant features from the crop leaf 

images. The validation loss also exhibits a similar pattern, 

with a steep decline in the early epochs, indicating a quick 

improvement in the model's ability to learn and generalize 

from the training data. Over time, the validation loss becomes 

more stable, suggesting that the model is reaching a close-to-

optimal solution. While there are slight fluctuations after 

around the 10th epoch, these are minor and not a sign of 

instability. Crucially, there is no abrupt rise in the validation 

loss, which indicates that the model is not overfitting. It's also 

worth noting that the training and validation loss curves are 

very similar during the training phase. This indicates that the 

model is able to learn and generalize well, extracting useful 

disease features without overfitting to the training data. The 

smoothness of the two curves also indicates the efficacy of 

the preprocessing and regularization methods (data 

augmentation and dropout). The convergence stability, error 

reduction and generalization ability of the proposed CNN 

model are evident in Figure 2. The smooth and steady curve 

of both loss functions verifies the convergence of model 

training and its suitability for crop disease classification in 

practical applications. 

 
Figure 3: Confusion Matrix Analysis of CNN-Based Crop Disease 

Classification 

The confusion matrix, shown in Figure 3, offers an insight 

into the performance of the proposed CNN model in 

classifying various crop disease classes. This matrix shows 

the number of true positive samples on the diagonal, and false 

positives on the off-diagonal. High values along the diagonal 

lines indicates that the model has high precision and is able 

to accurately classify most of the disease classes. In 

particular, the model performs exceptionally well in 

classifying Tomato_Bacterial_spot and Tomato_Late_blight 

with a greater number of instances being correctly predicted. 

This suggests that these disease categories are visually more 

distinguishable, enabling the model to learn discriminative 

features (such as disease patterns, color, texture) more 

readily. These findings demonstrate the ability of the CNN 

model to learn disease-specific features from leaf images. 

But the confusion matrix also indicates some challenges. 

There are significant misclassifications between similar-

looking diseases, particularly Early blight and Late blight for 

both tomato and potato. These can have similar visual 

symptoms including spots and blotches, which can be 

challenging even for humans to distinguish. Moreover, a few 

healthy leaves are misclassified as diseased, which may be 

due to data noise, lighting conditions, or minor leaf damage 

that is often mistaken for early signs of disease. 

These few errors notwithstanding, the prediction distribution 

suggests the model keeps a high degree of accuracy, with low 

error rates. The confusion matrix offers insights to improve 

the model further, such as by including a wider range of 

healthy and diseased samples in the training set, using more 

sophisticated feature extraction methods, or assigning 

weights to different classes to improve discrimination 

between visually similar diseases. Overall, Figure 3 

demonstrates that the proposed CNN successfully classifies 

multiple classes, and that the majority of mistakes occur 

when the classes are visually similar. This confirms the 

model's overall performance and suggests potential 

improvements for future research. 
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Figure 6: Class Distribution Analysis of Crop Disease Dataset 

Figure 6 is a bar plot that shows the number of samples in 

each crop disease category in the dataset, offering insights 

into the dataset's balance and how it affects model 

performance. The histogram demonstrates that the dataset is 

fairly balanced, with similar numbers of samples in each 

class. This balance ensures that the model encounters a 

reasonable number of samples from all crop disease 

categories during the training process, enabling learning of 

distinct features for each category. The balance in the dataset 

is important to avoid bias in the model towards a specific 

category. Training models on imbalanced datasets may result 

in biases towards categories with more samples, and may not 

perform well on underrepresented classes. But in this 

scenario, the pseudo-balanced representation across classes 

promotes equitable learning and encourages balanced 

classification performance across all classes, as shown in the 

confusion matrix and accuracy scores. 

Moreover, the equal proportion of each category in the 

dataset improves the model's ability to generalize, allowing 

it to make accurate predictions on unseen samples. This can 

be seen from the consistent validation accuracy and loss 

curves in the previous figures. The adequate representation 

within classes also enhances the statistical significance of the 

data and mitigates overfitting. 

5. Discussion 

The experimental outcomes show the CNN-based system for 

crop disease prediction achieved high accuracy, as well as 

strong generalization and robustness. The predicted accuracy 

of 91.87% for the validation set demonstrates good 

generalization for multiple types of diseases. This 

performance is a result of the CNN's ability to capture 

hierarchical features of the crop leaf images, such as changes 

in colour, lesion shapes and textures. The training and 

validation accuracy curves show a consistent learning curve. 

As the training accuracy steadily rises and the validation 

accuracy quickly approaches and settles at 90-91%, we can 

see the model effectively learns significant features without 

overfitting. The small difference between training and 

validation accuracy indicates that the model is effectively 

generalising. This is corroborated by the loss curves, which 

show that both training and validation loss consistently 

declines and approaches a stable level, exhibiting smooth 

optimization and convergence of model parameters. The 

confusion matrix offers more insights on class-level 

performance. The model performs well for visually distinct 

disease classes like Tomato_Bacterial_spot and 

Tomato_Late_blight, which can be easily identified visually. 

But there is some level of confusion between visually similar 

diseases, such as Early blight and Late blight across crops. 

These misclassifications reflect a challenge in image-based 

diagnosis, where disease symptoms like spots and yellowing 

can be similar. Moreover, a few healthy images are 

misclassified as diseased, which indicates that the model is 

sensitive to subtle visual differences or noise. The class 

distribution plot shows that the dataset is well-balanced, 

which is essential for ensuring equitable model performance 

across different classes. This balance helps ensure the model 

has sufficient training examples for each class, which helps 

avoid biased predictions. This is reflected in the consistent 

validation accuracy and balanced classification performance 

among classes. Data augmentation also plays a crucial role in 

improving the model's generalisation ability by introducing 

realistic variability, such as rotation, illumination changes, 

and scaling. This enhances the model's adaptability to various 

environmental factors, making it more practical for real-

world applications. In addition, the normalization and fixed 

dimensions of the input lead to quicker training times. While 

the results are encouraging, there are some limitations. 

Similar visual patterns among different disease classes can 

impact the model performance, resulting in misclassification. 

Further, lighting, background variations and image quality 

affect the accuracy of the model. The issues encountered 

indicate that while the model performs well under controlled 

settings, it needs to be improved for use in the complex and 

variable real-world scenarios. Potential improvements could 

include the use of transfer learning with pre-trained models 

to enhance feature learning and prediction performance. The 

addition of attention mechanisms may enable the model to 

focus on particular areas of images to predict the presence or 

absence of a disease, thereby avoiding confusion between 

similar classes. Also, integrating image data with other 

information like environmental variables (temperature, 

humidity) or multispectral data may enhance the prediction 

accuracy. In summary, the result discussion confirms that the 

proposed CNN model is an effective and efficient solution 

for crop disease prediction. The model exhibits good 

accuracy, generalizability, and potential for real-world 

applications. At the same time, the study also shows the 

limitations of the proposed system and the need for future 

research to further improve the accuracy, reliability and 

adaptability to practical deployment. 

6. Conclusion 

In this study, we presented an efficient and smart 

Convolutional Neural Network (CNN) model for automatic 

prediction of crop diseases from leaf images. The system was 

trained on a dataset containing more than 6,000 images of 

various crops affected by multiple diseases and was 

thoroughly tested using accuracy, loss, confusion matrix, and 
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other classification evaluation metrics including precision, 

recall, and F1-score. These findings indicate that the model 

has learnt to recognise complex visual features such as 

textural differences, lesion shapes and colours of various 

crop diseases. The CNN model reached a validation accuracy 

of roughly 91.87%, showcasing its excellent classification 

performance and potential for use in practical agricultural 

settings. The training and validation curves showed smooth 

convergence and the small differences between them 

confirmed the model's generalization ability and slight 

overfitting. The loss curves also confirmed effective 

optimization, with steady reduction in loss and balanced 

learning. Furthermore, the confusion matrix showed that the 

model achieved good classification for most classes, with 

limited errors observed between visually similar diseases, 

like early and late blight. The equal representation of classes 

in the dataset and the use of data augmentation techniques 

played a crucial role in improving the model's accuracy. This 

allowed the system to be resilient to slight changes in image 

orientation, lighting and background, often encountered in 

field conditions. In conclusion, the proposed system offers an 

affordable, scalable and non-destructive method for early 

detection of crop diseases, enabling early intervention and 

better management practices. While the results are 

encouraging, there are still some limitations, including the 

ability to differentiate diseases that have similar visual 

symptoms and adapt to diverse environmental conditions. 

Future research will aim to improve the model's accuracy by 

using transfer learning models (such as ResNet or 

EfficientNet), adding real-field data to the dataset, and 

incorporating attention mechanisms to better localise 

features. Additionally, the model can be integrated into a 

mobile or edge computing platform to provide real-time crop 

disease monitoring, enhancing its usability for farmers. In 

summary, this research highlights the great potential of deep 

learning in revolutionising conventional farming systems 

into smart agricultural systems. The CNN model paves the 

way for the development of more sophisticated crop disease 

prediction systems, which can be used to promote sustainable 

farming, enhance crop yields, and ensure food security. 

References 

1. Islam, M. M., Adil, M. A. A., Talukder, M. A., Ahamed, M. K. U., 

Uddin, M. A., Hasan, M. K., ... & Debnath, S. K. (2023). 

DeepCrop: Deep learning-based crop disease prediction with web 

application. Journal of Agriculture and Food Research, 14, 

100764. 

2. Pallagani, V., Khandelwal, V., Chandra, B., Udutalapally, V., Das, 

D., & Mohanty, S. P. (2019, December). DCrop: A deep-learning 

based framework for accurate prediction of diseases of crops in 

smart agriculture. In 2019 IEEE international symposium on smart 

electronic systems (iSES)(formerly inis) (pp. 29-33). IEEE. 

3. Islam, M. M., Talukder, M. A., Sarker, M. R. A., Uddin, M. A., 

Akhter, A., Sharmin, S., ... & Debnath, S. K. (2023). A deep 

learning model for cotton disease prediction using fine-tuning with 

smart web application in agriculture. Intelligent Systems with 

Applications, 20, 200278. 

4. Kanna, G. P., Kumar, S. J., Kumar, Y., Changela, A., Woźniak, 

M., Shafi, J., & Ijaz, M. F. (2023). Advanced deep learning 

techniques for early disease prediction in cauliflower plants. 

Scientific Reports, 13(1), 18475. 

5. Ashraf, M., Abrar, M., Qadeer, N., Alshdadi, A., Sabbah, T., & 

Khan, M. (2023). A convolutional neural network model for wheat 

crop disease prediction. Computers, Materials, & Continua, 75(2), 

3867. 

6. Bhakta, I., Phadikar, S., Majumder, K., Mukherjee, H., & Sau, A. 

(2023). A novel plant disease prediction model based on thermal 

images using modified deep convolutional neural network. 

Precision Agriculture, 24(1), 23-39. 

7. Dhanalakshmi, N., Jeyanthi, M., & Prabu, A. V. (2021). Crop 

disease prediction using deep convolution neural network. 

Psychology and Education Journal, 58(1), 4273-8. 

8. Mishra, S., Volety, D. R., Bohra, N., Alfarhood, S., & Safran, M. 

(2023). A smart and sustainable framework for millet crop 

monitoring equipped with disease detection using enhanced 

predictive intelligence. Alexandria Engineering Journal, 83, 298-

306. 

9. Jiang, P., Chen, Y., Liu, B., He, D., & Liang, C. (2019). Real-time 

detection of apple leaf diseases using deep learning approach 

based on improved convolutional neural networks. Ieee Access, 7, 

59069-59080. 

10. Lee, S., Jeong, Y., Son, S., & Lee, B. (2019). A self-predictable 

crop yield platform (SCYP) based on crop diseases using deep 

learning. Sustainability, 11(13), 3637. 

11. Joseph, D. S., Pawar, P. M., & Pramanik, R. (2023). Intelligent 

plant disease diagnosis using convolutional neural network: a 

review. Multimedia Tools and Applications, 82(14), 21415-21481. 

12. Mishra, S., Sachan, R., & Rajpal, D. (2020). Deep convolutional 

neural network based detection system for real-time corn plant 

disease recognition. Procedia Computer Science, 167, 2003-2010. 

13. Bhadana, D., & Purandhar, N. (2021). An enhanced deep learning 

framework integrating Vision Transformers-CNN for accurate 

seed-borne disease prediction in crops. International Journal of 

Business Management and Economic Review, 4(2), 260. 

14. Xie, X., Ma, Y., Liu, B., He, J., Li, S., & Wang, H. (2020). A deep-

learning-based real-time detector for grape leaf diseases using 

improved convolutional neural networks. Frontiers in plant 

science, 11, 751. 

15. Khamparia, A., Saini, G., Gupta, D., Khanna, A., Tiwari, S., & de 

Albuquerque, V. H. C. (2020). Seasonal crops disease prediction 

and classification using deep convolutional encoder network. 

Circuits, Systems, and Signal Processing, 39(2), 818-836. 

16. Rezk, N. G., Attia, A. F., El-Rashidy, M. A., El-Sayed, A., & 

Hemdan, E. E. D. (2022). An efficient plant disease recognition 

system using hybrid convolutional neural networks (CNNs) and 

conditional random fields (CRFs) for smart IoT applications in 

agriculture. International Journal of Computational Intelligence 

Systems, 15(1), 65. 

17. Picon, A., Alvarez-Gila, A., Seitz, M., Ortiz-Barredo, A., 

Echazarra, J., & Johannes, A. (2019). Deep convolutional neural 

networks for mobile capture device-based crop disease 

classification in the wild. Computers and Electronics in 

Agriculture, 161, 280-290. 

18. Dhaka, V. S., Meena, S. V., Rani, G., Sinwar, D., Ijaz, M. F., & 

Woźniak, M. (2021). A survey of deep convolutional neural 

networks applied for prediction of plant leaf diseases. Sensors, 

21(14), 4749. 

19. Kundu, N., Rani, G., Dhaka, V. S., Gupta, K., Nayak, S. C., 

Verma, S., ... & Woźniak, M. (2021). IoT and interpretable 

machine learning based framework for disease prediction in pearl 

millet. Sensors, 21(16), 5386. 

20. Gupta, A. K., Gupta, K., Jadhav, J., Deolekar, R. V., Nerurkar, A., 

& Deshpande, S. (2019, March). Plant disease prediction using 

deep learning and IoT. In 2019 6th International Conference on 

Computing for Sustainable Global Development (INDIACom) (pp. 

902-907). IEEE. 


