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Abstract :  Early detection of plant leaf diseases (PLD) is essential for protecting crops, reducing yield losses, and ensuring food 

security. Traditional disease detection methods depend on manual inspection, which is time-consuming, labor-intensive, and often 

unreliable for small-scale farmers. To overcome these issues, artificial intelligence (AI), machine learning (ML), and deep learning 

(DL) have transformed plant disease detection (PDD) by providing fast, automated, and highly accurate image-based classification. 

This review focuses on AI-based techniques used for detecting diseases in different crops such as corn, mango, tomato, apple, rice, 

tea, potato, wheat, palm oil, and citrus. It highlights recent progress in DL models, feature fusion methods, and real-time solutions 

like IoT-based monitoring systems and mobile apps. Although these technologies have greatly improved DD accuracy and speed, 

challenges still exist, including the need for large labeled datasets, high computational resources, and extensive testing under real-

world conditions. 

 

IndexTerms - Artificial Intelligence, Crop Disease, Deep Learning, Leaf disease, Machine Learning, Precision Agriculture, 

Plant Disease Detection. 

I. INTRODUCTION 

PLD are a major challenge in global agriculture, causing serious yield losses, poor crop quality, and higher production costs. 

These diseases, often spread by bacteria, fungi, or viruses, can quickly damage crops if not detected and managed early, affecting 

both food security and the economy. Early and accurate detection of PLD is essential for effective crop management, helping farmers 

take preventive actions and use resources wisely. However, traditional DD methods depend on manual inspection by agricultural 

experts, which is slow, labor-intensive, and not easily accessible to small-scale farmers, especially in rural areas. Manual diagnosis 

is also prone to human errors and inconsistencies caused by varying environmental conditions, disease symptoms, and differences in 

observer experience. Automated DD using AI, ML, and DL has become increasingly popular to overcome these limitations. These 

computational methods provide fast, scalable, and cost-effective ways to diagnose PD from images. Among them, DL-based models, 

especially CNNs, have shown outstanding results in identifying plant diseases. CNNs are powerful for FE and classification, helping 

distinguish between healthy and diseased leaves with high accuracy. Advanced DL architectures like EfficientNet, DenseNet, 

GoogleNet, and VGG have been widely used, often combined with feature fusion, clustering (e.g., K-means), and lightweight 

optimization to improve accuracy and efficiency. Traditional ML methods like RF and SVM have also been tested, but they usually 

achieve lower accuracy due to limited ability to capture complex patterns in large datasets. 

Recent studies have explored LD detection in crops such as rice, tomato, mango, apple, citrus, tea, potato, wheat, palm oil, and 

grapes. These works focus on improving classification accuracy, optimizing models for lower computational cost, and developing 

hybrid systems for better recognition. Real-time applications, including mobile apps and IoT-based monitoring, are also being 

developed to support farmers directly. Still, challenges remain, such as the need for large labeled datasets, high computational 

resources, and limited validation under real field conditions. Variations in lighting, background, and overlapping symptoms further 

affect model performance. Future work should emphasize dataset expansion, lightweight model optimization for low-resource 

environments, and use of hyperspectral imaging for better accuracy. With advances in AI and DL, PLDD research is moving toward 

more reliable, efficient, and accessible tools that bridge the gap between technology and real-world farming, supporting sustainable 

crop management and global food security. 

II. REVIEW OF AI-DRIVEN PLANT DISEASE DETECTION STUDIES 

The detection of  PD is critical for ensuring agricultural productivity, reducing economic losses, and enhancing food security. 

Advances in AI and ML have enabled automated PDD, significantly improving early diagnosis, classification accuracy, and 

efficiency in agricultural monitoring. This review synthesizes key contributions from recent studies leveraging AI, DL, and image 

processing(IP) for plant disease identification. DL has revolutionized PDD by automating FE, reducing human intervention, and 

enhancing classification accuracy. Various studies emphasize the importance of AI-driven approaches for real-time monitoring, 

sustainability, and precision agriculture. 

Key Studies 
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• DL in DD: Research by Li et al. (2021)[1] and Barburiceanu et al. (2021)[2] demonstrates the effectiveness of CNN-based 

FE for real-time plant disease classification. Similarly, Arivazhagan et al. (2013)[3] developed an image-processing-based detection 

system achieving 94% accuracy. 

• Ensemble and Transfer Learning(TL) Approaches: Studies by Bhargava et al. (2024)[4] and Oad et al. (2024)[5] 

integrated DL and few-shot learning techniques to enhance disease classification. Models such as PlantDet (Shovon et al., (2023) 

[6]) utilized deep ensemble learning for improved accuracy. 

• Dataset Expansion and Enhancement: Liu et al. (2021)[7] and Moupojou et al. (2013) [8] addressed dataset limitations 

by constructing large-scale and field-collected datasets for better generalizability. 

• Hybrid and Optimized Models: Studies like those by Nagasubramanian et al. (2021) [9] integrated IoT with AI, while 

Dwivedi et al. (2021)[10] introduced the GLDDN model, achieving 99.93% accuracy in grape LD detection LDD. 

• Advanced IP and FE: Research by Leong et al. (2020)[11] and Rani et al. (2023)[12] optimized FE using deep TL and 

clustering techniques. 

• Hyperspectral and Graph-Based DL: Bhatti et al. (2024)[13] explored hyperspectral imagery analysis with graph-based 

DL, integrating fuzzy logic for enhanced classification accuracy. 

• Model Optimization for Practical Deployment: Studies such as Abinaya et al. (2023)[14] developed attention-based U-

Net architectures to improve segmentation accuracy, while Adnan et al. (2023)[15] introduced EfficientNetB3-AADL for robust 

disease classification. 

Yin Min Oo et al. (2018)[16] used digital IP to classify four major PD, demonstrating effective early detection. Vijai Singh et al. 

(2017)[17] proposed a genetic algorithm-based image segmentation technique, reducing manual monitoring efforts in large farms. 

Namita M et al. (2019)[18] outlined an automated DD framework, enhancing accuracy and accessibility for farmers with limited 

expert support. D. S. Joseph et al. (2024)[19] developed specialized datasets for rice, wheat, and maize, testing DL models like 

Xception and MobileNet. A new CNN model achieved superior accuracy, highlighting AI’s potential in disease diagnosis. These 

studies reinforce AI’s role in automating PDD, improving accuracy, and ensuring practical agricultural applications. 

III. CROP-SPECIFIC DISEASE DETECTION ADVANCES 

3.1 Corn leaf DD  

H. Amin et al. (2022)[20] developed a DL model based on EfficientNetB0 and DenseNet121 for detecting corn LD. Their 

approach significantly improved detection accuracy while reducing model complexity. Compared to larger architectures like 

ResNet152 and InceptionV3, their method achieved a superior accuracy of 98.56%, making it an efficient and effective solution. 

H. Yu et al. (2021)[21] proposed a hybrid approach that combines K-means clustering with DL to diagnose three common corn 

diseases. By experimenting with different clustering values and models, their method achieved a 93% average accuracy, surpassing 

other existing models and demonstrating strong potential for precision agriculture. 

X. Zhang et al. (2018)[22] introduced an optimized version of GoogLeNet and Cifar10 models for maize leaf DD. By refining 

model parameters and reducing the number of classifiers, they achieved 98.9% and 98.8% accuracy, respectively, while enhancing 

training efficiency and reducing computational costs. 

Panigrahi, K.P et al. (2020)[23] conducted a comparative analysis of various ML models for maize DD, including Naïve Bayes, 

Decision Tree, KNN, SVM, and RF. Among these, the RF model outperformed others with an accuracy of 79.23%, proving its 

usefulness for early DD. 

Abdul Waheed et al. (2020)[24] developed an optimized DenseNet model for classifying corn LD. Their approach balanced high 

accuracy (98.06%) with reduced computational demands, outperforming conventional CNN models in both efficiency and training 

time. 

Ahila Priyadharshini, R et al. (2019)[25] proposed a modified LeNet CNN for maize LD classification. Utilizing the PlantVillage 

dataset, their model achieved an accuracy of 97.89%, proving its effectiveness in identifying crop diseases and contributing to smart 

agricultural solutions. 

Shuai-qun PAN et al. (2022)[26] focused on diagnosing Northern Corn Leaf Blight (NCLB) using deep CNNs. Implementing 

GoogleNet with advanced loss functions, they achieved an outstanding 99.94% accuracy, setting a benchmark for intelligent DD in 

agriculture. 

P. Ouppaphan et al. (2017)[27] developed a lightweight CNN to classify corn LD using the PlantVillage dataset. Their model 

achieved 97.09% accuracy while maintaining low computational complexity, making it highly suitable for real-time mobile 

applications and field deployment. 

Most recent research focuses on DL-based models such as CNNs, EfficientNet, DenseNet, GoogleNet, and VGG architectures. 

Some studies integrate feature fusion, clustering techniques (K-means), or optimized lightweight models to improve accuracy and 

computational efficiency. Traditional ML methods like RF and SVM have also been explored but generally achieve lower accuracy 

than DL models. Key contributions include achieving high classification accuracy, optimizing model parameters to reduce 

computational cost, and introducing hybrid approaches for better disease recognition. However, limitations such as the need for large 

labeled datasets, high computational power, and limited real-world validation persist. Overall, DL models show promising results for 

automating corn leaf DD, with ongoing research focusing on improving model efficiency and real-world applicability. 

3.2 Mango leaf Disease Detection 

Mango LD, particularly fungal infections like Anthracnose, significantly impact mango production and quality. Early and accurate 

DD is crucial for minimizing yield losses and improving crop management. This study reviews various approaches that employ AI, 

DL, and ML techniques to automate the detection and classification of mango LD. 

U. P. Singh et al. (2019)[28] focuses on detecting Anthracnose in mango leaves using a Multilayer CNN (MCNN). A dataset of 

1070 mango leaf images was used for training and validation, demonstrating superior classification accuracy compared to other 

models. 
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T. N. Pham et al. (2020)[29] highlights the limitations of traditional leaf DD and proposes an Artificial Neural Network (ANN)-

based approach for early identification using high-resolution images. Feature selection(FS) and contrast enhancement techniques 

improved detection accuracy, outperforming CNN models like AlexNet and ResNet-50. 

Gautam, V et al. (2024)[30] presents an AI-based approach using an ensemble stacked DL model for early mango leaf DD. The 

model integrates multiple deep neural networks(NN) and ML techniques, achieving 98.57% accuracy in identifying diseases like 

Powdery Mildew and Anthracnose. 

Redwan Ahmed Rizvee et al. (2023)[31] developed LeafNet, a CNN-based model for detecting seven mango diseases using a 

region-specific dataset from Bangladesh. The model outperformed state-of-the-art architectures like AlexNet and VGG16, achieving 

98.55% accuracy in a 5-fold cross-validation. 

Venkatesh, N et al. (2020)[32] introduces V2IncepNet, a modified VGGNet model combined with Inception modules for 

improved EF. Using a dataset of 2268 mango leaf images, the model achieved over 92% accuracy in classifying Anthracnose infection 

levels. 

Selvakumar, A et al. (2023)[33] proposed an automated mango leaf DD system using an optimized Fuzzy C-Means (FCM) 

segmentation and Deviation-based Updated Dingo Optimizer (D-UDOX). Deep features extracted from ResNet-150 were classified 

using an Optimized Recurrent NN(WO-RNN), achieving 96% accuracy and a 93% F1-score. 

This review provides a concise comparison of different methods, contributions, and limitations of the studies on mango leaf DD. 

The discussed studies focus on AI-driven approaches for detecting and classifying mango LD, particularly fungal infections like 

Anthracnose and Powdery Mildew. Traditional manual detection methods are unreliable, prompting researchers to explore DL and 

hybrid models for improved accuracy and efficiency. Various techniques, including CNNs, ANNs, and ensemble DL models, have 

been proposed, achieving high classification accuracy, often exceeding 90%. Some studies integrate FS and optimization techniques 

to enhance DD, especially for early-stage symptoms. While these models show promising results, challenges remain, such as 

computational complexity, limited disease coverage, and region-specific datasets. Overall, AI-based solutions significantly improve 

DD in mango leaves, offering real-time, cost-effective tools for farmers, though further research is needed to develop more 

generalized and efficient models. 

3.3 Beans leaf Disease Detection 

Bean LD, such as angular leaf spot and bean rust, significantly impact production. E. Elfatimi et al. (2022)[34] employs DL with 

MobileNet to classify bean LD using a public dataset. MobileNetV2 was also tested for improved efficiency. The proposed model 

achieved over 97% accuracy on training data and 92% on test data, demonstrating its effectiveness in disease classification. 

Automation in agriculture is crucial for early DD. Vimal Singh et al. (2023)[35] used MobileNetV2, EfficientNetB6, and NasNet 

to classify bean LD from 1,295 images. EfficientNetB6 performed best with 91.74% accuracy. The study highlights the impact of 

optimizers on CNN models and suggests real-time applications for farmers to minimize crop loss. 

Bean crops suffer from diseases like angular leaf spot and bean rust. Abed, S.H et al. (2021)[36] introduces a DL-based robotic 

framework for early detection. Using U-Net with ResNet34 for leaf segmentation and multiple CNN models for classification, 

DenseNet121 achieved the highest accuracy (98.31% for binary classification, 91.01% for multi-class). The framework provides 

rapid and accurate diagnosis in uncontrolled environments. 

DL techniques, particularly MobileNet, were used to detect bean LD across three datasets. E. Elfatimi et al. (2024)[37] assessed 

MobileNet’s efficiency in classification, achieving over 92% accuracy. GradCAM was applied to visualize model predictions. This 

study emphasizes the potential of DL in agricultural DD. 

Ethiopian farmers rely on visual inspection for common bean DD, which is inefficient. Girmaw, D.W et al. (2024)[38] proposes 

a deep CNN model with 12 layers to classify three common bean diseases. The model, trained on 1,766 images, outperformed pre-

trained models like AlexNet and VGG16, achieving 98% training accuracy and 96% testing accuracy. 

Kursun, R et al. (2023)[39] explored U-Net’s segmentation capabilities for bean leaf DD. Sixty images of diseased leaves were 

segmented, followed by classification using VGG16, AlexNet, MobileNetV2, and DenseNet201. Segmented images yielded better 

accuracy, with DenseNet201 achieving 100%. An end-to-end system was developed to focus DL on diseased areas, improving 

classification accuracy. 

DL-based methods are widely used for bean leaf DD, with various architectures such as MobileNet, EfficientNet, DenseNet, and 

U-Net proving effective. The overall summery of the studies discussed focused on optimizing CNN models, utilizing TL, or 

incorporating image segmentation to enhance classification accuracy. While some works achieved remarkable accuracy (e.g., 100% 

for segmented images and 98% for binary classification), most were limited by small datasets, lack of real-world deployment, and 

high computational demands. Future research should address these limitations by integrating real-time applications and expanding 

datasets to improve model generalization. 

3.4 Tomato leaf DD 

H. Sabrol et al. (2016)[40] explored IP techniques for plant disease classification, focusing on five tomato diseases: late blight, 

Septoria spot, bacterial spot, bacterial canker, and tomato leaf curl. The study utilized color, shape, and texture features for 

classification, achieving a 97.3% accuracy rate. The classification process involved segmenting images, extracting features, and 

feeding them into a decision tree model for classification. 

D. Jiang et al. (2020)[41] applied DL for tomato leaf DD using ResNet-50, targeting three diseases: Spot blight, Late blight, and 

Yellow leaf curl disease. The study modified network parameters, such as kernel size and activation functions, resulting in improved 

training and test accuracy of 98.3% and 98.0%, respectively. The research highlighted the effectiveness of DL in PDD. 

C. Zhou et al. (2021)[42] developed a restructured residual dense network for tomato LD identification, combining deep residual 

networks and dense networks. This hybrid model improved accuracy and reduced computational costs, achieving a top-1 accuracy 

of 95% on the Tomato dataset from the AI Challenger 2018. The study emphasized the significance of precise disease severity 

assessment for better crop management. 

P. Tm et al. (2018)[43] employed a variation of the LeNet CNN model to detect and classify tomato LD. The study aimed to 

provide a simple and resource-efficient approach while maintaining high accuracy. The model achieved an accuracy of 94-95%, 

demonstrating the feasibility of NNs for DD even under challenging conditions. 
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S. Ashok et al. (2020)[44] focused on early DD using IP techniques such as image segmentation, clustering, and open-source 

algorithms. The study emphasized the need for early identification of PD to prevent economic losses and food shortages in an 

agricultural economy like India. 

Q. Wu et al. (2020)[45] investigated various ML techniques, including Fuzzy-SVM, CNN, and R-CNN, for tomato LD 

classification. The study employed image segmentation and EF methods, concluding that the R-CNN classifier achieved the highest 

accuracy of 96.735%, outperforming other models in plant disease prediction. 

Nagamani, H. S. et al. (2022)[46] introduced a data augmentation approach using generative adversarial networks (GANs) to 

enhance tomato leaf DD. The study used DCGAN to generate additional training images, improving model generalization. With the 

augmented dataset, the proposed GoogLeNet model achieved a classification accuracy of 94.33%, demonstrating the effectiveness 

of GANs in enhancing training datasets. 

Mingxuan Li et al. (2022)[47] proposed an improved GAN-based data augmentation technique, Fast WDBlock-based GAN 

(FWDGAN), to generate high-quality synthetic images for tomato leaf DD. The model incorporated ResNet and InceptionV1 

features, reducing computational requirements while improving image quality. Comparative experiments showed FWDGAN 

outperformed DCGAN in generating realistic data for disease classification. 

Trivedi, Naresh K et al. (2021)[48] implemented a CNN-based model for classifying tomato diseases using a dataset of 3,000 

images. The study involved preprocessing, segmentation, and CNN-based FE, achieving an accuracy of 98.49%. The research aimed 

to assist farmers in early DD, improving tomato crop yields and quality. 

Guerrero-Ibañez et al. (2023)[49] developed a CNN model for tomato leaf DD, utilizing a combination of public datasets and 

field-collected images. To prevent overfitting, generative adversarial networks (GANs) were used to generate additional training data. 

The model achieved over 99% accuracy in both training and test datasets, showcasing the reliability of DL in agricultural applications. 

A. Batool et al. (2020)[50] emphasized the importance of accurate disease classification for effective treatment. The study trained 

a model on 450 images using AlexNet and kNN classifiers, achieving a maximum accuracy of 76.1%. The research highlighted 

challenges in disease classification and the need for improved FE techniques. 

Mohit Agarwal et al. (2020)[51] applied a CNN-based approach for tomato DD, comparing the model’s performance with pre-

trained networks such as VGG16, InceptionV3, and MobileNet. The proposed model achieved an average accuracy of 91.2% across 

nine disease classes and one healthy class, demonstrating DL’s potential in plant disease classification. 

Ahmad et al. (2020)[52] evaluated four CNN architectures (VGG-16, VGG-19, ResNet, and Inception V3) for tomato LD 

classification. The study tested models on both laboratory-based and field-based datasets, finding that CNNs performed better in 

controlled environments. Inception V3 emerged as the best-performing model, demonstrating the importance of dataset quality in 

classification accuracy. 

T. Anandhakrishnan et al. (2022)[53] proposed an automatic tomato leaf DD system using Deep CNN (DCNN). The model was 

trained on 18,160 images from the PlantVillage dataset, achieving a test accuracy of 98.40%. The study emphasized the role of DCNN 

in improving detection speed and accuracy while minimizing response time in agricultural applications. 

Tomato leaf DD has seen significant advancements with DL and IP techniques. Early methods relied on FE and classification 

trees, while recent studies leverage CNNs, ResNet, and GAN-based data augmentation for improved accuracy. The highest accuracy 

(>99%) was achieved using GAN-augmented CNN models, while traditional FE methods showed limitations in handling complex 

disease patterns. However, many models require high computational resources and extensive datasets. Future research should focus 

on real-world deployment, computational efficiency, and addressing dataset biases for improved robustness. 

3.5 Apple leaf disease Detection 

V. K. Vishnoi et al. (2023)[54] Developed a lightweight CNN for apple leaf DD, reducing computational complexity while 

maintaining 98% accuracy. Used data augmentation to expand training data without extra images. The model is efficient, requiring 

less storage and execution time, making it ideal for handheld devices. 

L. G. Nachtigall et al. (2016)[55] Utilized CNNs to classify apple tree diseases, nutritional deficiencies, and herbicide damage. 

With 2,539 labeled images, the model achieved 97.3% accuracy, outperforming human experts in disease diagnosis. 

P. Jiang et al. (2019)[56] Proposed INAR-SSD, a real-time deep CNN model trained on 26,377 images from lab and field 

conditions. Achieved 78.80% mAP with 23.13 FPS detection speed, improving early DD. 

Liu, Bin et al. (2018)[57] Developed an AlexNet-based CNN for detecting Mosaic, Rust, Brown Spot, and Alternaria Leaf Spot 

using 13,689 images. Achieved 97.62% accuracy while reducing model parameters by 51 million, ensuring efficiency and robustness. 

Bansal, Prakhar et al. (2021)[58] Introduced an ensemble model (DenseNet121, EfficientNetB7, and NoisyStudent) to classify 

healthy, scab, cedar rust, and multiple diseases. Achieved 96.25% accuracy and 90% accuracy for multiple diseases, improving large-

scale farm monitoring. 

Chao, Xiaofei et al. (2020)[59] Developed a DCNN model (DenseNet + Xception) with global average pooling for faster, more 

accurate DD (98.82% accuracy). Outperformed existing models, suitable for smart apple cultivation systems. 

Yan, Qian et al. (2020)[60] Enhanced VGG16-based model using global average pooling and batch normalization, achieving 

99.01% accuracy with 89% fewer parameters and 99.44% faster training. Ensures efficient and accurate DD. 

Pradhan, P et al. (2022)[61] Fine-tuned 10 CNN models on PlantVillage dataset, identifying Scab, Black Rot, and Cedar Rust. 

DenseNet201 achieved the best results with 98.75% accuracy, proving CNNs as a reliable alternative for DD. 

The research on apple leaf DD has extensively used DL techniques to improve detection accuracy and efficiency. Most studies 

rely on CNN architectures, with some incorporating advanced modifications like Inception modules, Rainbow concatenation, or SVM 

classifiers. The highest reported accuracy was 99.01% (Yan et al., 2020)[60], showing that DL models can achieve near-perfect 

classification. Despite these advancements, challenges such as high computational costs, need for large datasets, and overfitting still 

exist. Future research could focus on reducing model complexity further while maintaining accuracy, improving generalizability to 

real-world conditions, and enhancing interpretability for practical agricultural applications. 

3.6 Rice leaf Disease Detection 

S. Ghosal et al. (2020)[62] Developed a VGG-16-based CNN model using TL due to a limited dataset. The model, trained on rice 

field and internet images, achieved 92.46% accuracy, demonstrating DL’s potential for automated disease identification. 
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S. M. Taohidul Islam et al. (2019)[63] Proposed a wavelet transform-based approach for rice disease classification. Used Discrete 

Wavelet Transform (DWT) for FE and an Ensemble of Linear Classifiers for classification. Achieved 95% accuracy in detecting 

Bacterial Blight, Brown Spot, Sheath Brown Rot, and Rice Blast. 

M. E. Pothen et al. (2020)[64] Utilized Local Binary Patterns (LBP) and Histogram of Oriented Gradients (HOG) for FE. Applied 

SVM for classification, achieving 94.6% accuracy using Otsu’s method for image segmentation. 

F. T. Pinki et al. (2017)[65] Developed an automated diagnosis system for Brown Spot, Leaf Blast, and Bacterial Blight using K-

means clustering for segmentation and SVM for classification. Provided remedial recommendations based on disease severity. 

Krishnamoorthy N et al. (2021)[66] Implemented an InceptionResNetV2 CNN model with TL for DD. The model optimized 

parameters to improve accuracy, achieving 95.67% accuracy, making it highly reliable for real-world applications. 

S. Ramesh et al. (2020)[67] Proposed a Deep NN with Jaya Optimization Algorithm (DNN_JOA) for classifying normal, bacterial 

blight, brown spot, sheath rot, and blast diseases. Achieved 98.9% accuracy for blast detection, outperforming ANN and DAE models. 

Md. Ashiqul Islam et al. (2021)[68] Compared VGG-19, Inception-ResNet-V2, ResNet-101, and Xception for DD in four 

diseased and one healthy class. Inception-ResNet-V2 achieved 92.68% accuracy, proving DL’s effectiveness over manual detection 

methods. 

Shankarnarayanan Nalini et al. (2021)[69] Developed a Deep NN (DNN) optimized with Crow Search Algorithm (CSA) for rice 

DD. Used K-means clustering for segmentation and statistical learning techniques for FE, ensuring high accuracy with reduced 

computational effort. 

Mainak Deb et al. (2021)[70] Evaluated five CNN models (Inception-V3, VGG-16, AlexNet, MobileNetV2, and ResNet-18) on 

7,096 paddy leaf images. Inception-V3 achieved 96.23% accuracy, proving the best for early DD. 

Maheswaran, S et al. (2022)[71] Developed a CNN-based model for classifying normal, sheath rot, blast, bacterial blight, brown 

spot, rice tungro, and RYMV diseases. Applied background exclusion and FE, achieving high accuracy in DD. 

Norhalina Senan et al. (2020)[72] Proposed a five-layer CNN model for detecting healthy, brown spot, leaf blast, and hispa 

diseases. Achieved 93% accuracy, outperforming traditional detection methods with faster processing. 

O. K. Pal et al. (2021)[73] Utilized CNN models (ResNet-50, ResNet-101, VGG-16, VGG-19, EfficientNet, Inception-V2, 

GoogleNet) for paddy DD. ResNet-50 achieved the highest accuracy (96.27%), making it an efficient alternative to costly laboratory 

methods. 

Research on rice leaf DD has seen significant advancements with DL and IP techniques. CNN-based models, including VGG, 

Inception-ResNet-V2, ResNet, and EfficientNet, have demonstrated high accuracy. Feature-based approaches using wavelet 

transforms, HOG, and LBP have also been effective. The highest accuracy reported using DNN with Jaya Optimization Algorithm. 

Key contributions across studies include improving classification accuracy, FE, and computational efficiency. However, challenges 

remain in dataset availability, computational complexity, and generalization to real-world scenarios. Future research should focus on 

scaling models to larger datasets, reducing computational costs, and improving real-time detection capabilities for practical 

agricultural use. 

3.7 Tea leaf Disease Detection 

S. Hossain et al. (2018)[74] presents an image-processing-based system to detect and classify two common tea LD in 

Bangladesh—brown blight and algal LD—using a SVM classifier. By analyzing 11 key features, the model achieves over 90% 

accuracy while reducing processing time by 300ms per image compared to previous research. The proposed approach enhances DD 

efficiency, ultimately benefiting tea production in Bangladesh. 

S. Gayathri et al. (2020)[75] explores DL techniques for tea leaf DD, leveraging the LeNet CNN. The model effectively classifies 

diseased leaves, offering a reliable method for improving plant disease diagnosis and enhancing the accuracy of automated detection 

systems. 

Saikat Datta et al. (2023)[76] introduces a deep CNN model for classifying tea LD into six categories, achieving a high accuracy 

of 96.56%. The model is trained on a dataset of 5,867 images and outperforms existing methods. Additionally, it is adaptable for 

deployment in IoT applications, making it a robust solution for real-world DD in the tea industry. 

Gensheng Hu et al. (2019)[77] proposed an improved deep CNN model with a multiscale FE module for tea LD identification. 

Using depthwise separable convolution, the model reduces parameters and computation time while achieving 92.5% accuracy, 

outperforming traditional ML and DL methods like VGG16 and AlexNet. 

Chen, Jing et al. (2019)[78] develops a CNN model, LeafNet, for tea LD classification. It integrates dense scale-invariant feature 

transform (DSIFT) and a bag-of-visual-words (BOVW) approach with SVM and MLP classifiers. LeafNet outperforms the other 

models, achieving 90.16% accuracy, demonstrating its effectiveness in improving DD. 

Rahman, H et al. (2024)[79] proposes a CNN-based model for detecting tea foliage diseases using a dataset of 3,330 images 

collected from Bangladesh’s Sylhet region. The model, validated with laboratory tests, achieves 96.65% accuracy in identifying 

diseases like red rust, brown blight, and gray blight, making it a promising tool for early DD in the tea industry. 

Gensheng Hu et al. (2022)[80] introduces MergeModel, a multi-CNN approach incorporating diseased leaf segmentation and 

weight initialization to enhance FE. Using SinGAN for data augmentation, the model effectively identifies tea diseases like white 

scab and red scab with improved accuracy, even in small datasets. 

S. Bhowmik et al. (2020)[81] presents a CNN-based model for detecting Black Rot and Rust in tea leaves with minimal 

computational complexity. The approach ensures rapid and accurate disease identification, achieving 95.93% precision, contributing 

to improved monitoring of tea plant health in India. 

Recent advancements in tea leaf DD have significantly improved accuracy and efficiency through ML and DL techniques. Early 

approaches used SVM classifiers to detect specific diseases with moderate success. Later studies leveraged CNN-based models such 

as LeNet, LeafNet, and multi-CNN architectures to improve accuracy, FE, and disease classification capabilities. Data augmentation 

and segmentation techniques further enhanced disease recognition, particularly in small datasets. The highest accuracy (96.65%) was 

achieved using CNN models validated with real-world microbial analysis. However, challenges remain, including dataset limitations, 

computational complexity, and the need for broader generalization across diverse environmental conditions. Future research should 

focus on real-world deployment, IoT integration, and the development of more scalable, efficient models. 
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3.8 Potato leaf Disease Detection 

R. A. Sholihati et al. (2020)[82] presents a DL-based system for classifying four types of potato LD using VGG16 and VGG19 

CNN models. With an average accuracy of 91%, the approach demonstrates the feasibility of deep NNs for accurate DD. 

M. Islam et al. (2017)[83] integrates IP and ML for automated potato leaf DD using the PlantVillage dataset. A SVM model 

achieved 95% accuracy, offering a scalable solution for rapid disease diagnosis. 

Sowmiya R et al. (2024)[84] aims to classify four potato LD with 97% accuracy by utilizing VGG16 and VGG19 models. The 

approach ensures early detection, helping maintain plant health and improve harvest quality. 

Lee, TY et al. (2021)[85] proposed A CNN-based model for detecting potato LD, achieving 99.53% accuracy while optimizing 

computational resources. The study highlights the benefits of real-time disease control in smart farming. 

Mahum, R et al. (2022)[86] introduces an improved DL model using DenseNet-201 to classify potato LD into five categories. By 

addressing dataset imbalance with a reweighted loss function, the model achieves 97.2% accuracy. 

D. Tiwari et al. (2020)[87] fine-tunes FE for potato disease classification by leveraging TL with VGG19. Logistic regression 

outperformed other classifiers, achieving 97.8% accuracy on the test dataset. 

Kumar, A et al. (2023)[88] introduced a Hierarchical DL CNN (HDLCNN) for potato leaf DD, outperforming existing models 

with higher accuracy, precision, and recall. The approach supports early disease identification and effective treatment strategies. 

Rashid, Javed et al. (2021)[89] develops a multi-level DL model using YOLOv5 for segmentation and CNN for disease 

classification. The model achieves 99.75% accuracy, proving effective across different datasets. 

Khalifa, N.E.M et al. (2021)[90] proposed a deep CNN-based architecture for potato leaf blight classification. With extensive 

data augmentation, the model achieved 98% accuracy, demonstrating superior performance over related studies. 

The research on potato leaf DD has evolved significantly with the application of ML and DL models. Early works focused on 

traditional ML techniques like SVM, achieving relatively high accuracy. Later studies, such as DL models like VGG16 and VGG19 

for improved classification accuracy. More recent advancements include optimized CNN architectures and DenseNet variations, 

leading to more robust models capable of classifying multiple diseases with higher accuracy. Some studies incorporated segmentation 

techniques (YOLOv5) for enhanced disease localization, while others introduced hierarchical learning for more refined FE. Overall, 

while accuracy has improved, limitations such as dataset diversity, computational cost, and real-time application remain challenges 

for future research. 

3.9 Grape leaf Disease Detection 

P. B. Padol et al. (2016)[91] uses IP and SVM classification to detect and classify grape LD. The method involves K-means 

clustering for segmentation and FE, achieving an accuracy of 88.89%. 

Z. Huang et al. (2020)[92] applies TL with VGG16, MobileNet, and AlexNet to classify grape LD. An ensemble model further 

improves detection accuracy, demonstrating the potential of AI in grapevine disease management. 

R. Dwivedi et al. (2021)[10] proposed a Grape Leaf DD Network (GLDDN), utilizing dual attention mechanisms for 

classification. The model achieves 99.93% accuracy in detecting esca, black rot, and isariopsis, outperforming traditional methods. 

B. Liu et al. (2020)[93] introduces Leaf GAN, a generative adversarial network for synthesizing grape LD images to enhance 

model training. The expanded dataset improves CNN-based classification, with Xception achieving 98.70% accuracy. 

Grape leaf DD has significantly evolved from traditional IP techniques to DL models. Early research used SVM with image 

segmentation but achieved moderate accuracy. Later studies incorporated DL and TL which improved classification performance 

using ensemble models. Further advanced the field by introducing attention mechanisms, achieving near-perfect accuracy. Meanwhile 

some study tackled data scarcity with GAN-generated images, enhancing CNN model accuracy. While these advancements have 

improved DD, challenges remain in real-world applicability, dataset diversity, and computational efficiency. 

3.10 Wheat leaf Disease Detection 

Z. Lin et al. (2019)[94] introduces the matrix-based CNN (M-bCNN) to enhance fine-grained classification of wheat LD. The 

model improves feature representation and achieves 96.5% validation accuracy and 90.1% test accuracy, outperforming AlexNet and 

VGG-16. 

Laixiang Xu et al. (2023)[95] developed the RFE-CNN model, integrates multiple DL techniques to improve wheat leaf DD. It 

achieves a classification accuracy of 99.50% across multiple datasets, though further enhancements are needed for diverse ecological 

conditions. 

Usha Ruby, A et al. (2024)[96] proposes a modified ResNet50 architecture with GAN-based image imputation for improved 

wheat LD classification. The model outperforms ResNet50, InceptionV3, and DenseNet, achieving a 98.44% identification accuracy. 

Jiang, Jiale et al. (2022)[97] prepared a comparative analysis of seven CNN models using field-acquired wheat LD images 

highlights Inception-v3 as the most accurate (92.5%) under TL. Environmental factors and symptom similarities posed classification 

challenges. 

Zhencun Jiang et al. (2021)[98] enhances the VGG16 model with multi-task TL for wheat and rice LD classification. The 

approach achieves 98.75% accuracy for wheat LD, outperforming other CNN models. 

Wen, Xiaojie et al. (2023)[99] evaluates different CNN training strategies for wheat leaf DD. MnasNet, with SGD + StepLR 

optimization, achieves the highest accuracy (98.65%) while maintaining a compact model size suitable for mobile applications. 

Wheat leaf DD has seen significant advancements with the integration of DL techniques. Early approaches introduced M-bCNN 

to improve fine-grained classification, but it faced challenges in real-world scenarios. More recent studies leveraged attention 

mechanisms and elliptic metric learning to boost classification accuracy. GANs for enhanced FE, achieving high accuracy. 

Meanwhile tested CNN models under field conditions, highlighting real-world challenges. Another notable proposed multi-task TL 

with VGG16, proving effective for cross-PDD. Optimized lightweight CNN models with learning rate strategies, making them 

suitable for mobile deployment. Despite these advancements, challenges remain in handling real-world variations, dataset diversity, 

and optimizing computational efficiency for practical use in agriculture. 

3.11 Palm oil leaf Disease Detection 

Research in palm oil leaf DD has significantly evolved from traditional ML models to DL-based approaches. It has advanced 

significantly with the integration of ML and DL techniques.  
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Early efforts by A. N. I. Masazhar et al. (2017)[100] utilized digital IP, employing k-means clustering and a multiclass SVM 

classifier to identify Chimaera and Anthracnose diseases with 97% and 95% accuracy, respectively. This study highlighted the 

potential of FE in improving classification accuracy. Later, Jia Heng Ong et al. (2022)[101] improved upon traditional ML methods 

by eliminating the need for manual FE and segmentation. They implemented DL models, specifically AlexNet CNN and AlexNet-

SVM, finding that AlexNet CNN outperformed the SVM-based classifier, offering a more efficient approach to DD. 

Beyond disease identification, some studies focused on nutrient deficiency detection. Ibrahim, S et al. (2022)[102] applied CNN 

to classify palm leaf deficiencies in essential nutrients such as Nitrogen, Potassium, and Magnesium. Their model achieved 94.29% 

accuracy, demonstrating the viability of automated nutrient monitoring to improve crop health. Similarly, Muhammad Ikmal Hafiz 

Razali et al. (2022)[104] compared multiple CNN architectures, including ResNet-50, VGG16, DenseNet-201, and AlexNet, to 

classify nutrient deficiencies based on leaf color and texture variations. Their results showed 100% accuracy for VGG16 and AlexNet, 

with AlexNet emerging as the most computationally efficient model. 

Some studies focused on real-world applications with natural background images to enhance practical usability. A. Septiarini et 

al. (2022)[103] developed a CNN-based detection system that distinguished between healthy and infected leaves in real-world 

settings. The model was optimized through pre-processing techniques such as resizing, normalizing, and data augmentation (rotation, 

flip, shear, and zoom), achieving an impressive 100% accuracy. Similarly, Yufis Azhar et al. (2024)[105] introduced a CNN-based 

approach for detecting leaf spot disease in oil palm seedlings. Their method incorporated hyperparameter tuning to enhance accuracy, 

ensuring reliable differentiation between diseased and healthy leaves. 

Overall, these studies demonstrate the significant role of DL in palm oil leaf DD. While CNN-based models consistently achieve 

high accuracy, future improvements could involve larger datasets, improved generalization to different environmental conditions, 

and integration with hyperspectral imaging for enhanced disease classification. The combination of disease and nutrient deficiency 

detection can further support sustainable palm oil production and minimize economic losses in the industry. 

3.12 Citrus fruit leaf Disease Detection 

Research on citrus fruit and leaf DD has progressed significantly with DL techniques. A. Khattak et al. (2021)[106] proposed a 

CNN model to classify common citrus diseases, including black spot, canker, scab, greening, and melanose. Their model 

outperformed other DL approaches with a test accuracy of 94.55%, making it a valuable tool for farmers. Saini, A. K et al. (2021)[107] 

introduced a mobile-based diagnosis system using CNN and TL, enabling field detection of citrus diseases with over 90% accuracy. 

Their model was successfully deployed as an Android application, providing rapid and cost-effective disease identification. 

Focusing on improving model accuracy, Shastri, R et al. (2023)[108] developed an Enhanced-CNN (E-CNN) trained on three 

benchmark datasets. Their approach significantly improved DD, achieving 98% recognition accuracy and 99% classification 

accuracy, surpassing previous models by more than 6%. Utpal Barman et al. (2022)[109] compared MobileNet and a Self-Structured 

CNN (SSCNN) for smartphone-based citrus disease classification. While both models achieved 98% training accuracy, SSCNN 

demonstrated higher validation accuracy (99%) and lower computational costs, making it a more efficient choice. 

To address the lack of annotated datasets, Sathian Dananjayan et al. (2022)[110] developed the CCL’20 dataset and evaluated 

state-of-the-art CNN models, such as YOLOv4 and Faster-RCNN. Their results showed that Scaled YOLOv4 P7 achieved the fastest 

and most accurate early DD, while CenterNet2 with Res2Net 101 DCN-BiFPN performed best for early-stage disease prediction. Q. 

Chen et al. (2019)[111] proposed a 7-layer deep convolutional network for identifying citrus canker, scab, and anthracnose, 

outperforming traditional ML methods with improved FE and classification accuracy. 

Lastly, Ahmed R. Luaibi et al. (2021)[112] explored the use of AlexNet and ResNet models with data augmentation, achieving 

97.92% and 95.83% accuracy, respectively. Their study highlighted the effectiveness of data augmentation in improving classification 

accuracy, especially for small datasets. 

Overall, these studies demonstrate the effectiveness of CNN-based approaches in citrus DD, with advancements in mobile 

applications, dataset creation, and model optimization. Future research could focus on real-time monitoring systems and integrating 

hyperspectral imaging for more precise disease classification. 

IV. CONCLUSION AND FUTURE SCOPE 

The reviewed studies highlight significant advancements in AI-driven PDD, demonstrating high accuracy, efficiency, and 

scalability. The integration of DL techniques, such as CNNs, ensemble learning, TL, and IoT-based real-time monitoring, has 

significantly enhanced plant health assessment. Advanced architectures like EfficientNet, DenseNet, and GoogleNet have shown 

remarkable success in distinguishing between healthy and diseased plant leaves, contributing to improved classification accuracy and 

early disease intervention. Despite these advancements, several challenges persist, including the need for large, diverse, and well-

annotated datasets, the computational cost of complex DL models, and the generalizability of AI solutions across different 

environmental conditions and crop varieties. Future research should prioritize model optimization for low-resource environments, 

enabling small-scale farmers to access AI-powered DD tools with minimal hardware requirements. Additionally, integrating 

hyperspectral imaging, multimodal data fusion, and explainable AI (XAI) techniques can enhance model interpretability, providing 

farmers with more transparent and actionable insights. 

Further efforts should focus on real-time deployment strategies, such as mobile applications, edge computing, and IoT-enabled smart 

farming systems, to ensure widespread accessibility and usability. The development of lightweight yet highly accurate AI models 

will be crucial for practical agricultural applications, particularly in remote and resource-constrained regions. Additionally, 

collaboration between AI researchers, agronomists, and policymakers is essential to create standardized datasets, establish regulatory 

frameworks, and drive large-scale adoption of AI-based PDD systems. By bridging the gap between laboratory research and real-

world agricultural applications, AI-driven PDD holds immense potential to revolutionize precision agriculture, ensuring early disease 

diagnosis, reducing yield losses, and promoting sustainable farming practices. Moving forward, interdisciplinary approaches 

combining AI, plant pathology, agronomy, and remote sensing will be key to achieving robust, scalable, and cost-effective solutions 

for global food security and agricultural sustainability. 
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