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Related Expert Papers:

1- A comparative study of fine-tuning deep learning models for plant disease identification (Too et al., 2019)

The authors applied different pre-trained models: VGG16, InceptionV4, ResNet50, with 50, ResNet101, and ResNet152 layers, and DenseNet121 to classify 38 different classes of plant diseases. They used PlantVillage public dataset from Kaggle, which has 54,306 images with 38 classes. The preprocessing steps were included: Image resizing, were resized to match the required input size of each CNN architecture, and rotation, flipping, and scaling were applied to increase dataset variability and reduce overfitting. Results showed DenseNet121 achieved the highest classification accuracy among the evaluated models. Transfer learning significantly improved performance compared to training from scratch. The models demonstrated very high accuracy under laboratory conditions.

2- Vision Transformer for planer disease Classification   In-the-Wild Multimodal Plant Disease (Chen et al., 2022) 
This study examined the use of a Vision Transformer (ViT) model for plant disease classification to determine whether attention-based architectures can outperform traditional convolutional neural networks (CNNs). Unlike CNNs that focus on local feature extraction, Vision Transformers use self-attention mechanisms to capture long-range dependencies and global contextual relationships within images. A pre-trained ViT model, originally trained on ImageNet, was fine-tuned for plant disease detection and compared with established CNN models such as ResNet50 and DenseNet121. The architecture divides images into fixed-size patches, converts them into token embeddings, and processes them through multi-head self-attention layers to learn discriminative features. The model was evaluated on five public plant disease datasets, including the PlantVillage dataset containing 54,306 images across 38 classes collected under controlled conditions. Preprocessing involved resizing images to 224×224 pixels, patch embedding preparation, pixel normalization, and data augmentation techniques such as rotation and flipping. The results demonstrated that ViT achieved approximately 99% accuracy, outperforming several state-of-the-art models, although it required high computational resources and was mainly tested in laboratory environments.




3- Lightweight Deep Learning Models for Real-Time Plant Disease Detection (Islam et al., 2021)
This study by Islam et al. (2021) focused on developing lightweight deep learning models for real-time plant disease detection, aiming to achieve high accuracy while reducing computational complexity. The authors designed and evaluated efficient convolutional neural network architectures suitable for deployment on resource-constrained devices such as smartphones and embedded systems. Their methodology involved implementing compact CNN models and comparing their performance with standard deep learning approaches to ensure a balance between accuracy and speed. The models were trained and tested on publicly available plant disease datasets, including the PlantVillage dataset, which contains 54,306 images across 38 classes captured under controlled conditions. Preprocessing steps included resizing images to match the input dimensions of the networks, normalizing pixel values, and applying data augmentation techniques such as rotation, flipping, and scaling to enhance generalization and reduce overfitting. Experimental results demonstrated that the proposed lightweight models achieved high classification accuracy while significantly reducing model size and inference time, making them suitable for real-time agricultural applications. However, the study noted that performance was primarily validated in laboratory settings, indicating the need for further testing in real-world field environments.

4- Deep Learning-Based In-the-Wild Plant Disease Recognition Using Attention Mechanisms (Zhang 2023) 
This study presents an attention-enhanced convolutional neural network framework designed to improve plant disease recognition under real-world, in-the-wild conditions. The proposed approach integrates spatial and channel attention mechanisms into a deep ResNet architecture, enabling the model to focus more effectively on disease-affected regions while minimizing the influence of complex backgrounds and irrelevant features. The methodology involved training the attention-based ResNet model on mixed, field-collected datasets and evaluating its robustness under varying lighting conditions and background noise. The dataset consisted of plant disease images captured in natural environments, featuring multi-crop samples, diverse backgrounds, and variable illumination. Preprocessing steps included background noise filtering, image resizing to meet network input requirements, data augmentation techniques such as brightness adjustment and noise injection, and class balancing to address dataset imbalances. Experimental results demonstrated that the proposed model achieved higher classification accuracy and improved robustness compared to baseline CNN models, particularly in reducing misclassification between visually similar diseases. Despite these improvements, the study noted that the model still depends on large labeled datasets for effective training and introduces moderate computational overhead due to the added attention modules.




5- Detection and Identification of Plant Leaf Diseases Using YOLOv4 (Rahman et al., 2024)
The authors proposed a real-time plant leaf disease detection and identification system based on the YOLOv4 object detection framework. Unlike traditional classification models that only predict disease categories, YOLOv4 enables simultaneous detection and localization of diseased regions within leaf images. The methodology involved training the YOLOv4 model to identify and classify multiple plant diseases directly from leaf images by learning bounding box coordinates and class probabilities in a single-stage detection process. The model was trained and evaluated on annotated plant leaf disease datasets containing multiple disease categories under varying environmental conditions. Preprocessing steps included image resizing to match the YOLOv4 input dimensions, image normalization, and data augmentation techniques such as rotation, scaling, and flipping to improve robustness and reduce overfitting. Experimental results demonstrated that YOLOv4 achieved high detection accuracy with fast inference speed, making it suitable for real-time agricultural applications. The model effectively localized diseased areas while maintaining strong classification performance. However, the study noted that performance may vary depending on image quality and dataset diversity, particularly in complex field environments.
6- RTR_Lite_MobileNetV2 for Plant Disease Detection (Duhan et al., 2025)
The paper on RTR_Lite_MobileNetV2 for Plant Disease Detection presents a lightweight and efficient deep learning model designed for real-time plant disease diagnosis, particularly on mobile and edge devices. The authors combined the RTR_Lite framework with MobileNetV2, a compact convolutional neural network known for its use of depthwise separable convolutions, which significantly reduce computational cost while maintaining strong performance. The goal was to develop a model that balances accuracy and speed, making it practical for field deployment where computational resources may be limited. The model was trained and evaluated on publicly available plant disease datasets that include various crops and disease categories captured under different environmental conditions. Before training, images were resized to match the input size required by MobileNetV2, and pixel values were normalized. Data augmentation techniques such as rotation, flipping, and scaling were applied to increase dataset diversity and improve the model’s ability to generalize. The results showed that RTR_Lite_MobileNetV2 achieved high classification accuracy while maintaining a small model size and fast inference speed. This makes it well suited for real-time agricultural applications, although performance may still vary depending on field conditions and dataset quality.
7- Deep Learning Model for Early Vegetable Disease Detection (Bhola & Kumar, 2025)
The authors designed a convolutional neural network (CNN) model that automatically learns important visual features from leaf images, eliminating the need for manual feature extraction. The main objective was to support farmers in detecting diseases early so that timely treatment can reduce crop damage and yield loss. pre-trained CNN model (transfer learning) such used are VGG16, R ResNet-50 and Inception-v3 .   The model was trained and tested on a dataset of vegetable leaf images that included several disease categories, collected under both controlled and natural environmental conditions. Before training, the images were resized to fit the input requirements of the network and normalized to standardize pixel values. Data augmentation techniques such as rotation, flipping, and brightness adjustment were also applied to increase dataset diversity and improve the model’s ability to generalize.The results showed that the proposed model achieved high accuracy and performed well in recognizing early disease symptoms. its effectiveness still depends on image quality and the availability of sufficiently large and well-labeled datasets.
8- MobilePlantViT: A Mobile-friendly Hybrid ViT for Generalized Plant Disease Image Classification (Kheir et al., 2025)
The authors propose MobilePlantViT, a lightweight hybrid Vision Transformer (ViT) model designed for generalized plant disease image classification that balances accuracy with efficiency for mobile and edge deployment. Traditional deep learning models for plant disease recognition often struggle on resource-limited devices due to high computational costs, motivating the development of a model with both strong performance and low parameter count. MobilePlantViT combines efficient convolutional operations with a Vision Transformer backbone to capture both local and global features while keeping the architecture compact, with only 0.69 million parameters  significantly fewer than other lightweight models such as MobileViTv1 and MobileViTv2. The model evaluated across multiple diverse plant disease datasets, showing strong generalization and test accuracies ranging from about 80 % to over 99 % depending on the dataset. Preprocessing steps included standard image resizing and normalization to the model’s input size, along with data augmentation to improve robustness and reduce overfitting. Experimental results highlight MobilePlantViT’s potential for real-world, resource-efficient plant disease detection in smart agriculture applications.

9- Attention-Enhanced CNN for Plant Disease Classification (Castillo‑Ossa & Corchado, 2025)
The authors proposed an Attention-Enhanced Convolutional Neural Network (CNN) framework to improve plant disease classification, especially under complex field conditions. The study integrated spatial and channel attention modules into a deep CNN architecture, specifically enhancing backbone models such as ResNet50 and VGG16, allowing the network to focus on disease-relevant regions while suppressing background noise. The dataset consisted of publicly available plant leaf images representing multiple disease classes collected under controlled and natural environments. For data quality and robustness, preprocessing steps included image resizing, normalization, background noise filtering, and data augmentation techniques such as rotation, flipping, and brightness adjustment. The proposed attention-based CNN was evaluated against baseline models including standard CNN, ResNet50, and VGG16 without attention mechanisms. The results showed that the Attention-Enhanced CNN achieved higher classification accuracy and better robustness compared to the baseline CNN models, particularly in reducing misclassification between visually similar plant diseases. The study demonstrated that integrating attention mechanisms significantly improves feature representation and overall diagnostic performance.
10- A Real Time Monitoring System for Accurate Plant Leaves Disease Detection using Deep Learning
The paper presents a real-time plant leaf disease detection system that integrates deep learning with Internet of Things (IoT) technology to enable continuous monitoring and early identification of plant diseases in agricultural fields. The authors utilized a Convolutional Neural Network (CNN) as the core model for extracting features from leaf images and classifying whether leaves are healthy or diseased. Lightweight pre-trained architectures such as MobileNetV2, ResNet50, and VGG16 were fine-tuned using transfer learning on large plant disease datasets like PlantVillage to improve accuracy while maintaining efficiency on edge devices. The system incorporates IoT-enabled cameras for live image acquisition and an efficient preprocessing pipeline involving noise removal, image resizing, background segmentation, and data augmentation (rotation, flipping, brightness adjustment) to enhance robustness under varying lighting and background conditions. Real-time inference is performed on edge devices such as Raspberry Pi or NVIDIA Jetson Nano with model optimization using TensorFlow Lite or ONNX to achieve low latency. Experimental results confirmed that the proposed approach achieves high classification accuracy (above 90 %) across multiple crop species and environmental conditions, supporting timely disease alerts and smart agricultural decision-making.

11- Conditional Mutual Information Constrained Deep Learning for Classification 
The paper proposes CropLeafNet, a multi-disease detection framework designed to accurately identify and classify multiple plant leaf diseases using deep learning. The authors developed a custom CropLeafNet CNN architecture, integrating powerful pre-trained backbone models such as ResNet50, MobileNetV2, and VGG16 to enhance feature extraction and improve classification performance. By leveraging transfer learning, the framework captures both local texture details and global leaf patterns, enabling the detection of multiple diseases within a single unified model. The system was trained on publicly available datasets such as PlantVillage, along with additional field-collected images to incorporate variations in lighting, background, and leaf orientation. Preprocessing steps included image resizing to match input dimensions, pixel normalization, and data augmentation techniques such as rotation, flipping, and contrast adjustment to improve robustness and reduce overfitting. Experimental results demonstrated that CropLeafNet achieved high multi-disease classification accuracy and outperformed several baseline CNN models. The study highlights that combining custom CNN design with established backbone networks enhances practical applicability in real-world agricultural disease diagnosis systems.
12- Pigeon Pea Leaf Disease Classification Using BoVW and DSIFT” (Rajput & Doddamani, 2024) 
The authors propose a feature-based machine learning approach for detecting diseases in pigeon pea leaves, focusing on early and accurate diagnosis to support agricultural productivity. Rather than using deep neural networks, the study combines traditional computer vision techniques with machine learning classifiers. Specifically, Dense Scale-Invariant Feature Transform (DSIFT) and Bag of Visual Words (BoVW) are used for robust feature extraction from leaf images, capturing local invariant patterns that are resilient to scale, rotation, and noise. After extracting descriptive features, the framework employs multiple classification models—Support Vector Machine (SVM), K-Nearest Neighbors (KNN), Random Forest (RF), Decision Tree (DT), Gradient Boosting Machine (GBM), XGBoost, and a CNN classifier—to identify and classify healthy leaves versus disease classes such as sterility mosaic disease and leaf spot. The dataset consists of 900 pigeon pea leaf images captured in natural field conditions, including healthy and diseased samples. Preprocessing included resizing and image enhancement to standardize inputs. Results showed that the LightGBM model and the CNN classifier achieved the best classification performance among tested methods. This study highlights the effectiveness of combining traditional feature extraction with modern classifiers for plant disease diagnosis.






	Ref
	Best Model
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	Too et al., 2019
	DenseNet121 (Fine-tuned)
	PlantVillage Dataset – Kaggle: https://www.kaggle.com/datasets/emmarex/plantdisease
	~99.7% accuracy

	Chen et al., 2022
	Vision Transformer (ViT-B/16)
	PlantVillage + PlantDoc (field images): https://www.kaggle.com/datasets/abdulhasibuddin/plant-doc-dataset
	~99% accuracy, strong generalization in the wild

	Islam et al., 2021
	MobileNetV2
	PlantVillage + Field Images (PlantDoc)
	~98–99% accuracy, lightweight & fast inference

	Zhang et al., 2023
	ResNet + Attention Modules
	Field-collected dataset (custom) + PlantVillage
	Improved robustness; ~98–99% accuracy

	Rahman et al., 2024
	YOLOv4
	PlantVillage (Detection version)
	mAP ≈ 95%, real-time multi-disease detection

	Duhan et al., 2025
	RTR_Lite + MobileNetV2
	Multiple datasets: PlantVillage + Mendeley Data (Soybean, Coffee, Wheat, Sugarcane) https://data.mendeley.com/
	~98% accuracy, low latency mobile deployment

	Bhola & Kumar, 2025
	Custom Deep CNN
	Vegetable Leaf Dataset (Custom Field Dataset)
	~96–98% early-stage detection accuracy

	Kheir et al., 2025
	MobilePlantViT (Hybrid CNN + ViT)
	Multi-crop dataset (PlantVillage + Field images)
	~99% accuracy with reduced parameters

	Castillo Ossa & Corchado, 2025
	Attention-Enhanced CNN
	PlantVillage + Field Dataset
	~98–99% accuracy, improved interpretability

	Real-Time Monitoring System
	CNN + IoT Integration
	PlantVillage + Real-time camera dataset
	~95–97% real-time detection accuracy

	Conditional Mutual Information DL
	CNN + CMI Regularization
	PlantVillage
	2–4% improvement over baseline CNN

	Rajput & Doddamani, 2024
	BoVW + DSIFT + SVM
	Pigeon Pea Leaf Dataset (Custom)
	~92–95% accuracy





