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Abstract:  

Plant diseases significantly impact crop yield and food security worldwide, making their early detection a 

priority in sustainable agriculture. Manual identification of plant diseases is often inaccurate, labor-

intensive, and time-consuming. In recent years, deep learning particularly Convolutional Neural Networks 

(CNNs)—has emerged as a powerful tool for image-based disease detection and classification. This review 

consolidates insights from recent studies and surveys to present a comprehensive understanding of 

methodologies, including CNN and transfer learning techniques, datasets used, comparative performances, 

current challenges, and opportunities for future development. The integration of artificial intelligence with 

precision agriculture holds the potential to revolutionize the monitoring and management of plant health, 

thereby enhancing crop quality and yield. . To detect plant diseases, we are utilizing image processing with 

a Convolution neural network (CNN). A convolutional neural network (CNN) is a form of artificial neural 

network that is specifically intended to process pixel input and is used in image. 

1. INTRODUCTION 

 

Approximately Agricultural production is vital for feeding the world’s growing population. 

However, plant diseases continue to be a major obstacle, causing significant economic losses and food 

scarcity. The accurate and timely identification of these diseases is essential for efficient crop management 

and protection. Traditionally, plant disease detection has relied on visual inspection by human experts, 

which can be inaccurate, labor-intensive, and subjective. Moreover, in rural and remote farming areas, the 

lack of access to expert pathologists further complicates timely diagnosis. 

In recent years, the proliferation of smartphones, drones, and low-cost sensors has made it easier to capture 

plant images, enabling the application of image processing techniques for disease identification. Among 

these, artificial intelligence (AI) and deep learning techniques have become popular due to their ability to 

learn from large datasets and deliver high classification accuracy. 
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Key components and motivations for adopting AI in plant disease detection include: 

 Advancements in Computer Vision: Significant progress in deep learning and computer vision allows for 

automated and accurate identification of plant diseases from images. 

 Accessibility of Data: Availability of large datasets such as Plant Village has facilitated the training of 

robust AI models. 

 Smart Agriculture: The trend toward precision agriculture demands the use of technology to optimize 

crop monitoring and protection. 

 Low-cost Deployment: Mobile applications and embedded systems now allow AI-powered disease 

detection tools to be used in the field. 

Convolutional Neural Networks (CNNs), in particular, have demonstrated superior performance in 

various plant disease classification tasks. By automatically learning hierarchical features from leaf images, 

CNNs can distinguish subtle visual symptoms associated with different diseases. 

Other notable points include: 

 Transfer Learning: Using pre-trained models like VGG, ResNet, and Inception reduces the need for 

extensive training and enhances accuracy. 

 Mobile Integration: AI models can be embedded in mobile devices to assist farmers in real-time. 

 IoT and Sensor Fusion: Combining visual data with environmental sensors can enhance diagnostic 

accuracy. 

Numerous research studies have explored the use of these methods for plant disease detection. They 

focus not only on model accuracy but also on practical deployment, including mobile-based applications, 

real-time monitoring systems, and integration with Internet of Things (IoT) frameworks. 

This review paper brings together insights from multiple research articles and presents a consolidated 

view of the datasets, methodologies, and innovations in the field. It highlights the performance benchmarks 

of popular models and outlines the existing limitations and promising directions for future development. 

By bridging the gap between AI research and agricultural application, this work emphasizes the 

transformative potential of deep learning in sustainable and precision agriculture. Agricultural production 

is vital for feeding the world’s growing population. However, plant diseases continue to be a major 

obstacle, causing significant economic losses and food scarcity. The accurate and timely identification of 

these diseases is essential for efficient crop management and protection. Traditionally, plant disease 

detection has relied on visual inspection by human experts, which can be inaccurate, labor-intensive, and 

subjective. Moreover, in rural and remote farming areas, the lack of access to expert pathologists further 

complicates timely diagnosis. 
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In recent years, the proliferation of smartphones, drones, and low-cost sensors has made it easier to 

capture plant images, enabling the application of image processing techniques for disease identification. 

Among these, artificial intelligence (AI) and deep learning techniques have become popular due to their 

ability to learn from large datasets and deliver high classification accuracy. 

Convolutional Neural Networks (CNNs), in particular, have demonstrated superior performance in 

various plant disease classification tasks. By automatically learning hierarchical features from leaf images, 

CNNs can distinguish subtle visual symptoms associated with different diseases. Furthermore, the adoption 

of transfer learning using pre-trained models like VGG, ResNet, and Inception has significantly improved 

model performance and reduced training time. 

Numerous research studies have explored the use of these methods for plant disease detection. They 

focus not only on model accuracy but also on practical deployment, including mobile-based applications, 

real-time monitoring systems, and integration with Internet of Things (IoT) frameworks. 

This review paper brings together insights from multiple research articles and presents a consolidated 

view of the datasets, methodologies, and innovations in the field. It highlights the performance benchmarks 

of popular models and outlines the existing limitations and promising directions for future development. 

By bridging the gap between AI research and agricultural application, this work emphasizes the 

transformative potential of deep learning in sustainable and precision agriculture. 

Plant health plays a crucial role in agriculture. The early detection of plant diseases can help 

prevent crop losses and improve productivity. Traditional manual inspection is time-consuming, 

subjective, and requires expert knowledge. Hence, computer vision combined with artificial intelligence, 

particularly deep learning, offers a powerful solution. 

2. Literature Review 

Deep learning and machine learning techniques have gained increasing attention in the field of 

agricultural diagnostics, especially in plant disease detection. Numerous studies have demonstrated the 

capability of these methods in automating the process of disease classification, significantly outperforming 

traditional expert-based visual analysis. 

Several researchers have employed CNNs due to their capacity to learn hierarchical feature 

representations from leaf images. For instance, Ferentinos (2018) evaluated multiple CNN architectures on 

a dataset of 87,848 images across 25 plant species, achieving high classification accuracy above 99%. 

Similarly, Brahimi et al. (2017) focused on tomato leaves and demonstrated the use of deep CNNs in 

distinguishing between nine disease types with an accuracy of over 99%. 

Transfer learning has been widely adopted to address the scarcity of labeled plant images. Models 

such as AlexNet, VGG16, InceptionV3, and ResNet have been retrained for plant-specific tasks, reducing 

the need for large datasets and improving overall training efficiency. For example, Mohanty et al. used 
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AlexNet and GoogleNet with the PlantVillage dataset and achieved classification accuracies of 99.35% and 

99.71%, respectively. 

Other studies explored region-based approaches like R-CNN to localize affected areas, allowing not 

only classification but also severity analysis. This proves particularly useful in real-time applications where 

localized spraying or treatment is required. 

In addition to image classification, some studies integrated CNNs with machine learning classifiers 

such as SVMs and Random Forests to improve decision-making. Data augmentation, preprocessing 

methods, and image enhancement techniques were also used to overcome limitations in real-field data, 

such as inconsistent lighting and image noise. 

Overall, the literature reveals that deep learning models, especially CNNs and transfer learning 

approaches, have set new standards in plant disease detection tasks. The incorporation of real-field data, 

multimodal sensing (e.g., hyperspectral imaging), and improved computational architectures continues to 

drive forward the research and practical adoption of these technologies. 

3. DATASETS USED IN RESEARCH 

Datasets are critical in training and evaluating deep learning models for plant disease detection. A 

reliable and diverse dataset helps ensure the model's ability to generalize and perform accurately in real-

world scenarios. Over the past years, multiple datasets have been developed or compiled by researchers to 

cater to different crops, diseases, and environmental conditions. 

 

Fig. 3.1 Dataset of Plant Images 

 Plant Village Dataset: The most widely used benchmark dataset, Plant Village includes over 54,306 high-

quality images of plant leaves across 38 categories, covering 14 different crop species. It contains both 

healthy and diseased leaf images and has been a foundation for many CNN-based studies. 

 Rice Disease Dataset: Developed for the detection of rice-specific diseases such as brown spot, leaf blast, 

and bacterial blight. This dataset often includes around 5,932 annotated images. 

 Potato Disease Dataset: Includes around 1,500 images of potato leaves exhibiting signs of early and late 

blight as well as healthy conditions. 

 Apple Leaf Dataset: Used in studies focusing on apple scab, black rot, and cedar apple rust, this dataset 

contains high-resolution images useful for fine-grained classification. 
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 Data Augmentation: Common techniques such as rotation, flipping, zooming, and cropping are applied to 

artificially increase the size and diversity of the dataset. 

 Normalization and Resizing: Standardizing image size (e.g., 224x224) and pixel intensity normalization 

improve model training stability. 

 Custom Field Datasets: Many researchers collect their own datasets from real farm conditions to capture 

varied lighting, background, and natural noise. 

 Labeling: Accurate labeling with disease names and severity levels is crucial. Some datasets also include 

metadata like geographic location and growth stage. 

4. DEEP LEARNING TECHNIQUES 

 

Deep learning has revolutionized the way plant diseases are detected and classified. It allows automatic 

extraction of features from images and builds highly accurate models without the need for manual 

intervention. Various deep learning architectures have been employed in this domain, each with its own 

strengths one of the most widely adopted architectures is the Convolutional Neural Network (CNN).  

CNNs work by processing image data through a series of convolutional and pooling layers that help 

identify patterns such as spots, blights, and discoloration on leaves. These networks learn feature 

hierarchies automatically, making them especially suitable for handling the complexity of plant images. 

Another major advancement is the use of transfer learning. With transfer learning, models that were pre-

trained on massive image datasets like ImageNet can be fine-tuned for plant disease classification.  

3.1 Convolutional Neural Networks (CNNs):           Convolutional Neural Networks (CNNs) have 

become the foundation of image-based plant disease classification due to their exceptional ability to extract 

and learn spatial features. A CNN is composed of several layers that mimic the structure of the human 

visual cortex, gradually identifying patterns and distinguishing characteristics from raw pixel data. 

 

Fig. 3.1.1 Layers of CNNs 

 

http://www.ijcrt.org/


www.ijcrt.org                                                   © 2025 IJCRT | Volume 13, Issue 4 April 2025 | ISSN: 2320-2882 

IJCRT25A4018 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org i630 
 

The architecture generally begins with an Input Layer, which receives leaf images. This is followed by 

Convolutional Layers that apply filters to extract essential features such as spots, color changes, or texture 

differences. Next, Activation Functions (typically ReLU) are applied to introduce non-linearity into the 

model. 

Pooling Layers, often max pooling, are used to reduce the dimensionality of feature maps, enhancing 

computational efficiency while preserving crucial information. These are followed by Fully Connected 

Layers, where the extracted features are mapped to specific plant disease categories. Finally, the Output 

Layer applies a softmax function to provide probability distributions across classes. 

Subcomponents that enhance CNN performance include: 

 Dropout Layers: Used to prevent overfitting. 

 Batch Normalization: Speeds up training and stabilizes learning. 

 Data Augmentation: Provides better generalization through rotated, scaled, or flipped image variations. 

CNNs are especially effective because they automate the feature extraction process, removing the need for 

hand-crafted features and yielding high classification accuracy in controlled settings. 

3.2 Transfer Learning:  

Transfer learning is a powerful approach used to leverage knowledge gained from large-scale datasets and 

apply it to specific plant disease detection tasks. Instead of training a neural network from scratch—which 

requires vast amounts of labeled data and computational power—pre-trained models are adapted for the 

new task. 

Common models used in transfer learning include VGG16, ResNet50, InceptionV3, and AlexNet. These 

networks were originally trained on the ImageNet dataset and have learned to extract robust features from a 

wide variety of images. By fine-tuning the final layers or retraining specific sections, these models can 

effectively classify plant diseases. 

5. PERFORMANCE COMPARISON 

 

The performance of plant disease detection models is commonly evaluated using metrics such as 

accuracy, precision, recall, and F1-score. Among these, accuracy is most frequently reported as it provides 

a clear indication of how often the model correctly identifies the disease. 
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The table below summarizes results from prominent studies using various deep learning architectures. 

These models were tested on different crops and diseases using diverse datasets under various conditions. 

Model Dataset Accuracy 

Custom CNN 
Rice + 

Potato 

99.58% 

(Rice), 

97.66% 

(Potato) 

VGG-Inception Apple Leaf 97.14% 

AlexNet Rice 91.23% 

R-CNN General 94% 

SVM+Feature 

Extraction 
Grapes 92.14% 

ResNet50 PlantVillage 98.20% 

InceptionV3 Tomato 95.45% 

EfficientNet-B0 
Multiple 

Crops 
98.76% 

    MobileNetV2 
Real-Time 

Datasets 
94.85% 

DenseNet121 
Rice 

Diseases 
97.90% 

 Custom CNN architectures trained from scratch can outperform pre-trained models when sufficient data 

is available. 

 Transfer learning models such as VGG, ResNet, and InceptionV3 show excellent generalization, 

especially on moderate-sized datasets. 

 EfficientNet and DenseNet are newer architectures that combine accuracy with computational efficiency, 

making them ideal for real-world deployment. 

 MobileNetV2 is highly optimized for mobile devices and embedded systems, offering real-time detection 

capabilities. 

 R-CNN models provide additional benefits like bounding box localization, useful for estimating disease 

severity and guiding precision treatment. 

 SVM with handcrafted features, while still relevant in specific contexts, generally underperforms 

compared to deep learning approaches. 
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6. Challenges in Plant Disease Detection 

 

AI- Despite the advancements in deep learning, several challenges persist in deploying these 

techniques effectively for plant disease detection in practical scenarios. 

a. Variability in Lighting and Environmental Conditions: Images captured in natural environments often 

suffer from inconsistent lighting, shadows, and reflections. These factors can distort visual features and 

reduce model accuracy. 

b. Background Noise and Occlusion: Leaves may be surrounded by soil, weeds, or overlapping foliage. 

These background elements can confuse models that are trained on clean, segmented images. 

c. Similar Visual Symptoms Across Diseases: Different diseases sometimes manifest similar symptoms 

such as yellowing, spots, or curling, which can lead to misclassification, especially in early-stage 

infections. 

d. Limited Availability of Annotated Data: High-quality, labeled datasets are scarce for many crops, and 

manual annotation is time-consuming and requires domain expertise. 

e. Class Imbalance in Datasets: In many datasets, some diseases are overrepresented while others are rare. 

This imbalance can bias model training and affect  

6. Future Research Directions 

Future research in plant disease detection using deep learning is poised to tackle current limitations 

while exploring innovative technologies for broader impact in agriculture. 

a. Improved Generalization Across Different Crop Species: Many current models are trained on single-

crop datasets and lack cross-species generalization. Future work should focus on building multi-crop 

models capable of learning shared disease features. 

b. Integration with IoT for Real-Time Monitoring: Combining deep learning with IoT devices like drones, 

environmental sensors, and smart cameras can facilitate continuous plant health monitoring. This real-time 

data flow can enable faster responses to disease outbreaks and improve precision agriculture practices. 

c. Use of GANs to Augment Data: Generative Adversarial Networks (GANs) can create synthetic plant 

disease images that resemble real ones. This is particularly valuable in cases of class imbalance or rare 

disease scenarios. Augmenting training datasets with GAN-generated images enhances model robustness 

and performance. 
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