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ABSTRACT

The persistent threat of plant disease epidemics poses significant challenges to global agriculture, making 
crops susceptible to catastrophic diseases that compromise food security and nutritional well-being. This 
review critically examines the application of deep transfer learning and convolutional neural networks 
(CNNs) in classifying plant diseases, such as tomato leaf diseases. By synthesizing recent advancements 
in the field, the article highlights how pre-trained models, trained on large-scale image datasets, can be 
adapted to recognize disease-specific patterns in agricultural contexts. The discussion encompasses key 
methodologies, including the integration of custom architectures and shallow classifiers, as exemplified by 
works such as Fruit and Vegetable Leaf Disease Recognition based on a Novel Custom Convolutional Neural 
Network and Shallow Classifier and An Integrated Framework of Two-Stream Deep Learning Models Optimal 
Information Fusion for Fruits Disease Recognition. A critical analysis of existing approaches is provided, 
addressing their strengths, limitations, and the role of dataset quality and diversity in model performance, 
including the use of publicly available datasets of labelled plant disease images, such as PlantVillage. The 
review underscores the transformative potential of automation and robotics in reducing disease spread while 
emphasizing unresolved challenges, such as the need for cost-effective, scalable frameworks. By identifying 
gaps in current research and proposing future directions, this article aims to guide the development of 
sustainable, AI-driven solutions for agricultural productivity.

Keywords: Plant Diseases; Deep Learning; Transfer Learning; Convolutional Neural Networks (Cnns); Disease 
Classification.

RESUMEN

La amenaza persistente de las epidemias de enfermedades vegetales plantea importantes retos para la 
agricultura mundial, ya que hace que los cultivos sean susceptibles a enfermedades catastróficas que 
comprometen la seguridad alimentaria y el bienestar nutricional. Esta revisión examina de forma crítica la 
aplicación del aprendizaje profundo por transferencia y las redes neuronales convolucionales (CNN) en la 
clasificación de enfermedades de las plantas, como las enfermedades de las hojas del tomate. Al sintetizar 
los últimos avances en este campo, el artículo destaca cómo los modelos preentrenados, entrenados con 
conjuntos de datos de imágenes a gran escala, pueden adaptarse para reconocer patrones específicos 
de enfermedades en contextos agrícolas. El debate abarca metodologías clave, como la integración de 
arquitecturas personalizadas y clasificadores superficiales, tal y como se ejemplifica en trabajos como « 
Reconocimiento de enfermedades de las hojas de frutas y verduras basado en una novedosa red neuronal
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convolucional personalizada y un clasificador superficial » y «Un marco integrado de modelos de aprendizaje 
profundo de dos flujos: fusión óptima de información para el reconocimiento de enfermedades de las frutas». 
Se ofrece un análisis crítico de los enfoques existentes, abordando sus puntos fuertes, sus limitaciones y el 
papel de la calidad y la diversidad de los conjuntos de datos en el rendimiento de los modelos, incluido el uso 
de conjuntos de datos disponibles públicamente de imágenes etiquetadas de enfermedades de las plantas, 
como PlantVillage. La revisión subraya el potencial transformador de la automatización y la robótica para 
reducir la propagación de enfermedades, al tiempo que hace hincapié en los retos pendientes, como la 
necesidad de marcos rentables y escalables. Al identificar las lagunas en la investigación actual y proponer 
orientaciones para el futuro, este artículo pretende orientar el desarrollo de soluciones sostenibles basadas 
en la inteligencia artificial para la productividad agrícola.

Palabras clave: Enfermedades de las Plantas; Aprendizaje Profundo; Aprendizaje por Transferencia; Redes 
Neuronales Convolucionales (CNN); Clasificación de Enfermedades.

INTRODUCTION
The impact of plant diseases on food security and agricultural efficiency is considerable.(1,2) Rapid and 

accurate detection of these diseases is crucial for implementing effective control measures and reducing 
crop damage. This article explores the potential of transfer learning, an advanced artificial intelligence (AI) 
technique,(3) to transform the identification and classification of plant diseases. Deep transfer learning is a 
process which uses existing models trained on large image datasets to extract relevant features for new tasks. 
In the field of disease recognition, these pre-trained algorithms can assimilate general visual representations 
from real-world images, which can then be used to recognize patterns of diseases specifically. A salient 
example is the work of Zahra et al.(4), whose Integrated Framework of Two-Stream Deep Learning Models: 
Optimal Information Fusion for Fruits Disease Recognition demonstrates how fusion architecture optimizes 
feature extraction, corroborating the principles outlined here. This approach offers distinct advantages over 
conventional supervised learning: it mitigates the dependency on extensive labeled datasets-critical limitation 
in plant disease detection, and it capitalizes on hierarchical feature representations encoded in pre-trained 
networks, enhancing both computational efficiency and diagnostic accuracy.

Several research studies have highlighted the effectiveness of deep transfer learning in the classification 
of plant diseases. Building on this paradigm, Naqvi et al.(5) proposed a novel framework in their study 
Fruit and Vegetable Leaf Disease Recognition based on a Novel Custom Convolutional Neural Network and 
Shallow Classifier, demonstrating that the strategic fusion of custom convolutional neural networks (CNNs) 
with lightweight shallow classifiers achieves significant gains in computational efficiency while maintaining 
diagnostic precision. These innovations are paralleled by complementary applications in pest detection, such 
as the work of Mkonyi et al.(6), who developed a deep-learning system for early identification of Tuta absoluta 
infestations in tomato crops, enabling proactive mitigation strategies to safeguard yield. Similarly, Seth et 
al.(7) used deep learning techniques to achieve accurate classification of tomato diseases. These examples 
highlight the transformative impact of AI in enabling farmers to identify diseases rapidly and reliably. The 
integration of artificial intelligence (AI) with agriculture signifies the advent of a novel era characterized by 
precision farming. Deep learning methodologies, such as convolutional neural networks (CNNs), demonstrate 
proficiency in image recognition tasks by efficaciously extracting features from image data, rendering them 
conducive to the identification of plant diseases.(8,9) Hybrid models that amalgamate CNNs with techniques 
such as Long Short-Term Memory (LSTM) networks further augment their capabilities by capitalizing on the 
strengths inherent in each approach.(10) Using deep transfer learning, researchers(11) have developed AI models 
capable of accurately detecting and classifying a range of plant diseases across different crops.(12) This rapid and 
precise detection enables farmers to take timely actions, such as applying targeted fungicides or implementing 
preventive measures, thereby reducing crop losses and safeguarding food security. Furthermore, deep transfer 
learning provides an accessible and effective alternative to conventional methods, making it a valuable tool for 
farmers with limited resources.(13,14)

This review examines recent advances in deep transfer learning for plant disease identification and 
classification. It explores the technical aspects of this approach, evaluates its advantages and limitations, 
and discusses potential future directions. By harnessing the power of AI, we can revolutionize plant disease 
management and promote a more sustainable agricultural future. Due to the increasing demand for food 
production, research on automatic detection and classification of plant diseases has developed rapidly in recent 
years. Researchers are harnessing the power of artificial intelligence through various machine learning and 
deep learning techniques to analyze large amounts of data. These techniques are trained in different datasets 
of images of healthy and diseased plants, allowing them to detect subtle visual signs of disease. This article 
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reviews some of these promising methods and their capabilities and potential impact on agriculture:
Nithish Kannan et al. proposed a deep convolutional neural network (CNN) based on the ResNet-50 

architecture, achieving an accuracy of 97 %. Utilizing the PyTorch framework, the researchers classified six 
tomato diseases and enhanced the model’s performance through data augmentation and validation using 
parameters derived from the ResNet-50 model. The study utilized the PlantVillage dataset, which comprised 
12,206 images, augmented to 39,204 images, and addressed challenges such as overfitting and limited training 
data. The model was also able to tackle hardware constraints and complex disease patterns in real-world leaf 
imagery.(15)

Ashok et al. proposed a methodology based on CNN which has a classification accuracy of 98,12 %. The 
model was trained on a dataset comprising 10 000 high-resolution retinal images, addressing challenges such 
as imbalanced classes and subtle lesion variations caused by lighting inconsistencies and anatomical noise.(16) 

Magsi et al. focused on identifying Sudden Decline Syndrome (SDS) in date palms at various infection stages 
using a dataset of 1200 leaf images. The researchers employed convolutional neural networks (CNNs) alongside 
a hybrid feature extraction approach. For color analysis, the images were converted into the HSV color space 
to enhance infection detection, while RGB analysis was utilized for precise color quantification. In terms of 
texture extraction, the study used the grey-level co-occurrence matrix (GLCM) to capture spatial relationships 
within the images, and the Scale-Invariant Feature Transform (SIFT) was applied to detect key features and 
calculate area ratios. This integrated methodology achieved an overall accuracy of 89,4 %, with an impressive 99 
% accuracy for late-stage (Stage 4) detection. This provides valuable insights for effective disease management 
in date palm cultivation.(17)

Peng Jiang et al. used a deep disease detection model based on CNN. The proposed model could detect 
diseases with high accuracy with real-time input images, obtaining a 78,80 % detection rate of mAP.(18)

Qimei Wang et al, proposed object detection models using a deep CNN architecture. They achieved the 
highest rate and best performance of 99,64 % mAP by combining Mask R-CNN with ResNet-101.(19)

Akshay Kumar et al.(20) proposed CNN-based architecture. In the proposed model, VGGNet performed well 
and had an accuracy of 99,25 %.

Mehmet Metin Qzguven et al. propose a faster R-CNN architecture. The proposed model is time-consuming 
in terms of disease detection rates. A maximum and overall classification accuracy of 95,48 % is achieved.(21)

Karthik R.et al.(22) proposed a methodology, namely the attention-based residual convolutional neural 
network, which achieved a classification accuracy of 98 %.

Thair A. Salih et al.(23) proposed a deep learning model based on a convolutional neural network (CNN) for 
the detection and classification of diseases affecting tomato plants. The model, which consists of 14 layers, 
achieved a classification accuracy of 96,43 % when trained and tested on a dataset of 6,202 images obtained 
from the Plant Village dataset. The images were divided into six categories: five types of diseased leaves and 
one category of healthy leaves.

Yang Zhang et al.(24) set out their approach for enhancing the Faster RCNN model with ResNet101 for the 
purpose of feature extraction. Utilizing a dataset comprising 4,178 tomato leaf images, categorized into four 
distinct disease categories (namely, powdery mildew, blight, leaf mold fungus, and ToMV), their approach 
resulted in an accuracy of 98,54 % mAP (mean average precision), following the application of k-means clustering 
to refine bounding box anchors.

Nitish Gangwar et al.(25) conducted a study focusing on the classification of grape leaf diseases, addressing 
challenges in identifying and categorizing leaves affected by diseases such as black rot, Esca (black measles), 
and leaf blight. The researchers utilized the InceptionV3 network, fine-tuned for the task by leveraging transfer 
learning. Specifically, the model acted as a feature extractor, and a logistic regression classifier was applied to 
achieve disease classification. This approach led to a substantial reduction in training time while attaining a 
state-of-the-art accuracy of 99,4 % on the test dataset. The study’s findings underscore the potential of transfer 
learning in automating disease detection and supporting agricultural practices.

Vallabhajosyula et al.(26) Propose a deep ensemble neural network that uses transfer learning to improve 
disease diagnosis of plant leaves. The network incorporates pre-trained models such as ResNet 50 & 101, 
InceptionV3, DenseNet 121 & 201, MobileNetV3, and NasNet. The proposed method outperforms the most 
advanced models available, highlighting its superiority in the detection of plant leaf diseases.

Aversano et al.(27) propose an approach that utilises models known as VGGNet and ResNet, incorporating 
approximately 1,600 images for the purpose of classification into ten distinct classes. The VGGNet model 
demonstrates an accuracy of 97 %, exhibiting commendable precision. 

Saleem et al.(28) used a comparative analysis on 26 category classifications using various pre-trained deep 
networks including ResNet-50 and OverFeat, the best model CNN was selected and the performance of the 
model was further improved by deep learning optimizers, and results showed that the model trained with Adam 
optimizer achieved the highest of 99,81 %.

Nawaz M. et al.(29) proposed a powerful deep method called Faster-RCNN based on ResNet-34 to address 
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disease detection and classification of tomato leaves. This approach, using the Convolutional Block Attention 
Module (CBAM) achieves exceptional accuracy and mean average precision (mAP) scores on the PlantVillage 
Kaggle dataset. The proposed approach aims to replace manual disease detection devices, providing a cost-
efficient and automation-compatible solution.

Mohit Agarwal et al.(30) Present an article that introduces a new method for the accurate detection and 
classification of diseases of tomato leaves using a convolutional neural network. The strategy includes three 
layers of convolution with max pooling. The proposed model successfully addresses the critical challenge of 
identifying diseases in tomato crops, outperforming pre-trained models like VGG16, InceptionV3, and MobileNet 
by achieving an average accuracy of 91,2 %.

S. Jeyalakshmi et al.(31) Radha proposed an innovative approach to identify and classify diseases of tomatoes. 
They used an improved automatic GrabCut image segmentation algorithm to efficiently extract healthy and 
diseased leaf regions. Ensemble learning frameworks include random forests, multi-layer perceptron, and 
support vector machine (SVM) classifiers. By combining their predictions using a soft voting classifier, they 
obtained an accuracy of 93,13 % in classifying tomato diseases. This dataset includes 1817 images of tomato 
leaves infected with tomato spotted wilt virus (TSWV) and tomato yellow leaf curl virus (TYLCV).

Kibriya et al.(32) present a methodology for the effective identification of diseases affecting tomato leaves. 
The approach utilizes GoogLeNet and VGG16 convolutional neural network (CNN) models, attaining noteworthy 
accuracies of 99,23 % and 98 %, respectively.

Parvez et al.(33) present a deep-learning methodology to identify leaf diseases of tomatoes at an early stage. 
Using convolutional neural networks, including GoogLeNet and VGG16, the model achieves an impressive 98,39 
% testing accuracy on a dataset including 6926 tomato plant photos. The study seeks to boost agricultural 
output and profitability by equipping farmers with an efficient tool for autonomous disease identification and 
early prevention. 

Nagamani H. S. et al.(34) propose a study that uses fuzzy support vector machine (fuzzy-SVM), convolutional 
neural networks (CNN), and region-based convolutional neural networks (R-CNN). R-CNN-based classifier 
achieves a remarkable 96,735 % accuracy in early diagnosis of disease using advanced approaches such as 
image scaling, thresholding colors, and the local ternary gradient pattern. The research improves the field of 
agriculture by presenting a streamlined and automated disease detection method.

Al-gaashani et al.(35) propose a new hybrid method that integrates transfer learning with feature 
concatenation. They used pre-trained MobileNetV2 and NASNetMobile kernels to extract features from tomato 
leaf images. These functions are concatenated and dimensionally reduced via kernel principal component 
analysis. Traditional learning algorithms then process the reduced features. Connected features have 
significantly improved performance reaching an impressive average accuracy of 97 %. The researchers assessed 
the performance of three conventional machine learning classifiers: Random Forests, Support Vector Machines, 
and Multinomial Logistic Regression. Among the options considered, multinomial logistic regression is the most 
effective classifier.

Lakshmanarao et al.(36) predicted plant diseases by applying a transfer learning technique. The Plant Village 
dataset, collected from Kaggle, was used. The actual dataset was segmented into three each assigned to 
different plants. They applied three transfer learning techniques: VGG16, RESNET50, and Inception, achieving 
accuracies of 98,7 %, 98,6 %, and 99 % respectively.

Attallah et al.(37) propose a pipeline for the identification of tomato leaves. Compact convolutional neural 
networks are used, and transfer learning is applied to extract deep features. Additionally, a hybrid feature 
selection approach is employed to reduce dimensions. The results demonstrate impressive accuracy: 99,92 % 
using K-nearest neighbor and 99,90 % using support vector machine classifiers.

Borugadda et al.(38) propose a new approach to classify leaf diseases of tomato plants using transfer learning 
with the VGG16 model. They use the Plant Village dataset, containing 18,160 images across 10 classes including 
nine disease categories and one healthy class. The model achieves impressive accuracy: 95,68 % in MLP and 
95,79 % in VGG16. Their work contributes significantly to early disease detection in tomato crops, potentially 
preventing crop damage and increasing yield.(38) 

Kaur et al.(39) propose a novel approach using the modified CNN model InceptionResNet-V2 (MIR-V2) to detect 
tomato leaves. They achieve an impressive accuracy rate of 98,92 % and an F1 score of 97,94 %. The model is 
trained on both a public dataset and a self-collected dataset including seven different tomato leaf diseases as 
well as healthy leaves. This research focuses on the potential of deep learning to improve precision agriculture 
and crop management.

Liu G et al.(40) The scientists explored deep convolutional networks for plant disease recognition. They 
proposed the Selective Kernel MobileNet (SK-MobileNet) model, achieving an impressive 99,28 % accuracy on 
a public dataset. This lightweight approach outperforms existing methods while maintaining computational 
efficiency. The study contributes to automated plant disease detection, crucial for agricultural productivity, 
using visible range images despite background complexity and precise parasite localization challenges. Nayak A. 
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et al.(41) focused on the study of rice diseases and nutrient deficiencies in images taken with smartphones. They 
employed image processing techniques and model optimization, utilizing 2259 smartphone images of rice plant 
parts across different classes. The study achieved over 90 % accuracy in diagnosing nutrient deficiencies using 
deep convolutional neural networks (DCNNs), with DenseNet121 performing exceptionally well. The dataset 
contains 250 live validation images representing 12 different rice diseases and nutrient deficiencies. Their work 
contributes to enhancing agricultural practices through technology, enabling early plant health issue detection 
and informed decision-making.                                                                                                                                                                               

Sapna Nigam et al.(42) proposed an innovative approach to automatically detect major wheat rusts using 
deep learning techniques. They prepared the WheatRust21 dataset, including 6556 images of healthy and 
diseased wheat leaves collected from natural field conditions. The authors experimented with classical CNN-
based models, achieving accuracy ranging from 91,2 % to 97,8 %. However, their fine-tuned EfficientNet B4 
model achieved an impressive test result of 99,35 %, making it suitable for mobile applications in the field of 
wheat disease identification.

Han Jiang et al.(43) aimed to identify plant disease species using a transfer learning algorithm applied to 
ResNet model. They used an open-source dataset of black rot, bacterial spot, rust, and healthy leaf samples. 
The transfer learning approach significantly improved accuracy, achieving 83,75 % identification accuracy, 
outperforming the ResNet-101 model. Their study highlighted the feasibility of transfer learning-based plant 
disease detection models, which is a promising approach to improving agricultural practices.

El Massi et al.(44) suggested that a hybrid approach proved effective in their study. The hybrid combination 
(HC) gave the best results, with an overall detection rate of 91,11 %, compared to 88,33 % for the serial 
combination (SC). The first variant, known as SC, combines two SVM classifiers, S1 and S2, in series. The system 
they proposed employs two variants of combination: serial and hybrid.

Marino et al.(45) proposed a methodology for the identification and classification of imperfections in potatoes. 
They developed a labelled dataset comprising six categories and multiple breeds and employed a multi-camera 
setup to capture images of the potatoes. The combination of autoencoders and support vector machines was 
proposed for the identification of damaged and green areas in selected images, with the localization results 
being utilized as input for the SVM classification. The efficacy of this methodology is evidenced by its attainment 
of an average accuracy of 95 % and an average recognition rate of 93 %. 

This review provides a comprehensive analysis of the various technical research methods employed in relevant 
studies. Table 1 provides a detailed comparison, describing the specifics used in each study. Additionally, the 
Table summarizes the main findings of each method and provides citations for the studies. This comparative 
overview effectively highlights the diversity of techniques used by researchers to address research challenges.(46,47)

These techniques encompass established methods like regression analysis and extend to cutting-edge 
machine learning tools such as neural networks and supervised post-hoc regression. The primary objective of 
this comparative analysis is to equip researchers with an in-depth understanding of the strengths and limitations 
of each approach, thereby allowing them to make informed decisions when designing future research studies.(48)

METHOD
The present review focuses on key aspects of research on the application of AI techniques, including machine 

learning (ML) and deep learning (DL), to plant disease classification. The methodology includes the following 
steps:

Systematic Literature Review
A systematic literature review was conducted using keyword searches across Google Scholar, IEEE Xplore, 

and SpringerLink. Search terms included combinations of “plant disease,” “machine learning,” “deep learning,” 
“classification,” “image recognition,” “computer vision,” “agriculture,” “precision agriculture,” and “crop 
disease detection.” Articles, books, and conference proceedings published within the past decade were 
prioritized to ensure the inclusion of recent advancements.

Selection Criteria
The inclusion criteria focused on papers that specifically applied ML and DL techniques to agriculture, with 

clear experimental validation and performance metrics. Studies were considered “acceptable” if they:
•	 Used ML or DL for plant disease classification.
•	 Reported on publicly available or well-documented datasets.
•	 Provided measurable outcomes, such as accuracy, precision, or recall.
•	 Were peer-reviewed and published in reputable journals or conferences.

Exclusion criteria eliminated studies that
Applied ML or DL techniques in non-agricultural domains.
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Lacked experimental validation or reproducibility.
Did not provide sufficient details about their methodologies or datasets.

Technical Evaluation
Each selected article was reviewed individually, focusing on:
Problem Addressed: the specific plant diseases or agricultural issues being tackled.
Techniques Used: ML or DL algorithms and ARCHITECTURE employed.
Data Sources: the origin, size, and diversity of the datasets used.
Performance Metrics: overall accuracy, robustness, and scalability of the models.

Focus on Performance
The present review aims to evaluate the effectiveness of machine learning (ML) and deep learning (DL) 

techniques based on their classification accuracy and other performance indicators. The analysis will identify 
patterns and trends in successful implementations, thus guiding the selection of optimal methods for plant 
disease classification. The objective of this analysis is to highlight the most effective and efficient artificial 
intelligence (AI)-based solutions that can advance agricultural practices.
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Figure 1. IoT–CNN–RNN Hybrid for Plant Disease Detection
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Table 1. Review of Methods and Techniques in Previous Research

Author
Plant type 
(number of 
classes)

Model(s)/
Algorithms/

Technique(s)/
Methods

Hyperparameters Performance /
Accuracy Advantages Disadvantages / 

Challenges Objective Future Research 
Direction

2019

Jiang et al.(18) Apple (5 
classes)

INAR-SSD (Improved 
SSD (single-
shot multibox 
detector) with 
Inception modules 
and Rainbow 
concatenation)

Learning Rate: 
0,001.
Optimizer: SGD. 
Momentum :0,9.
Batch Size:32.
Epochs: Not 
specified.

78,80 % mAP 
(mean Average 
Precision).

-The system is capable 
of real-time detection 
at high speed.
-It is also capable 
of handling complex 
backgrounds and 
multiple diseases per 
image.
-The system has been 
enhanced to improve 
small-object detection 
via Inception and 
Rainbow concatenation.
-Robust data 
augmentation has been 
employed to reduce 
the risk of overfitting.

-The lower accuracy 
observed in the 
identification of 
similar diseases is a 
notable finding.
-It has been 
observed that the 
system struggles 
with extremely 
small lesions or noisy 
backgrounds.
-Additionally, its 
performance lags 
that of standard SSD 
technology.

The objective of 
this study is to 
develop a real-
time, high-accuracy 
deep learning model 
for detecting five 
common apple 
leaf diseases. The 
model will aid 
early diagnosis and 
improve agricultural 
productivity.

The following 
improvements are 
proposed:
-The detection of 
visually similar diseases 
is to be improved
-The performance on 
very small lesions is to 
be enhanced
-The speed for real-time 
field applications is to 
be optimized
-The scope is to be 
expanded to other crops 
or diseases.

Mukti et al.(49) Various (38 
classes).

ResNet50, VGG16, 
VGG19, AlexNet

Learning Rate: 
Not specified.
Optimizer: SGD.
Batch Size: 32.
Epochs: 25.

99,80 % The Transfer Learning 
approach enabled 
the development of 
a deep CNN network 
cost-effectively for 
precise plant disease 
identification.

The study does 
not delve into the 
challenges of real-
world deployment or 
scalability.

The main objective 
was to develop a 
CNN model based 
on transfer learning 
for the accurate 
identification of 
plant diseases.

Future work may 
investigate different 
transfer learning 
architectures or 
integrate them with 
data augmentation 
techniques to further 
enhance model 
performance.

Tomato (11 
classes).

R-CNN with four 
Deep Convolutional 
Neural Networks 
( V G G - 1 6 , 
R e s N e t - 5 0 , 
ResNet-101, and 
MobileNet) 

Learning Rate: 
Not specified.
Optimizer: Not 
specified.
Batch Size: Not 
specified.
Epochs: 500.

99,64 % mAP 
(mean Average 
Precision).

The model can 
accurately identify 
diseases and infected 
areas, thus enabling 
timely treatment and 
prevention measures.

May require large 
amounts of labeled 
data for training the 
models.

Develop a system 
for precise 
identification of 
types of tomato 
diseases and 
segmentation of 
infected areas using 
deep learning.

Explore incorporating 
more diverse datasets 
and potentially other 
object detection 
techniques for enhanced 
disease identification 
and segmentation.
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Wang et al.(19) Tomato (10 
classes).

C N N - b a s e d 
architectures.

Learning Rate: 
0,0005.
Momentum:0,9,
Decay:0,0005.
Optimizer: Adam.
Batch Size: 30.
Epochs: 30.

99,25 %. The proposed model, 
despite some low losses, 
was able to maximize 
the accuracy.

VGGNet creates 
a time issue as it 
takes more time to 
train and requires 
s o p h i s t i c a t e d 
hardware to train. 

-Develop a system 
for detecting 
tomato leaf diseases 
through image 
analysis.

Use a larger, diverse 
dataset and alternative 
transfer learning 
methods to improve 
disease detection

V a r i o u s : 
apple, corn, 
g r a p e s , 
potato, sugar 
cane, and 
tomato. (32 
classes)

-CNN with Adam 
optimizer using 
a categorical 
cross-entropy loss 
function.
- D a t a 
a u g m e n t a t i o n s 
techniques.

Learning Rate: 
Not specified.
Optimizer: Adam.
Batch Size: 32.
Epochs: 75.

96,5 % in 
training.
100 % in testing.

The model provided 
a highly accurate and 
effective solution for 
the early detection 
and identification of 
multiple plant diseases, 
which facilitates 
effective disease 
management and helps 
reduce the use of 
harmful chemicals.

The dataset 
and model have 
limitations on 
generalizability, due 
to being tested on 
a limited number of 
plant varieties and 
diseases. Unseen 
disease and real-
world variability also 
negatively impact 
model performance.

Help farmers detect 
and accurately 
recognize plant 
diseases in various 
plant varieties to 
improve disease 
management by 
reducing chemical 
i n t e r v e n t i o n s , 
using deep learning 
t e c h n i q u e s , 
specifically CNNs.

Research could focus 
on expanding the 
data to other plants, 
testing different CNN 
architectures, learning, 
and optimizers to 
improve performance 
and the model.

Kumar et al.(20) Sugar beet (4 
classes).

Modified Faster 
R-CNN architecture, 
a deep learning 
model for object 
detection.

Learning Rate: 
Not specified.
Optimizer: SGD,
Momentum;0,85,
Decay:0,001.
Batch Size: The 
heap size for 
training was set 
to 64.
Epochs: 150,00.

95,48 % The Faster R-CNN model 
has a higher accuracy 
rate in detecting leaf 
spot disease in sugar 
beet compared to 
previous methods, 
thus providing a means 
of effective accurate 
diagnosis of disease in 
large production areas.

The sensitivity values ​​
of the proposed 
approach were lower 
than the specificity 
values, indicating a 
slight imbalance in 
the detection and 
classification.

Develop a deep 
learning approach 
for automated 
detection of leaf-
spot diseases 
in sugar beet, 
enhancing imaging-
based agricultural 
disease diagnosis.

To conduct further 
studies using deep 
learning algorithms 
trained with a larger 
amount of data to 
improve the accuracy of 
detection of sugar beet 
leaves.

Militante et 
al.(50) 

Tomato leaves 
(3 classes)

Transfer learning 
with an inception 
model.

Learning Rate: 
Not specified.
Optimizer: Not 
specified.
Batch Size: Not 
specified.
Epochs: 250.

99 % Transfer learning of 
the Inception model 
leverages pre-trained 
features to optimize the 
training of convolutional 
neural networks 
(CNN) for tomato leaf 
classification, reducing 
data and computational 
effort.

The dataset 
comprises images 
from the internet 
and local farms, 
which may introduce 
variability due to 
different lighting 
c o n d i t i o n s , 
backgrounds, and 
quality.

Implement a 
precision agriculture 
system using drones 
for the detection of 
leaf diseases.
The system aims to 
effectively identify 
areas of disease 
prevalence on the 
farm.

To explore real-
time disease severity 
assessment based on 
infection levels using 
the same drone-based 
precision farming 
system.
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Francis et al.(52) Apple and 
Tomato (2 
classes)

C o n v o l u t i o n a l 
Neural Network 
(CNN) architecture.

Learning Rate: 
Not specified.
Optimizer: Adam.
Batch Size: Not 
specified.
Epochs: 8000 
iterations.

88,7 % The CNN model 
automatically identifies 
and stores features in 
the training dataset, 
thereby avoiding the 
need for manually 
designed features.

Training a CNN 
model from scratch 
can be a tedious 
process compared 
to existing deep-
learning models.

Explore different 
l e a r n i n g 
architectures and 
their applications 
in agriculture, 
particularly in the 
classification of 
plant diseases.

Researchers could 
explore transfer learning 
techniques to improve 
model performance on 
other plant species to 
study multiclass disease 
classification.

Marino et al.(45) Potatoes (6 
classes)

-CNN models: 
AlexNet, 
VGG-16, and 
GoogLeNet. 
-An SVM classifier 
was used to classify 
the data further.

L e a r n i n g 
Rate: -Global 
rate:0,0001. -New 
fully connected 
layer rate: 0,002.
O p t i m i z e r : 
S t o c h a s t i c 
Gradient Descent 
(SGD).
Momentum :0,9.
Batch Size: 10.
Epochs: 100.

F1-score of 94 %. Deep learning methods 
automatically find 
representations for 
classification tasks 
without the need for 
manual features.

- Building pixel-
labeled data sets 
using deep learning 
methods can be 
laborious and time-
consuming.
-Difficulty in 
designing a feature 
extractor for each 
pattern.

Use deep learning 
to automatically 
detect and 
classify potato 
defects, improving 
quality control 
while reducing 
subjectivity and 
labor costs.

Use advanced deep 
learning and multi-
modal data fusion 
(e.g., combining visual 
and spectral data) 
to enhance potato 
blemish detection and 
classification accuracy.

Jakjoud et al.(53) Tomato (2 
classes)

-Support Vector 
Machine (SVM) and 
K-Nearest Neighbors 
(KNN).
- C o - o c c u r r e n c e 
matrix for extracting 
14 Haralick features.

Learning Rate: 
Not specified.
Optimizer: Not 
specified.
Batch Size: Not 
specified.
Epochs: Not 
specified.

KNN with Fuzzy 
Decision Maker:
98,38 % on the 
validation set.

- The use of KNN is its 
ability to store data 
without requiring a 
tedious training step.
-The proposed approach 
combines subclassifiers 
using fuzzy logic, thus 
enhancing accuracy.

- SVM may face 
hyperplane tuning 
issues due to the 
dependency between 
parameters.
- The study does not 
explore multiclass 
classification beyond 
normal leave and sick 
leave.

Develop a system 
to automatically 
detect leaf 
anomalies and plant 
diseases, aiming to 
enhance agricultural 
productivity and 
reduce crop losses.

Future research could 
focus on improving 
classification accuracy 
by exploring and 
integrating other 
advanced machine-
learning techniques 
and developing feature 
extraction methods.

Coulibaly et 
al. (54)

Pearl millet (2 
classes)

Transfer learning 
with VGG16.

Learning Rate: 1 
e-4. Optimizer: 
S t o c h a s t i c 
Gradient Descent 
(SGD).
Momentum:0,9.
Batch Size: Not 
specified.
Epochs: 100 
epochs, with early 
stopping observed 
at the 30th epoch.

95 % -transfer learning with 
pre-trained models 
such as VGG16 allows 
high accuracy in the 
classification of diseases 
with limited data.
- The proposed approach 
facilitates rapid and 
interesting analysis 
of data in precision 
agriculture.

- Deep learning 
algorithms may 
require datasets and 
computing resources 
for training.
- Manually generating 
labeled data for 
small datasets can 
be difficult and 
expensive.

Use advanced deep 
learning to detect 
crop diseases, 
especially mildew, 
and provide farmers 
with a digital tool for 
easy identification.

Optimizing transfer 
learning and deep neural 
networks for accurate 
disease detection in 
millet and other crops to 
advance smart farming.

2020
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Zhang Tao(55) Tomato (18 
classes)

SE-ResNet Learning Rate: 
0,001 (decays 
by 0,1× after 12 
epochs).
Optimizer: Adam.
Batch Size: 32.
Epochs: Early 
s t o p p i n g 
( p a t i e n c e = 1 2 
epochs).

V a l i d a t i o n 
Accuracy = 88,83 
%.

The model provides 
s t a t e - o f - t h e - a r t 
results, demonstrating 
high accuracy and 
robustness.

The model 
effectively mitigates 
the risk of 
overfitting, although 
this is not explicitly 
stated.

To effectively 
identify various 
tomato diseases 
and their severity 
using deep learning 
approaches.

The future research 
direction includes 
studying disease 
identification methods 
when multiple diseases 
coexist.

Salih et al.(23) Tomato (6 
classes)

C o n v o l u t i o n a l 
Neural Network 
(CNN)

Learning Rate: 
Initial rate: 
0,001, reduced 
by a factor of 0,5 
during training.
Optimizer: Adam.
Batch Size: 64.
Epochs: 10.

96,43 % The merits of this system 
include the ability to 
recognize and detect 
problems in a short time, 
as well as the capacity to 
identify plant diseases 
at an early stage. 
This, in turn, results in 
improved production 
and better quality.

Training tomato 
disease classification 
is challenging due 
to long training 
times, complex 
image resolution 
r e q u i r e m e n t s , 
and the similarity 
of common plant 
diseases.

The application of 
modern techniques, 
in particular 
c o n v o l u t i o n a l 
networks, is 
crucial for the 
early detection of 
diseases in tomato 
plants.

Further, it improves the 
accuracy of classification 
by addressing the 
challenges posed by the 
similarity of common 
diseases in tomato 
plants.

Karthik R.et 
al.(22)

Tomato (4 
classes)

Attention Embedded 
based Residual 
C o n v o l u t i o n a l 
Neural Network 
(ResCNN)

Learning Rate: 
Not specified.
Optimizer: Adam 
(Adaptive Moment 
Estimation).
Batch Size: Not 
specified.
Epochs: 150.

98 % -The detection rate 
is higher than that of 
existing methods.
-The number of 
parameters is reduced 
(600K vs. millions in 
existing architectures).
-The method is 
extensible to any input 
size. -The attention 
mechanism improves 
feature weighting and 
contextual learning.

-Recent CNN 
advancements from 
prior studies are not 
addressed. Real-
time deployment 
and computational 
efficiency are not 
discussed. Training 
is resource-intensive 
(≈10 hours on an 
NVIDIA Tesla P100) 
and heavy reliance on 
augmented data may 
cause overfitting.

To develop a deep 
learning model 
for automated 
disease detection in 
tomato leaves. The 
model will be both 
computa t iona l l y 
efficient and 
accurate, and 
it will be based 
on an attention-
embedded residual 
CNN.

-Deploy the system for 
real-time field use.
-Extend the model 
to multiple crops 
and detect multiple 
diseases.
-Optimize for edge 
devices such as drones 
and mobile apps.
-Handle class imbalance 
in datasets.
-Enhance attention 
mechanisms to improve 
detection accuracy.

Mathulaprangsan 
et al.(56)

Rice (5 
classes)

R e s N e t 5 0 , 
R e s N e t 1 0 1 , 
DenseNet161, and 
DenseNet169

Learning Rate: 
0,0001.
Optimizer: Not 
specified.
Batch Size: 64.
Epochs: 15.

95,74 % The DenseNet 
architecture effectively 
deals with the issue 
of fading gradients, 
allowing the network 
to be more parameter-
efficient and achieve 
high performance.

-The complexity 
of deep learning 
models requires 
significant resources. 
The general CNN 
models had difficulty 
functioning properly 
due to the high level 
of detail in rice 
disease images.

Create a full-field 
rice disease image 
dataset and apply 
efficient deep 
learning models to 
classify devastating 
diseases of rice 
Thailand

Focus on improving 
and scalability of deep 
learning models for 
broader agricultural 
applications beyond rice 
diseases.
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Ashok et al.(16) Tomato (4 
classes)

- C o n v o l u t i o n a l 
Neural Network 
(CNN).
-DWT (Discrete 
Wavelet Transform) 
and GLCM (Gray 
Level Co-occurrence 
Matrix).

Learning Rate: 
Not specified.
Optimizer: Not 
specified.
Batch Size: Not 
specified.
Epochs: Not 
specified.

98,12 % -Facilitation of early 
disease detection.
-Integration of the 
Discrete Wavelet 
Transform (DWT) and 
the Gray Level Co-
occurrence Matrix 
(GLCM) to ensure the 
extraction of robust 
features. 
-Offers efficient 
c o m p u t a t i o n a l 
performance and the 
potential to automate 
the process, thereby 
facilitating faster 
and more consistent 
disease identification in 
comparison to manual 
methods.

-The dataset size 
and diversity have 
not been specified.
-No hyperparameter 
details have been 
provided.
-Limited real-time 
testing has been 
mentioned.
-A greater number of 
samples is required 
for broader disease 
classification.
-A large dataset 
is necessary to 
effectively train the 
model.

Develop a system for 
early detection of 
tomato leaf diseases 
using CNN-based 
deep learning, 
combined with 
image processing 
techniques like 
DWT and GLCM, 
to help farmers 
take preventive 
measures.

-Extension to other 
algorithms (e.g. artificial 
neural networks, fuzzy 
logic)
-Implementation of real-
time applications
-improvement of disease 
categorization
-Testing on larger and 
more diverse datasets
-Exploration of 
different deep-learning 
architectures or 
incorporation of data to 
improve the accuracy of 
disease detection.

Nithish kannan 
et al.(15)

Tomato crop 
(6 classes)

C o n v o l u t i o n a l 
neural networks for 
classification and 
data augmentation 
techniques to 
augment the 
training dataset 
(Resnet50).

Learning Rate: 
0,001.
Optimizer: Adam.
Momentum;0,1.
Batch Size: Not 
specified.
Epochs: 20.

97 % High accuracy (97 %) of 
the multi-class disease 
detection is a notable 
strength of the system. 
Transfer learning has 
been employed to 
reduce the time taken 
for training, while data 
augmentation has been 
implemented to prevent 
overfitting. The system 
also generalizes well to 
diverse leaf conditions.

The process demands 
advanced hardware 
(NVIDIA GTX 1050 
Ti GPU, 16GB 
RAM) and involves 
lengthy training 
due to ResNet-50’s 
complexity, with the 
system limited to 
detecting six tomato 
diseases.

The objective of this 
study is to utilize 
deep learning as a 
tool to facilitate 
farmers in the 
timely identification 
of six tomato 
leaf diseases, 
contributing to the 
enhancement of 
their agricultural 
practices.

Extend to more 
crops, optimize 
hyperparameters for 
faster training, and 
improve hardware 
efficiency for low-
resource deployment.

Zhang et al.(24) Tomato (5 
classes)

Faster RCNN-res101 
with 
k-means clustering.

Learning Rate: 
Not specified.
Optimizer: Not 
specified.
Batch Size: Not 
specified.
Epochs: Not 
specified.

98,54 % mAP The proposed technique 
for disease detection 
demonstrates faster 
detection speed than 
the original R-CNN.

- The approach may 
require significant 
computing resources 
and extensive 
training to achieve 
optimal results.
- The given image 
reveals the detection 
of a disease on a 
leaf.

To improve the 
accuracy of 
tomato disease 
identification and 
position detection 
using deep learning 
techniques.

Future research should 
focus on enhancing 
plant disease detection 
by employing advanced 
deep learning methods, 
expanding datasets, and 
integrating additional 
data sources.
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Gangwar et 
al.(25)

Grape Crops 
(4 classes)

Transfer learning 
with the Inceptionv3 
model followed 
by classifiers like 
logistic regression, 
SVM, and neural 
networks.

Learning Rate: 
Not specified.
Optimizer: Not 
specified.
Batch Size: Not 
specified.
Epochs: Not 
specified.

99,4 % -Transfer learning allows 
leveraging pre-trained 
models, reducing 
training time and 
resource requirements.
-The automated system 
enables accurate 
effective detection of 
grape diseases, thereby 
facilitating timely 
treatment efforts.

- The approach 
does not include 
the location of the 
diseases on the vine 
leaves, which limits 
the analysis.
- Dependence on 
the quality and 
relevance of the pre-
trained model.

- The objective is to 
develop a solution 
for the classification 
of vine diseases 
using transfer 
learning and various 
classifiers.

Future research 
could focus on 
applying advanced 
CNN architectures 
and segmentation 
techniques to enhance 
plant disease detection 
and localization on 
grape leaves.

Agarwal et 
al.(30)

Tomato (10 
classes)

C o n v o l u t i o n a l 
Neural Network 
(CNN)

Learning Rate: 
0,001.
M o m e n t u m 
:0,999.
Batch Size: 64.
Epochs: 1000.

91,2 % -The proposed method 
offers an original 
approach to effectively 
manage diseases in 
tomato crops through 
image analysis, 
potentially helping 
farmers manage them 
promptly.
-The model provides 
accurate and efficient 
disease identification.

-The study may be 
faced with limitations 
in generalizing the 
results to different 
environmental or 
disease conditions 
outside of the 
dataset used.
-Deep learning 
models can be 
c o m p u t a t i o n a l l y 
intensive.

Use a deep learning-
based approach 
to help farmers 
detect, predict, 
and manage tomato 
plant leaf diseases, 
aiming to improve 
crop quality and 
yield.

-Researchers could 
explore hybrid 
architectures combining 
them with other types 
of neural networks for 
better performance.
-Explore the integration 
of real-time disease 
detection systems using 
CNN for field application.

Magsi et al. (17) Palm (4 classes 
(stages)

- C o n v o l u t i o n a l 
Neural Networks 
(CNN).
-Texture and color 
extraction methods.

Learning Rate: 
Not specified.
Optimizer: Not 
specified.
Batch Size: Not 
specified.
Epochs: stopped 
at epoch 6 (out 
of a maximum of 
1000).

89,4 % The system has 
achieved accuracy 
rates in identifying 
disease of date palm, 
in advanced stages, 
which can facilitate 
timely intervention and 
disease management.

-Image processing 
may be 
c o m p u t a t i o n a l l y 
intensive and 
resource-consuming.
- The early stages of 
identification showed 
lower success 
rates, indicating 
the need to further 
refine the detection 
capabilities.

The main objective 
of the research 
was to develop an 
automatic disease 
i d e n t i f i c a t i o n 
system for the date 
palm to address 
losses related 
to date palm 
cultivation.

The authors could 
explore transfer 
learning to enhance 
disease identification 
accuracy or investigate 
the impact of different 
p r e p r o c e s s i n g 
techniques on model 
performance.

Aversano et al. 
(27)

Tomato (10 
classes)

VGG-19, Xception, 
and ResNet-50.

Learning Rate: 
Not specified.
Optimizer: Not 
specified.
Batch Size: Not 
specified.
Epochs: 50.

VGG-19 : 97 %.
Xception : 95 %.
ResNet-50 : 60 %.

The use of CNNs and 
learning in the study 
allowed the detection 
and classification of 
tomato leaf diseases, 
thus contributing to the 
early treatment of plant 
pathologies.

- One of the models 
used, ResNet-50, 
does not perform as 
well as the others in 
terms of accuracy, 
requiring different 
optimization or 
further exploration

The main objective 
of the study was to 
demonstrate the 
effectiveness of 
CNN and transfer 
learning in the 
automatic detection 
and classification.

In the future, it would 
be interesting to extend 
the dataset used in 
the study to include 
a larger number of 
classes and to improve 
the precision models 
for the detection and
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models. Constantly 
monitoring plants 
manually is time-
consuming.

of tomato diseases, 
improving thus 
food security and 
reducing crop losses

classification of plant 
diseases.

Ouhami et al. 
(57)

Tomato (6 
classes)

-DensNet161.
-DensNet121.
-VGG16.
-Transfer learning

Learning Rate: 
0,005.
O p t i m i z e r : 
S t o c h a s t i c 
Gradient Descent 
(SGD).
Batch Size: Not 
specified.
Epochs: 20.

D e n s e N e t 1 6 1 
: 95,65 %, 
DenseNet121 : 
94,93 %, VGG16 : 
90,58 %.

The DenseNet models 
required fewer 
parameters to achieve 
better performance. 
DenseNet161 showed 
superior accuracy in 
classifying leafminers 
and powdery mildew 
(100 %).

Small dataset 
size (666 images) 
may reduce result 
generalizability, and 
symptom similarities 
can cause 
misclassifications 
(e.g., early vs. 
late blight in 
DenseNet161).

To improve tomato 
crop protection by 
accurately identifying 
and classifying 
diseases using 
machine learning, 
and to evaluate deep 
learning models 
on RGB images to 
determine the most 
effective approach.

Firstly, the augmentation 
of the dataset to ensure a 
more substantial sample 
size; and secondly, 
the identification and 
resolution of more 
challenging disease 
detection problems.

Chen et al.(58) Rice (5 
c l a s s e s ) . 
Maize (4 
classes).

VGGNet,
Transfer Learning

Learning Rate: 
Not specified.
O p t i m i z e r : 
S t o c h a s t i c 
Gradient Descent 
(SGD).
Batch Size: Not 
specified.
Epochs: 30.

Public Dataset 
(PlantVillage - 
Maize): 84,25 
% average 
prediction.
C o l l e c t e d 
Dataset (Maize): 
80,38 % average 
prediction.
C o l l e c t e d 
Dataset (Rice): 
92,00 % average 
prediction.

Using transfer learning 
from pre-trained models 
helps improve plant 
disease identification 
p e r f o r m a n c e , 
particularly with limited 
training data.

-A potential 
limitation could 
be the need for 
significant computing 
resources to train 
learning models.
- Classical approaches 
heavily rely on 
h a n d - d e s i g n e d 
features, which 
can be expensive 
and require expert 
knowledge.

- The main objective 
is to develop a system 
for monitoring 
and identifying 
plant diseases 
for agricultural 
productivity.
-To enhance the 
learning ability of 
tiny lesion symptoms 
while decreasing 
c o m p u t a t i o n a l 
complexity using 
transfer learning for 
deep CNNs.

- Involve extending 
the application of the 
developed model to 
other plant diseases 
and diseases for greater 
agricultural impact.
-Focus on improving 
the learnability of deep 
learning algorithms for 
detecting plant diseases 
under various field 
conditions.

Chen et al. (59) Rice (3 classes 
for Public 
Dataset (UCI), 
13 classes 
for Collected 
Dataset)

DenseNet with the 
Inception module + 
transfer learning,

Learning Rate: 
Not specified.
O p t i m i z e r : 
S t o c h a s t i c 
Gradient Descent 
(SGD).
Batch Size: Not 
specified.
Epochs: 30.

The proposed 
approach has 
achieved a 
p r e d i c t i o n 
accuracy of at 
least 94,07 % in 
the public data 
set and an average 
accuracy of 98,63 
% for image class 
prediction of rice 
diseases.

- superior performance 
in detecting diseases 
with high accuracy 
rates.
-The deep learning 
approach demonstrates 
superior performance 
compared to other 
s t a t e - o f - t h e - a r t 
methods.

- Limited 
discussion of the 
generalizability of 
the model to various 
e n v i r o n m e n t a l 
conditions.
- Conventional 
visual-based disease 
identification of 
rice by experts can 
be costly and time-
consuming.

Develops a rapid, 
a u t o m a t i c , 
accurate, and cost-
effective method 
for detecting 
rice diseases in 
agriculture.

- Study of integration 
of real-time monitoring 
systems and technology 
for early detection and 
management of rice 
plant diseases.
-Future research could 
explore improving model 
robustness to variations 
in environmental 
conditions and rice 
differences.

2021
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Jeyalakshmi et 
al.(31)

Tomato (4 
classes)

-Support Vector 
Machines (SVM).
-Random Forest 
(RF)
- M u l t i l a y e r 
Perceptron Neural 
Networks (MPNN)
-Soft Voting

Learning Rate: 
Not specified.
Optimizer: Not 
specified.
Batch Size: Not 
specified.
Epochs: Not 
specified.

The highest 
a c c u r a c y 
achieved in this 
study was 93,13 
% using the Soft 
Voting Classifier.

- The ensemble learning 
approach combining 
multiple classifiers 
enabled the accuracy of 
disease classification.

The study may have 
limitations in terms 
of larger data sets or 
real-time ones.

- Develop an 
accurate and robust 
classification system 
for tomato diseases 
using ensemble 
learning techniques.
-To accurately 
classify various 
tomato diseases 
to facilitate early 
detection and 
management.

- Explore the application 
of ensemble learning 
techniques to classify 
diseases in other plant 
species such as corn, 
corn, and apples.
-Investigate data 
augmentation, new 
learning techniques, or 
integration of additional 
data sources to improve 
the robustness of the 
classification of diseases 
of the tomatoes.

Kibriya et al.(32) Tomato (4 
classes)

-VGG16 
-GoogleNet

Learning Rate: 
Not specified.
Optimizer: Not 
specified.
Batch Size: Not 
specified.
Epochs: Not 
specified.

-98 % for VGG16.
-99,23 % for 
GoogleNet

- The deep learning 
approach using CNN 
models provides high 
accuracy rates for the 
detection of tomato 
leaves.

- Limited information 
on model scalability 
and generalizability.
- CNN models require 
large datasets. 
Additionally, system 
implementation and 
maintenance may 
require significant 
resources and 
expertise.

- The main objective 
of the study is to 
develop a reliable 
solution for the 
early detection of 
tomato diseases to 
prevent losses of 
production.

Enhancing tomato 
leaf disease detection 
by combining real-
time monitoring, deep 
learning models, and 
transfer learning on 
diverse datasets for 
improved accuracy and 
automated treatment 
recommendations.

El Massi et al. 
(44)

Tomato (6 
classes)

Firstly, the Serial 
Combination (SC) 
method is employed.
Two SVM (Support 
Vector Machine) 
classifiers (color → 
texture/shape).
Hybrid Combination 
(HC):
Three SVMs (serial + 
parallel).
Other techniques 
that may be 
employed include:
k-means clustering 
(segmentation).
The features

Learning Rate: 
0,001.
Optimizer: Adam.
Momentum :0,1.
Batch Size: Not 
specified.
Epochs: 20.

91,11 %. -The hybrid method 
has been developed for 
the purpose of handling 
class similarity, for 
example in cases 
of color overlap. It 
combines multiple 
features, including but 
not limited to colour, 
texture and shape. In 
addition, it has been 
designed to reduce the 
limitations of individual 
classifiers.

-The complexity 
of the thrips class 
is attributable to 
the varying damage 
c h a r a c t e r i s t i c s 
exhibited by the 
organism.
-The accuracy of 
the segmentation 
process is a 
p r e r e q u i s i t e 
for effective 
classification.
-The limited size of 
the dataset has a 
detrimental effect 
on the performance 

The automatic 
recognition of plant 
diseases and damage 
is facilitated by 
the utilization 
of classifier 
combinations, which 
serve to address 
issues pertaining to 
class similarity.

-The following 
improvements are 
recommended for the 
hybrid method for 
complex classes:
-The method should be 
improved, for example 
of thrips.
-The dataset should be 
expanded.
-Additional features 
should be incorporated, 
for example spectral 
data.
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employed included 
colour moments 
(RGB/HSV), GLCM 
texture, and shape 
descriptors.
CNN.

of convolutional 
neural networks 
(CNNs).

Rosmala et 
al.(60)

Potatoes (3 
classes)

-VGG16
-InceptionV3
-Transfer learning

Learning Rate: 
0,0001.
O p t i m i z e r : 
S t o c h a s t i c 
Gradient Descent 
(SGD).
Batch Size: 32.
Epochs: 100.

The VGG16 model 
demons t ra ted 
e x c e p t i o n a l 
p e r f o rm a n c e , 
achieving average 
precision, recall, 
and F1 score of 
97 % as well as a 
perfect precision 
rate of 100 % on 
test data.

-The effectiveness 
of deep models to 
accurately classify plant 
diseases.
-The VGG16 model 
showed better 
generalization of 
data compared to 
InceptionV3.

-The need for 
training data for 
robust performance.
-InceptionV3 had 
a slightly lower 
accuracy compared 
to VGG16.

-To revolutionize 
the detection 
of diseases in 
agriculture.
-To classify potato 
leaf diseases 
efficiently using 
deep learning 
models.

Future research 
directions may involve 
expanding data to 
include other types 
of vegetable diseases 
to further support the 
agricultural industry in 
vegetable crops.

Wagle et al.(61) Tomato (9 
classes)

-Transfer learning
-AlexNet
-VGG16
-GoogLeNet
-MobileNetv2
-SqueezeNet

Learning Rate: 
0,0001.
Optimizer: Not 
specified.
Batch Size: 10.
Epochs: Not 
specified.

AlexNet 97,69 %. 
VGG16 98,77 %. 
GoogLeNet 93,73 
% MobileNetv2 
95,25 %. 
S q u e e z e N e t 
90,86 %.

High accuracy with 
VGG16 using transfer 
learning and data 
augmentation, reducing 
overfitting.
Deep learning 
enables efficient and 
accurate tomato leaf 
disease classification, 
minimizing manual 
effort and saving time.

-A lengthy training 
period is required, 
particularly when 
utilising a restricted 
dataset.
-The focus is 
exclusively on pre-
trained models, 
neglecting the 
development of 
bespoke architecture.
-VGG16 exhibits a 
higher execution 
time in comparison 
to models such as 
AlexNet.

To employ deep 
learning models for 
the classification 
and validation 
of tomato leaf 
diseases, with the 
aim of achieving 
real-field data 
validation.

Future research 
will concentrate on 
extending the dataset, 
optimising model 
complexity while 
maintaining accuracy, 
and validating deep 
learning models for 
tomato leaf disease 
classification using real 
field data.

Ashwinkumar et 
al.(62)

Various (5 
classes)

- OMNCNN (optimal 
mobile network-
based convolutional 
neural network).
- b i l a t e r a l 
f i l t e r i n g - b a s e d 
preprocessing. 
- K a p u r ’ s 
t h r e s h o l d i n g -
based image 
segmentation.

Learning Rate: 
Not specified.
Optimizer: Not 
specified.
Batch Size: Not 
specified.
Epochs: Not 
specified.

The paper reports 
an accuracy 
of 98,7 % for 
the proposed 
OMNCNN model.

The automated plant 
leaf disease detection 
model using OMNCNN 
offers superior 
performance with 
high precision, recall, 
accuracy, F-score, and 
kappa values

- The proposed 
model can require 
further validation 
on larger and larger 
datasets to assess 
generalizability.
-This article does not 
explicitly mention 
the potential 
challenges to real-
time implementation

-Develop an optimal 
model of MobileNet-
based convolutional 
neural network for 
automated detection 
and classification of 
plant leaves.
-Simplify and 
streamline the 
detection of plant 
diseases for farmers, 

-Could focus on 
improving the detection 
efficiency of the OMNCNN 
method using advanced 
deep learning-based 
image segmentation 
techniques.
-Investigate the 
integration of distinct 
image preprocessing 
techniques for more
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-MobileNet-based 
feature extraction. 
-extreme learning 
m a c h i n e - b a s e d 
classification.

or the scalability of 
its OMNCNN model 
in an agricultural 
environment.

because plant 
diseases constitute 
an important factor 
for the global 
economy.

efficient extraction of 
features in plant disease 
models.

Wagle et al.(63) Tomato (9 
classes)

-ResNet50
-ResNet18
-ResNet101
-Transfer learning.

Learning Rate: 
0,0001.
Optimizer: Not 
specified.
Batch Size: 10.
Epochs: 2.

R e s N e t 
101  achieved 
an accuracy of 
99,99 % in testing 
and 95,83 % in 
validation.

-The use of deep 
learning models such 
as ResNet50, ResNet18 
ResNet101 allows very 
accurate classification 
of tomato diseases.
-By augmenting the 
noise, blur, and color 
data, the dataset 
becomes very robust, 
which can improve the 
classification accuracy.

The study does not 
discuss in detail 
the complexity 
or training time 
associated with the 
learning models 
used.

-The main objective 
of the study is to 
investigate the 
impact of increased 
data on the 
classification and 
validation of tomato 
plant diseases 
using deep learning 
methods. Confirm 
the accuracy of a 
model designed 
for plant disease 
identification.

Future research could 
focus on improving 
the scalability, 
generalizability, and 
performance of deep 
learning models for 
plant disease detection 
by testing across 
different plant species, 
exploring new data 
augmentation methods, 
and investigating 
advanced deep learning 
architectures.

Hassan et al.(64) V a r i o u s : 
apple, rice, 
g r a p e s , 
p o t a t o , 
s u g a r c a n e , 
and tomato.

-Naive Bayes
-Decision Trees
-Support Vector 
Machines (SVM)
-Random Forest

Learning Rate: 
Not specified.
Optimizer: Not 
specified.
Batch Size: Not 
specified.
Epochs: Not 
specified.

SVM has the 
highest accuracy 
of 82,3 %.

The study uses a 
range of classification 
techniques to detect 
plant leaf diseases, 
thus providing 
c o m p r e h e n s i v e 
analysis of different 
methods to improve 
the identification of 
diseases.

The time required to 
calculate the disease 
in the infected 
leaves is minimized, 
but memory 
c o n s u m p t i o n 
remains a problem.

Assist in the early 
identification of 
plant diseases 
and implement 
preventive measures 
to increase crop 
yield.

-Research could involve 
exploring the integration 
of deep learning 
techniques, such as 
convolutional neural 
networks, more accurate 
detection and more 
effective from plant leaf 
diseases. Future research 
could focus on improving 
memory consumption 
while maintaining 
accuracy in disease 
detection systems.

Abbas et al.(65) Tomato (5, 7, 
10 classes)

- C o n d i t i o n a l 
G e n e r a t i v e 
Adversarial Network 
(C-GAN).
- DenseNet121.

Learning Rate: 
0,0001.
Optimizer: Adam.
Batch Size: 32.
Epochs: 100.

-99,51 % for 5 
classes.
-98,65 % for 7 
classes.
-97,11 % for 10 
classes.

The use of synthetic 
images generated 
by C-GAN improves 
generalizability of the 
network and avoids 
overfitting, leading to 
increased accuracy in 
disease classification.

Using deep learning 
models can 
require significant 
computing resources 
and expertise for 
implementation and 
training.

The objective of the 
study is to develop 
a deep learning-
based method for 
accurate and early 
detection disease 
of tomato plants, 
o u t p e r f o r m i n g 
existing methods.

Aims to involve 
extending the proposed 
method to identify 
diseases in various parts 
of the plant beyond just 
leaves, such as fruits, 
stems, and branches, 
as well as to explore 
the identification of 
different phases of the 
plant diseases.
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E.H. Chowdhury 
et al.(66)

T o m a t o 
( 2 , 6 , 1 0 
classes)

-ResNet18.
-DenseNet201.
-InceptionV3.

Learning Rate: 
0,001.
Optimizer: Adam.
Batch Size: 16.
Epochs: 15.

-99,2 % for binary 
classification.
-97,99 % for 
classification in 
six classes.
-98,05 % for 
classification ten 
classes.

The study surpasses 
existing cutting-edge 
work in the field of 
plant disease detection 
using deep learning 
techniques.

Despite high 
accuracy rates, 
there were cases of 
misclassification, 
as indicated by the 
confusion matrix 
analysis.

The main objective 
is to study the 
effectiveness of 
CNN architecture in 
classifying images 
of tomato leaves for 
disease detection.

- Explore the reliability 
of leaf images across 
diverse classes of 
extended images 
to improve disease 
detection systems.
-Explore the integration 
of real-time monitoring 
systems for early 
detection of tomato 
plants.

Wang et al.(67) Tomato (12 
classes)

YOLO-Dense. Learning Rate: 
0,0026.
Optimizer: Not 
specified.
Batch Size: 64.
Epochs: Not 
specified.
Momentum :0,9.
Decay:0,0054.
Factor:0,1.

The model 
achieved a 
Mean Average 
Precision (mAP) 
of 96,41 %.

YOLO-Dense offers rapid 
and accurate detection 
of tomato anomalies in 
complex environments.

Discussion on the 
scalability of the 
YOLO-Dense model 
to larger data sets 
or different data 
types is limited, 
which could affect 
its generalizability.

To enable precise 
and real-time 
identification of 
tomatoes anomalies 
to improve crop 
quality and yield.

Exploring the scalability 
and adaptability of the 
YOLO-Dense algorithm 
to detect anomalies in 
various species beyond 
tomatoes.

Feng et al.(68) Rice (4 
classes)

-Transfer learning.
-Fine-Tuning.
-Deep CORrelation 
ALignment (CORAL).
- Deep Domain 
Confusion (DDC).

Learning Rate: 
0,0001.
Optimizer: Not 
specified.
Batch Size: 40.
Epochs: Not 
specified.

88 %. Deep transfer learning 
methods have shown 
promising results in 
effectively and cost-
effectively detecting 
rice diseases in various 
rice varieties in the 
field. By combining 
hyperspectral imaging 
with deep transfer 
learning, rice diseases 
can be accurately and 
effectively classified, 
providing a potential 
tool for early disease 
detection on farms.

The development 
of classifiers for 
each rice variety of 
time requires many 
resources, while 
limited variability 
of data and cultivars 
could restrict 
g e n e r a l i z a b i l i t y 
and performance 
of transfer learning 
models.

This study examines 
the feasibility of 
using data and deep 
transfer learning 
for accurate 
detection of rice 
diseases, with the 
aim of improving 
the performance of 
model thanks to the 
expansion of data 
and to facilitate 
prevention and 
precise disease.

Future studies could 
enhance deep transfer 
learning for rice disease 
detection across more 
rice types and diseases, 
and combine it with 
hyperspectral imaging to 
detect diseases in other 
plant species.

2022

Nawaz et al.(29) Tomato (10 
classes)

ResNet-34 based 
Faster-RCNN

Learning Rate: 
0,001.
Optimizer: Not 
specified.
Batch Size: 8.

99,97 %. The proposed deep 
learning (DL)-based 
approach, specifically 
the ResNet-34-based 
Faster-RCNN, achieves

Deep learning 
models require large 
amounts of labeled 
data for training,  
which can be difficult

Develop a robust 
deep learning 
a p p r o a c h 
for accurate 
localization and

explore the integration 
of multi-sensor data 
fusion techniques with 
transfer or multispectral 
learning to improve
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Epochs: 20.
Threshold for 
matched region: 
0,2.
Threshold for 
unmatched areas: 
0,5.

high accuracy in 
disease detection and 
localization.

to obtain for some 
plant diseases. This 
may further limit 
their effectiveness 
in handling noisy or 
complex scenarios.

classification of leaf 
diseases of tomato 
plants.

model robustness, 
g e n e r a l i z a t i o n 
capabilities and 
detection accuracy 
diseases various 
environments.

Nagamani et 
al.(34)

Tomato (7 
classes)

-Fuzzy Support 
Vector Machine 
(Fuzzy-SVM).
-Convolution Neural 
Network (CNN).
- R e g i o n - b a s e d 
Convolution Neural 
Network (R-CNN).

Learning Rate: 
Not specified.
Optimizer: Not 
specified.
Batch Size: Not 
specified.
Epochs: Not 
specified.

96,735 %. The application of 
R-CNN, a deep learning 
technique, this study 
allowed us to obtain 
high precision in the 
detection of tomato 
leaf diseases. This could 
potentially improve 
crop productivity by 
earlier identification of 
diseases, which could 
reduce future losses, 
pesticide use and 
pollution.

Traditional manual 
methods are not 
suitable for large-
scale agriculture, 
mainly due to 
difficulty in 
identifying and 
controlling plant 
diseases. However, 
deep learning 
models also require 
c o n s i d e r a b l e 
resources for training 
and deployment.

The objective of the 
study was to detect 
leaves of tomato 
plants at one stage 
using machine 
learning techniques, 
thereby increasing 
a g r i c u l t u r a l 
production, and 
minimizing losses.

Future work could 
focus on expanding 
the data set for wider 
applicability and 
exploring improvements 
to learning models in 
depth to achieve greater 
accuracy in disease 
prediction.

Al-Gaashani et 
al.(35)

Tomato leaf 
(6 classes)

-MobileNetV2.
-NASNetMobile
-Multinomial logistic 
regression (MI.R).

Support Vector 
Machine (SVM):
Penalty parameter 
C: 0,1.
G a m m a 
parameter: 0,001.
Kernel: Linear
Random Forest 
(RF):
Number of 
decision trees: 
400.
Depth of each 
decision tree: 70.
M u l t i n o m i a l 
L o g i s t i c 
Regression (MLR):
C parameter: 0,1.
Penalty: 12.
Optimiser: ‘lbfgs’.

97 %. Using pre-trained 
models not only 
improves accuracy, also 
reduces the need for 
extensive training data. 
Additionally, integrating 
feature fusion with 
transfer learning 
models with reduction 
via Kernel PCA can 
potentially further 
improve classification 
accuracy.

- The study 
recognizes the 
potential impact of 
image acquisition 
conditions and 
g e n e r a l i z a b i l i t y 
limits of pre-trained 
models which 
may not cover all 
disease variants. 
A d d i t i o n a l l y , 
traditional machine 
learning methods 
can outperform 
deep in situations 
where training data 
is scarce.

This study aimed 
to develop a model 
that automates the 
process of classifying 
widespread leaf 
diseases thereby 
helping farmers to 
make an effective 
accurate diagnosis

Future work could 
focus on expanding 
the disease detection 
capabilities of model to 
encompass new types 
and explore techniques 
aimed at improving 
the robustness of real-
world agricultural 
applications.
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Khasawneh et 
al.(69)

Tomato (10 
classes)

Deep transfer 
learning: 
DenseNet-201
SqueezeNet 
GooglLeNet 
Inceptionv3 
MobileNetv2 
ResNet-101 
ResNet-50 
ResNet-18
Xception
ShuffleNet and 
DarkNet-53

Learning Rate: 
3×10−4

O p t i m i z e r : 
S t o c h a s t i c 
Gradient Descent 
with Momentum 
(SGDM).
Batch Size:16.
Epochs: 5.

99,4 %. Deep transfer 
learning models 
simplify the process 
of disease detection 
and classification in 
tomatoes. By bypassing 
the need for explicit 
feature extraction and 
image preprocessing, 
these models facilitate 
rapid diagnostics and 
potentially mitigating 
economic losses in 
tomato cultivation.

Deep transfer 
learning models 
offer advantages in 
disease detection, 
but their resource-
intensive nature 
poses challenges 
in resource-
c o n s t r a i n e d 
environments

The research focuses 
on creating a system 
for automated 
detection and 
classification of 
tomato diseases 
using deep transfer 
learning. This 
system is designed to 
help farmers quickly 
identify diseases 
by streamlining 
the identification 
process.

Future research could 
explore real-time 
disease detection using 
smart agricultural 
devices, including 
smartphone apps to 
help farmers and plant 
pathologists identify and 
manage diseases on the 
spot.

Lakshmanarao 
et al.(36)

T o m a t o , 
Potato, and 
Pepper bell 
(15 classes)

VGG16, RESNET50, 
and Inception.

Learning Rate: 
0,0001.
Optimizer: Adam.
Batch Size: 64.
Epochs: Not 
specified.

99 %. The proposed model 
achieved higher 
accuracy rates than 
traditional models, 
demonstrating the 
effectiveness of transfer 
learning for plant 
disease prediction. 
This technique exploits 
pre-trained models, 
allowing training even 
with limited data.

A salient 
disadvantage is 
the overreliance 
on numerous 
labelled data points 
to facilitate the 
efficient training 
of deep learning 
models. Moreover, 
the efficacy of 
transfer learning 
in adapting to 
variations in plant 
diseases may be 
inconsistent.

The primary 
objective of 
this study is to 
demonstrate the 
application of 
transfer learning 
techniques for 
accurate plant 
disease prediction, 
u n d e r s c o r i n g 
the significant 
advantages it offers 
to the agricultural 
sector.

Future research 
directions could 
include the study of 
and generalizability 
of transfer learning 
techniques to a wider 
range of plant species, 
which could increase the 
applicability of the model 
in various agricultural 
contexts. Additionally, 
the use of ensemble 
techniques could 
further improve disease 
prediction accuracy.

Vallabhajosyula 
et al.(26)

14 different 
crops:
- T o m a t o , 
P o t a t o , 
Grape… (38 
classes)

-Deep Ensemble 
Neural Networks 
(DENN):
- ResNet 50 & 
101, InceptionV3, 
DenseNet 121 & 
201, MobileNetV3, 
and NasNet.
-Transfer learning, 
data augmentation

Learning Rate: 
0,001.
Optimizers: Adam, 
Adamax, Adagrad, 
SGD (Stochastic 
G r a d i e n t 
Descent), Nadam, 
and RMSprop.
Batch Size: 8.
Epochs: 30.
Momentum:0,9.
Regulazer: L2 with 
factor 0,01.

The suggested 
DENN can 
achieve 100 % 
accuracy.
Here are the 
baselines:
- I n cep t i onV3 : 
98,33 %
-VGG16: 99 %
- G o o g L e N e t : 
99,35 %
-DenseNet121: 
99,75 %

The deep ensemble 
neural network 
(DENN) with transfer 
learning significantly 
improves plant species 
classification accuracy 
compared to individual 
pre-trained models, 
while addressing 
overfitting through 
data augmentation and 
regularization.

Deep transfer 
learning and deep 
ensemble models 
require large 
datasets and high 
c o m p u t a t i o n a l 
power, making 
them challenging 
to implement in 
re source- l im i ted 
environments.

Using deep 
clustering networks 
together with 
t r a n s f o r m a t i v e 
learning means 
that leaf disease 
can be detected 
more quickly and 
efficiently. This 
means that diseases 
can be detected 
earlier, which means 
we can produce 
more crops.

Future work includes 
integrating diverse 
data sources, enabling 
real-time and mobile 
applications, expanding 
to more plant species, 
and improving 
computational efficiency 
with lightweight models.
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Ahmed, et al.(70) Tomato (10 
classes)

Transfer learning 
with pre-trained 
model MobileNetV2.

Learning Rate: 
10−5.
. Optimizer: 
Adam.
Batch Size: 16.
Epochs: 1000 (with 
early stopping).

99,30 %. The proposed 
architecture achieves 
high classification 
accuracy 99,30 % with 
small model size and 
computational cost, 
which makes it suitable 
for low-end devices.

The model struggled 
with diseases 
like downy and 
powdery mildew, 
underscoring the 
need for refinement 
to overcome 
challenges faced by 
previous methods 
with large datasets 
and complex pre-
processing.

Develops a 
l i g h t w e i g h t , 
efficient neural 
network using 
transfer learning 
to classify tomato 
diseases, aiming 
to reduce crop 
losses, minimize 
manual monitoring, 
and optimize 
c o m p u t a t i o n a l 
efficiency.

Future research 
could focus on using 
ensemble learning to 
enhance classification 
performance and 
robustness, and on 
optimizing lightweight 
models for efficient 
disease detection on 
low-end devices.

Nguyen et al.(71) Tomato (10 
classes)

VGG-19 model 
with transfer 
learning and image 
segmentation using 
the HSV color space.

Learning Rate: 
0,00001.
Optimizer: Not 
specified.
Batch Size: 60.
Epochs: 300.

99,72 %. The proposed model 
excels in classifying 
tomato leaf diseases 
due to its high accuracy, 
which is further 
enhanced by the 
segmentation of leaf 
images. This not only 
makes it effective for 
disease detection and 
classification but also 
optimizes the training 
time.

The mosaic virus 
disease type had 
lower disease, which 
can be attributed to 
the limited dataset. 
This indicates that 
i m p l e m e n t i n g 
techniques such 
as oversampling or 
balanced weighting 
of classes improve 
the accuracy of the 
results.

The research 
aimed to develop 
a classification 
model using image 
segmentation and 
transfer learning 
t e c h n i q u e s 
to accurately 
identify tomato 
leaf diseases, 
thereby improving 
performance and 
overall effectiveness 
of disease 
classification.

Future research 
on tomato disease 
classification could 
focus on enhanced 
image processing, larger 
training datasets, and 
model optimization. 
Techniques like 
oversampling or class 
weighting may boost 
accuracy, especially 
for underrepresented 
diseases.

Al-Akkam et 
al.(72)

Various:
To m a t o e s , 
p o t a t o e s , 
Pepper bell … 
(15 classes)

Image processing 
techniques with 
C o n v o l u t i o n a l 
Neural Network 
(CNN).

Learning Rate: 
0,001.
Optimizer: Adam.
Batch Size: 32 and 
reduced to 16.
Epochs: 120.

98,34 %. The study highlighted 
the effectiveness of 
learning techniques 
in agriculture by 
demonstrating higher 
accuracy rates in 
the detection and 
classification of plant 
leaf diseases, surpassing 
those of previous 
studies.

The dataset does not 
explicitly mention 
the specific types of 
plants or diseases it 
includes, potentially 
limiting the results’ 
generalizability.

This research 
aims to develop 
a deep learning-
based method 
for identifying, 
classifying, and 
predicting leaf 
diseases to aid 
in treatment and 
reduce economic 
losses.

uture research should 
focus on integrating 
real-time monitoring 
with mobile apps and 
optimizing learning 
parameters and data 
variations to enhance 
the identification and 
classification of plant 
diseases.

Zia Ur Rehman 
et al.(77)

Citrus (6 
classes)

M o b i l e N e t v 2 , 
D e n s e N e t 2 0 1 , 
Whale Optimization 
Algorithm (WOA), 
transfer learning, 

L e a r n i n g 
Rate0,001.
Optimizer: Not 
specified.

95,70 %. -The proposed method 
outperforms recent 
techniques in terms of 
classification accuracy

A notable 
disadvantage of deep 
learning techniques 
is the need to have

The study leverages 
deep and transfer 
learning to enhance 
the accuracy and

Future research could 
focus on expanding the 
dataset to cover more 
citrus diseases
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SVM. Batch Size: 64.
Epochs: Not 
specified.
Momentum: 0,93.

of citrus diseases.
-This success is 
attributed to the use 
of models for learning 
efficient optimization 
algorithms.

a substantial volume 
of labeled data to 
train efficiently 
model.

efficiency of citrus 
fruit classification, 
targeting six 
diseases to 
improve production 
and disease 
management.

and other fruits, as 
well as developing real-
time disease detection 
systems for agricultural 
use to improve disease 
classification.

Boutalline et 
al.(73)

Apple (9 
classes)

MobileNet V2 Learning Rate: 
0,001.
O p t i m i z e r : 
Adagrad.
Batch Size: 16.
Epochs: Not 
specified.

98 %. The application of 
MobileNet V2 and 
CNNs has significantly 
improved the accuracy 
of leaf disease 
identification, reaching 
a performance rate 
above 98 % while also 
reducing the need for 
image preprocessing.

Limitations of the 
study include the 
focus on specific 
diseases, which 
may require 
application to other 
areas or diseases. 
Additionally, it does 
not consider different 
e n v i r o n m e n t a l 
conditions on disease 
detection.

The research aimed 
to equip farmers 
with a system for 
early detection and 
classification of 
apple leaf diseases, 
thereby improving 
crop quality, use 
of chemicals and 
minimizing impacts 
environmental.

-Use a larger dataset, 
apply it to various 
regions, and use 
advanced deep learning 
techniques to improve 
accuracy.
-Explore the integration 
of temporal surveillance 
systems for proactive 
disease control.

Zhang et al.(74) Tomato (4 
classes)

MMDGAN (Multi-
Feature Extraction 
C o n v o l u t i o n 
GAN with Mixed 
Attention and 
M a r k o v i a n 
Discriminator).

L e a r n i n g 
Rate: 0,00005.
Optimizer: ADAM.
Batch Size: 64.
Number of 
Epochs: 1500.

97,12 %. The MMDGAN method 
presents a new approach 
for the identification of 
diseases of leaves of 
tomato, which not only 
improves the quality of 
the data set, also shows 
superiority in terms 
accuracy compared to 
existing methodologies.

A notable drawback 
is the limited 
discussion of the 
method proposed for 
other plant disease 
datasets, coupled 
with the limitations 
inherent in data 
a u g m e n t a t i o n 
methods that 
require a substantial 
collection effort.

The study aimed 
to develop a 
robust method of 
augmentation using 
MMDGAN to improve 
the identification 
of tomato leaf 
diseases.

Future research 
in this area could 
benefit from applying 
MMDGAN to various 
plant disease datasets, 
as well as exploring 
transfer techniques to 
improve classification. 
diseases, evaluating 
its effectiveness in a 
broader agricultural 
context.

2023

Hajraoui et 
al.(75)

Tomato (5 
classes)

VGG16 and 
ResNet152v2 with 
transfer learning

Optimizer: Adam.
Learning Rate: 1 
e-4. Batch Size: 
32.
Epochs: 175.

99,0234 % The proposed 
model achieves high 
classification accuracy 
of tomato leaf diseases 
through deep learning 
and transfer learning. 
Additionally, the model 
demonstrates its 
effectiveness in training 
and testing.

-Limited dataset size. 
-The need for 
careful tuning of 
hyperparameters, 
such as learning rate, 
to solve the problem 
of overfitting, which 
requires a significant 
amount of trial and 
error.

Develop a deep 
learning model that 
improves disease 
control in tomato 
plants, thereby 
helping maintain high 
yields and quality 
through accurate 
classification of 
diseases on tomato 
leaves.

-Study the scalability of 
the model to a wider 
range of plants species. 
- Solve the problems of 
classifying more complex 
diseases and apply the 
model to a wider range 
of patients.

 21    Hajraoui N, et al

https://doi.org/10.56294/saludcyt20262598 ISSN: 2796-9711

https://doi.org/10.56294/saludcyt20262598


https://doi.org/10.56294/saludcyt20262598

Hessane et 
al.(76)

Palm (4 
classes)

Machine Learning 
Methods like:
 -Support Vector 
Machine (SVM).
 -k-Nearest 
Neighbors (KNN).
- Random Forest 
(RF).
-Light Gradient 
Boosting Machine 
(LightGBM).

Not specified 98,29 % The framework uses 
data augmentation 
and combines texture 
and color features to 
improve palm disease 
classification. This 
allows early detection 
of mealybugs, essential 
for protecting date 
crops.

Reliance on 
image data limits 
the accuracy of 
disease detection. 
Additionally, deep 
learning methods are 
hampered by limited 
or imbalanced 
datasets, which 
hampers training 
and identification.

The objective 
is to develop a 
reliable machine 
learning tool for 
the detection and 
classification of 
white scale insect 
diseases in palm 
trees.

-Explore deep learning 
techniques such as 
convolutional neural 
networks for improved 
feature extraction and 
disease classification.
-Expand the palm 
disease data set 
and integrate more 
sophisticated learning 
methods to improve 
detection accuracy.

Parvez et al.(33) Tomato (3 
classes)

C o n v o l u t i o n a l 
Neural Network 
(CNN).

Learning Rate: 
Not specified.
Optimizer: Adam.
Batch Size: Not 
specified.
Epochs: 50.

98,39 %. Convolutional neural 
networks enable 
accurate automated 
prediction of tomato 
plant diseases. This 
technology facilitates 
early detection, thereby 
avoiding substantial 
harvest costs and 
reducing the need for 
manual inspection.

A significant 
limitation of this 
approach is that 
training data can 
hinder the model’s 
ability to generalize, 
highlighting the 
need to resort to 
data augmentation 
t e c h n i q u e s 
to improve 
performance.

The objective 
of this research 
is to develop a 
c o m p r e h e n s i v e 
approach to the 
early detection 
and effective 
treatment of plant 
diseases, with a 
particular focus 
on leaf diseases 
affecting tomato 
crops. The objective 
is to enhance 
p r o d u c t i v i t y 
and ensure the 
production of high-
quality tomatoes, 
thereby increasing 
profitability.

Future research 
directions include the 
integration of real-
time disease detection 
systems into practices 
for the rapid treatment 
of diseased plants, 
the exploration of 
convolutional neural 
network (CNN) 
architectures and 
techniques, data 
augmentation, and 
the application of 
CNN models to detect 
diseases in different 
crops, with the aim of 
increasing agricultural 
productivity.

Attallah(37) Tomato (10 
classes)

-KNN (Knearest 
neighbor) +Fully 
connected layer 
(MobileNet +
ShuffleNet + 
ResNet-18) + hybrid 
FS.

Learning Rate: 
0,001.
O p t i m i z e r : 
s t o c h a s t i c 
gradient descent 
with momentum.
Batch Size: 10.
Epochs: 20.

99,92 % The advantage of the 
proposed pipeline lies 
in its CNN structures 
and feature selection, 
which simplifies the 
model compromising 
the high accuracy rates 
in tomato leaf diseases 
classification.

The study’s 
limitations are 
its reliance 
on laboratory 
data, which may 
limit real-world 
applicability, and 
the narrow focus on 
only three compact 
CNN architectures 
without exploring 
others.

The objective was to 
develop an accurate 
and robust deep 
learning pipeline 
for the automated 
detection and 
classification of 
tomatoes.

Explore the application 
of field data in real-
time disease detection 
and expand the pipeline 
for a greater variety 
of plant diseases for 
classification purposes.
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Borugadda et 
al.(38)

Tomato (10 
classes)

-Transfer learning 
with the VGG16 
architecture.
- Filter methods, 
P r i n c i p a l 
C o m p o n e n t s 
Analysis (PCA), and 
the Boruta feature 
selection method.

*For the VGG16:
- Learning Rate: 
0,0001
- Optimizer: 
S t o c h a s t i c 
Gradient Descent 
(SGD)
- Batch Size: 8.
- Epochs: 97
*For the Multi-
Layer Algorithm 
(MLA) such as 
Support Vector 
Classifier (SVC):
- C: 10
- Gamma: 0,0001.
- Kernel: rbf’.

95,79 % The new algorithm 
effectively solves 
problems such as 
overfitting and long 
training, thereby 
improving the 
diagnostic accuracy of 
leaf diseases of tomato 
plants.

Implementing multi-
level dimensional 
reduction techniques 
can be complex and 
resource-intensive, 
there is a risk of 
overfitting with high-
dimensional data.

This research 
explored the 
use of VGG16 
transfer learning 
for leaf disease 
c l a s s i f i c a t i o n . 
They aimed to 
optimize feature 
extraction using 
a dimensionality 
reduction algorithm 
to improve disease 
detection.

Future work could 
explore the scalability 
of the proposed model 
for larger datasets 
and investigate its 
generalizability to other 
plant species for disease 
classification.

Kaur et al.(39) Tomato (8 
classes)

- Modified 
InceptionResNet-V2 
(MIR-V2) with 
transfer learning

Learning Rate: 
0,0001.
Optimizer: Adam.
Batch Size: 32.
Epochs: 50.

98,92 %. -high accuracy in 
detecting tomato leaf 
diseases

The approach relies 
on deep learning 
techniques, which 
may require 
s u b s t a n t i a l 
computational

To develop an 
effective computer-
aided disease 
detection system for 
plant leaves.

Exploring the extension 
of this approach to 
other crop types and 
expanding the dataset 
could enhance disease 
detection accuracy.

Liu et al.(40) V a r i o u s : 
t o m a t o e s , 
p e p p e r s , 
potatoes… (15 
classes)

- Selective Kernel 
MobileNet (SK-
MobileNet)

Learning Rate: 
00,0001.
O p t i m i z e r : 
RMSProp with 
decay and 
momentum set 
at 0,8, and the 
Adam algorithm, 
with and set at 
0,9 and 0,999 
respectively.
Batch Size: 32.
Epochs: 50 for 
the model, with 
an early stop 
m e c h a n i s m 
selecting 100 
epochs.

99,28 % SK-MobileNet combines 
efficiency and accuracy 
in a model thus reducing 
costs and complexity.

C o m p l e x 
b a c k g r o u n d s 
decrease the 
accuracy of SK-
MobileNet and 
DCGAN. Additionally, 
the method requires 
a lot of calculations.

The research 
aims to improve 
the recognition 
of plant diseases 
by developing 
a lightweight 
adaptive network 
that uses deep 
transfer learning 
and convolution 
techniques.

Improve SK-MobileNet 
for robust disease 
detection in complex 
agricultural settings; 
focus on the scalability 
and generalization of 
the model.
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Nigam et al.(42) W h e a t 
( T r i t i c u m 
aestivum) (4 
classes)

E f f i c i e n t N e t , 
EfficientNet B4, 
VGG19, ResNet152, 
D e n s e N e t 1 6 9 , 
Incept ionNetV3, 
MobileNetV2.

Learning Rate: 
0,001.
Optimizer: Adam.
Batch Size: 32 for 
B0-B5 models, 8 
for B6-B7 models.
Epochs: Ranged 
from 15 to 25, 
with a maximum 
defined epoch of 
50

99,35 %. The model provides 
high-level wheat disease 
identification and 
actionable information 
for agricultural 
professionals, supported 
by an extensive set of 
innovative architecture.

Expertise and high-
performance GPUs 
are essential for this 
task, but limited 
resources cap the 
model’s size and 
scalability.

The study develops 
a transfer learning 
model to identify 
rust diseases of 
wheat, thereby 
contributing to 
deep learning for 
agricultural disease 
diagnosis.

The model identifies 
diseases of wheat rust. 
Future work aims to 
predict the severity 
of the optimized use 
of pesticides and the 
integration of mobile 
applications for field 
diagnosis.

Nayak et al.(41) Rice (Oryza 
sativa) (13 
classes)

DenseNet 201, 
E f f i c i e n t N e t B 0 , 
I n c e p t i o n V 3 , 
M o b i l e N e t , 
M o b i l e N e t V 2 , 
N A S N e t M o b i l e , 
ResNet 101, ResNet 
50, VGG16, VGG19, 
and Xception.

Learning Rate: 
Not specified.
Optimizer: Not 
specified.
Batch Size: Not 
specified.
Epochs: 50.

-DenseNet201 : 
98,03 %.

The research presents 
a cost-effective 
s m a r t p h o n e - b a s e d 
solution for immediate 
detection of diseases 
thereby improving 
accessibility for rural 
communities.

The effectiveness 
of the method 
is hampered by 
variable smartphone 
configurations, slow 
processing image 
segmentation, and 
insufficient training 
data for symptom 
detection.

The smartphone 
application for 
real-time detection 
of rice diseases 
and deficiencies 
targets intervention 
to improve crop 
health.

Optimize the application 
for various smartphones, 
expand plant analysis 
for health assessment 
and identify overlooked 
m i c r o n u t r i e n t 
deficiencies.

Bensaadi et 
al.(78)

Tomato (9 
classes)

C o n v o l u t i o n a l 
neural network 
(CNN).
Data augmentation,
Stochastic gradient 
descent (SGD) with 
momentum.

Learning Rate: 
η=7×10−1, η=7×10−3, 
η=7×10−4, and 
η=7×10−5.
O p t i m i z e r : 
S t o c h a s t i c 
Gradient Descent 
(SGD) algorithm 
with momentum.
Batch Size: Not 
specified.
Epochs: Not 
specified.

97,04 % The study proposes 
an inexpensive 
and complex CNN 
architecture for a faster 
online classification of 
diseases of the plant.

The study addresses 
overfitting in a plant 
disease classification 
model using data 
augmentation and 
h y p e r p a r a m e t e r 
tuning; however, 
the scalability of the 
model has not yet 
been tested.

The aim is creation 
of a machine 
learning tool 
for the precise 
identification of 
plant diseases 
of tomatoes for 
farmers.

Improve model 
scalability and disease 
coverage, for real-time 
use, and incorporate 
advances to improve the 
efficiency of agricultural 
deep learning.

Isnan et al.(79) Arbres, fruits 
et fleurs. (29 
classes

Transfer learning 
with pre-
trained CNN: 
E f f i c i e n t N e t B 0 , 
ResNet18, VGG19, 
and AlexNet

Learning Rate: 
0,0001.
Optimizer: Adam.
Batch Size: 16.
Epochs: 50.

EfficientNet-B0: 
82,55 %.

EfficientNet-B0 excels 
in agricultural crop 
classification thanks 
to its accuracy 
and computational 
efficiency ensured by 
transfer learning with 
minimal data.

The model had 
difficulty classifying 
crops within the 
same family due 
to their similar 
characteristics.

Research on transfer 
learning has explored 
crop classification 
in Indonesia, 
highlighting its 
limitations and 
the need for 
improvement to 
advance crop 
identification

Future research will 
explore sophisticated 
unsupervised algorithms 
(SwAV) that exchange 
assignments between 
multiple views, to 
improve the accuracy.
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Ramya et al.(80) Tomato (10 
classes)

-Deep transfer 
AlexNet CNN.
- B a t c h 
normalization

Learning Rate 
:0,001.
Optimizer: Adam.
Batch Size: Not 
specified.
Epochs: 15.

99,8 % The study uses deep 
learning techniques to 
accurately identify and 
categorize tomato leaf 
diseases. This approach 
allows us to obtain a 
high accuracy rate in 
disease detection.

This study could be 
limited by the need 
for a large volume 
of data to effectively 
train deep learning 
techniques. The 
accessibility of the 
data used could also 
be a problem.

The paper proposes 
a framework for 
continuous disease 
surveillance in 
agriculture using deep 
transfer learning. 
Thus, the objective 
is to identify plant 
diseases early to 
improve crop yield.

Future research could 
expand the application 
of learning models to 
encompass a wider 
variety of diseases in 
various crop species, 
while exploring detection 
and classification in 
real-time for wider 
agricultural use.

Shahoveisi et 
al.(81)

V a r i o u s : 
s u n f l o w e r, 
dry bean, and 
field pea. (3 
classes)

ResNet50, Xception, 
EF f i c i en tNe tB4 , 
MobileNet

Learning Rate: 
0,001. Optimizer: 
Adam, Stochastic 
Gradient Descent 
(SGD), Root 
Mean Square 
P r o p a g a t i o n 
( R M S p r o p ) , 
et Follow the 
R e g u l a r i z e d 
Leader (Ftrl).
Batch Size: 32.
Epochs :100.

94,29 % Deep learning models 
were evaluated for plant 
rust disease accuracy. 
This approach could 
lead to more precise 
control of diseases and 
a reduction in the use of 
pesticides.

This study highlights 
the need for large-
scale training data 
and sophisticated 
data equipment, 
which may limit its 
generalizability to 
other plant diseases.

The study aims 
to evaluate deep 
learning models for 
rust disease spraying 
and develop a 
practical solution for 
precision spraying 
using drones and 
handhelds.

Expand datasets: 
include various images 
(wheat, corn) to 
validate architectures 
and develop effective 
tools.
Explore transferability: 
study model performance 
in agricultural 
environments for real-
world use in precision 
agriculture.

Mimi et al.(82) Bright Eyes 
(Catharanthus 
roseus) and 
S t r a w b e r r y 
( F r a g a r i a 
×ananassa).

-Vanilla CNN model
-CNN-SVM hybrid 
model.
-MobileNetV2.
- T r a n s f e r 
learning and data 
augmentation.

Learning Rate: 
Not specified.
Optimizer: Not 
specified.
Batch Size: 64.
Epochs: 10.

97,35 % This research introduces 
a new set of data and 
Android applications 
for real-time health 
monitoring. The deep 
transfer learning 
model achieved high 
accuracy in disease 
identification, opening 
the door to automated 
disease detection.

The deep learning 
model for time-
based monitoring of 
plant diseases does 
not consider lighting 
variations or image 
quality. Additionally, 
an unbalanced 
distribution of classes 
in the dataset will 
affect the accuracy.

This study aims 
to develop a 
deep learning-
based computer 
vision system 
for automatic 
and efficient 
classification of 
diseased plant 
leaves

Investigate advanced 
deep learning models 
(ResNet, GoogLeNet, 
EfficientNet) and address 
class imbalance through 
resampling techniques 
to improve disease 
detection accuracy 
across diverse crops.

Zayani et al.(83) Tomato (3 
classes)

YOLOv8 (You Only 
Look Once version 
8),
 Data augmentation 
( m o s a i c 
augmentation)

Learning Rate: 
Not specified.
Optimizer: Not 
specified.
Batch Size: 3.
Epochs: 50.

66,67 % The YOLOv8 model has 
been demonstrated 
to offer enhanced 
efficiency and flexibility 
in detecting tomato 
diseases, with the 
potential to improve 
crop yields. The

The dataset is 
imbalanced and 
visually similar 
disease classes, 
along with 
limited diversity, 
make accurate 
c l a s s i f i c a t i o n

The utilization of 
YOLOv8, a deep-
l e a r n i n g - b a s e d 
convolutional neural 
network, facilitates 
the automation 
of tomato disease 
detection, thereby

Key strategies include 
using data augmentation 
to address imbalance, 
incorporating a healthy 
class for comparison, 
exploring alternative 
architectures like 
attention mechanisms, 
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model has been shown 
to exhibit efficient 
multiscale object 
detection, an anchor-
free approach that 
improves adaptability, 
and high precision in 
confident detections

challenging. The 
current accuracy of 
66,67 % highlights 
significant room for 
improvement.

enhancing crop 
yield and promoting 
s u s t a i n a b l e 
a g r i c u l t u r a l 
practices in Saudi 
Arabia.

and developing disease-
specific metrics.

2024

Zahra et al.(4) Apple & Grape 
(8 classes (4 
per fruit))

F r a m e w o r k : 
I n c e p t i o n -
ResNet-V2 (fine-
tuned), DnCNN, 
Top-Bottom Hat 
Filtering, Entropy-
based selection, 
Tree Growth 
Optimization, SVM
Data Augmentation: 
Horizontal/Vertical 
Flip Feature Fusion: 
Serial entropy 
threshold.

Learning rate: 
0,0001
Optimizer: SGD.
Momentum: 0,6
Minibatch size: 16
Epochs: 100

Apple: 99,4 %
Grape: 99,9 %

The system 
demonstrates high 
levels of accuracy, with 
automated disease 
detection and reduced 
computational time 
via feature selection. 
Furthermore, the 
incorporation of hybrid 
contrast enhancement 
has been shown to 
improve image quality

The fusion process 
has been shown 
to increase 
computational time, 
and thus requires 
the undertaking 
of preliminary 
p r o c e s s i n g 
steps, including, 
for example, 
augmentation and 
denoising.

The objective of this 
study is to employ a 
combination of deep 
learning, feature 
optimization and 
fusion to achieve 
the classification of 
diseases affecting 
apple and grape 
leaves.

The following techniques 
are worthy of note:
-Intelligent fusion 
techniques
- E n c o d e r - d e c o d e r 
networks for feature 
extraction
-Improved optimization 
algorithms.

Naqvi et al.(5) Apple (4 
classes)

- Hybrid contrast 
e n h a n c e m e n t 
(Bi-LSTM + Haze 
reduction)
- Custom CNN 
models (BRwSA, 
IBRwSA)
- Feature fusion + 
HLO optimization
- SWNN classifier + 
LIME.

- Learning rate: 
0,0002
- Optimizer: SGD.
- M o m e n t u m : 
0,702
- Mini-batch size: 
64
- epochs :100

94,8 % The following 
improvements have 
been implemented:
The enhancements have 
been designed to ensure 
enhanced accuracy 
in comparison to the 
SOTA (state of the art) 
benchmark, whilst 
concomitantly reducing 
the computational 
time required for post-
optimization analysis. 
The second of these 
enhancements is 
intended to facilitate 
interpretability via the 
use of LIME (Limited 
Instance Machine 
Learning).

- Feature fusion 
i n c r e a s e s 
computation time
- Inverted bottleneck 
may lose critical 
features.

Develop a deep 
learning framework 
for accurate and 
efficient leaf disease 
recognition

- Lightweight vision 
transformers
- Activation-based fusion
- Dataset combination 
for robustness testing.
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Cucumber (5 
classes)

- HLO (Human 
L e a r n i n g 
Optimization)
parameters: 10 
solutions, 100 
i n t e r a c t i o n s , 
validation ratio 
0,3
- Same as Apple 
for training.

94,9 % The enhanced disease 
contrast facilitates 
improved feature 
extraction, while the 
optimized feature 
selection process 
ensures a more efficient 
utilization of resources.

The dataset for 
cucumber is limited 
in size due to its 
private nature.

Address the 
c h a l l e n g e s 
associated with low-
contrast disease 
recognition and 
high parameter pre-
trained models.

The following objectives 
are to be pursued: The 
generalizability of the 
system needs to be 
improved. Exploration 
is to be undertaken of 
the use of lightweight 
a r c h i t e c t u r e . 
Additionally, there is a 
necessity to reduce the 
complexity of fusion.

Al-Gaashani et 
al.(84)

M u l t i p l e 
( T o m a t o , 
C o f f e e , 
Corn …) (18 
classes)

- MobileNetV2
- ResNet50V2
- Transfer Learning 
(TL)
- Gravitational 
Search Algorithm 
(GSA)
- MLR/KNN.

Not specified. - MLR + GSA: 99,2 
%

The advantages of this 
system are manifold. 
Primarily, evidence has 
demonstrated that it can 
reduce features by 50 
%. Secondly, it is highly 
accurate. Thirdly, it is 
both computationally 
efficient and capable 
of multi-level feature 
fusion.

-There is a risk of 
overfitting.
-The dataset is too 
homogeneous.
-There is a 
dependency on 
specific pre-trained 
models.
-The approach has 
not been tested on 
other plant species.

To develop a 
methodology for the 
early detection of 
plant diseases, with 
a view to enhancing 
food security. The 
proposed approach 
involves the 
i m p l e m e n t a t i o n 
of an automated, 
resource-efficient 
classification system.

The dataset should 
be expanded in both 
diversity and size. The 
efficacy of alternative 
pre-trained models 
should be tested. A range 
of feature selection 
methods should be 
explored. The model 
should be implemented 
in real-world agricultural 
settings.

Abdul Aziz et 
al.(85)

Rice (10 
classes)

- Convolutional 
Neural Network 
(CNN).
- Transfer Learning 
(EfficientNetB0).
- Data Augmentation
- 5-fold Cross-
Validation.

- Learning Rate: 
0,1 (adjusted per 
epoch)
- Optimizer: 
S t o c h a s t i c 
G r a d i e n t 
Descent (SGD). 
Momentum:0,9.
- Epochs: 100.
- Batch Size: Not 
specified.

98,86 % -It exhibits high 
accuracy and low error 
rate.
-It utilises parameters 
efficiently via 
EfficientNetB0.
-It reduces training 
time and computational 
resources with transfer 
learning.
-It handles dataset 
variability well.

-Relying on large, 
annotated datasets 
is suboptimal.
-The testing data is 
limited (5 % of the 
total dataset).
-The potential 
computational costs 
for deep models are 
not discussed.
-There is no explicit 
discussion of model 
interpretability.

to develop an 
automated rice leaf 
disease detection 
system using CNN 
( C o n v o l u t i o n a l 
Neural Network) 
and transfer 
learning to enhance 
the system’s 
accuracy, efficiency, 
and applicability 
in agricultural 
technology.

Future research will 
focus on:
-The implementation 
of the system in real 
automated systems is 
imperative.
-The study assumes 
that the concept under 
investigation should 
be extended to other 
cultures.
-The implementation of 
test procedures on larger 
and more diverse data 
sets is imperative.
-Integration of the system 
with mobile applications 
for use in the field is a 
crucial aspect that needs 
to be addressed.
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Shafik et al.(86) M u l t i p l e 
( T o m a t o , 
Maize, Apple, 
P o t a t o , 
Strawberry…) 
(15 classes)

The following are 
the algorithms under 
consideration:
-PDDNet-AE (Early 
Fusion)
-PDDNet-LVE (Lead 
Voting Ensemble)
-Nine pre-trained 
CNNs: DenseNet201, 
R e s N e t 1 0 1 , 
R e s N e t 5 0 , 
G o o g l e N e t , 
AlexNet, ResNet18, 
E f f i c i e n t N e t B 7 , 
N A S N e t M o b i l e , 
ConvNeXtSmall
-Logistic Regression 
(LR) classifier.

Learning rate: 
0,1–0,001.
- Optimizer: 
Adam.
- Batch size: 10–
100.
- Epochs: 10.
- Gradient 
threshold: 1
- Weight decay: 
0,0001.
- MB-SGD (Mini 
Batch Stochastic 
Gradient Descent) 
for optimization.

97,79 % Firstly, it is robust and 
generalizes well across 
diverse environments. 
Secondly, it is both 
c o m p u t a t i o n a l l y 
efficient and 
parsimonious in its use 
of parameters. Thirdly, 
it is capable of effective 
feature extraction using 
ensemble methods. 
Finally, it utilises 
natural background 
images (not controlled).

-The presence of 
c o m p u t a t i o n a l 
challenges on small 
devices has been 
noted.
-The presence of 
class imbalance in 
datasets (mitigated 
by selecting 15 
balanced classes) 
has been noted.
-There is a 
dependency on 
h y p e r p a r a m e t e r 
tuning, which is to 
be expected in this 
field.
-There is a limited 
capacity for real-
world testing in 
natural settings, 
which is a limitation 
of the current study 
and will require 
further investigation 
in future.

The objective of this 
study is to develop 
efficient models 
for the detection 
and classification 
of plant diseases. 
These models will 
be developed using 
transfer learning 
and ensemble 
methods, with a 
view to enhancing 
a g r i c u l t u r a l 
sustainability.

-The real-time collection 
of data and the detection 
of multiple objects 
(clusters of leaves)
-The development of 
mobile and web-based 
applications for field 
deployment
-The creation of 
lightweight models 
(quantization, vision 
transformers)
-The addressing 
complex backgrounds 
and the challenges of 
localization.

Bezabh et al.(87) Mango (6 
classes)

- Ensemble of 
GoogLeNet and 
VGG16-based CNN
- Segmentation: 
K-Means, Mask 
R-CNN
- Preprocessing: 
Image resizing, 
noise removal 
(GF, AMF), data 
augmentation
- Classification: CNN 
+ Softmax.

Learning rate: Not 
specified.
- Optimizer: Not 
specified.
- Batch Size: 64
- Epochs: 100.

99,21 % Primarily, it 
demonstrates a high 
level of classification 
accuracy. Secondly, it 
reduces computational 
complexity. Thirdly, it 
is effective in terms 
of segmentation (Mask 
R-CNN). Finally, it 
combines the strengths 
of GoogLeNet and 
VGG16.

-There is a possibility 
of overfitting due 
to the high level of 
accuracy.
-The methodology 
is limited to the 
identification of 
mango diseases (it is 
not generalizable).
-The methodology 
requires a labelled 
dataset and 
preprocessing.
-The real-time 
deployment of the 
methodology has not 
yet been tested.

The objective of 
this study is to 
utilize an ensemble 
CNN model for the 
classification of 
mango leaf and 
fruit diseases. 
This approach 
aims to facilitate 
early detection, 
thereby enhancing 
the efficacy of 
crop management 
practices.

-The expansion of the 
present research to 
encompass other plant 
diseases.
-The implementation of 
mobile-based real-time 
detection.
-The integration of 
hybrid classifiers 
(e.g. Support Vector 
Machines, Random 
Forests).
-The exploration of 
advanced segmentation 
techniques (e.g. deep 
learning.
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Gai et al.(88) Blueberry (2 
classes).

Enhanced YOLOv8 
algorithm that 
incorporates a 
transfer learning 
approach (TL-
YOLOv8).

- Initial Learning 
Rate: 0,01 
(freezing phase).
- Optimizer: Not 
specified.
M o m e n t u m : 
0,937.
- Confidence 
Threshold: 0,25.
- NMS Threshold: 
0,7.
- Batch Size: 16.
- Epochs: 300.

mAP50 of 94,1 % -The feature extraction 
process is enhanced 
via the use of 
MPCA (Multiplexed 
Coordinated Attention).
The training process is 
accelerated through the 
implementation of OREPA 
(Online Convolutional 
Reparameterization). 
The system demonstrates 
improved occlusion 
handling through the 
integration of MultiSEAM 
(Multi-scale Separation 
and Occlusion-Aware 
Module). The model 
is designed to be 
compact, suitable for 
deployment at the edge. 
The system exhibits 
high generalization 
capabilities using 
transfer learning.

-An increased 
c o m p u t a t i o n a l 
complexity from 
MPCA/MultiSEAM.
-A potential 
degradation in 
performance under 
varying lighting, 
weather, or seasonal 
conditions not 
included in the 
training data.

Enhance the 
accuracy of 
blueberry detection 
in complex 
a g r i c u l t u r a l 
e n v i r o n m e n t s , 
characterized by 
factors such as 
small size, dense 
distribution, leaf 
occlusion, and color 
similarity to leaves. 
This study employs 
an optimized 
YOLOv8 model and 
the strategy of 
transfer learning 
to achieve this 
objective.

P r o s p e c t i v e 
developments include 
the incorporation of 
additional lighting, 
weather and seasonal 
variations, and the 
exploration of model 
pruning for enhanced 
deployment on 
embedded systems.

Buchke et al.(89) Tomato leaves 
(10 classes)

EfficientNet-B3 with 
Transfer Learning.

- Learning Rate: 
Controlled via 
callbacks (not 
explicitly stated)
- Optimizer: Not 
specified.
- Batch Size: Not 
specified.
- Epochs: 12.

99,5 % with 
10000 images

Firstly, it is highly 
accurate, whilst 
requiring minimal 
hardware. Secondly, 
it makes efficient use 
of transfer learning 
and compound scaling. 
Thirdly, it is simple 
to implement, whilst 
reducing training time. 
Finally, it performs 
robustly across varying 
dataset sizes.

-The performance 
of the system is 
dependent on the 
size of the dataset.
-There is a limited 
exploration of the 
hyperparameters 
(e.g. optimizer, 
learning rate).
-There is a potential 
for overfitting to 
occur with smaller 
datasets.
-The resolution 
(200x200) may result 
in the loss of fine-
grained details.

to develop an 
EfficientNet-based 
model for the early 
detection and 
classification of 
tomato leaf diseases 
using transfer 
learning, with a 
view to improving 
precision agriculture 
practices.

The experimental 
exploration of diverse 
optimizers and learning 
rates to ascertain their 
respective efficacies. The 
investigation of datasets 
of augmented size and 
images of enhanced 
resolution to expand 
the scope of analysis. 
The assessment of the 
model’s resilience to real-
world conditions, thereby 
ensuring its practical 
applicability. The 
extension of the model 
to encompass other crops 
and diseases, fostering 
a comprehensive 
understanding of its 
generalisability.
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Vo et al.(90) Grape (4 
classes)

Transfer learning 
with ResNet50V2, 
R e s N e t 1 5 2 V 2 , 
M o b i l e N e t V 2 , 
X c e p t i o n , 
I n c e p t i o n V 3 ; 
H y p e r b a n d 
optimization.

L e a r n i n g 
Rate: 0,0001. 
O p t i m i z e r : 
Adamax. Batch 
Size: 32. 
Epochs: 30.

99,94 % The system has been 
demonstrated to 
achieve state-of-the-art 
accuracy. Furthermore, 
it employs transfer 
learning in an efficient 
manner, even when 
the available data 
is limited. Finally, 
Hyperband has been 
shown to reduce tuning 
time.

-The search 
for optimal 
hyperparameters 
is computationally 
intensive.
-There is a possibility 
of dataset bias 
(Kaggle-sourced).

to optimize the 
i d e n t i f i c a t i o n 
of grape leaf 
disease through 
the utilization of 
transfer learning 
and hyperparameter 
tuning.

It is recommended 
that future research 
endeavours encompass 
the exploration 
of additional 
h y p e r p a r a m e t e r s , 
such as weight decay, 
activation functions, 
and batch sizes, in 
addition to alternative 
optimization techniques.

Han et al.(91) L i g n e o u s 
plants (Cherry 
Apple, Citrus, 
Grape, Peach) 
(22 classes)

Hierarchical Vision 
Transformer (Swin 
Transformer) with 
Transfer Learning.

- Learning Rate: 
1e-4.
- Optimizer: 
Adam. 
 -Batch Size: 8.
- Depth 
( t r a n s f o r m e r 
blocks): 12
- Epochs: 100.

86,43 % -An improvement in 
accuracy
-A better handling 
of dispersed disease 
regions than CNNs
-A reduction in 
c o m p u t a t i o n a l 
complexity compared 
to the original Vision 
Transformer
-A reduction in training 
time thanks to transfer 
learning.

-The computational 
expense of the 
method in comparison 
with traditional CNNs 
is a notable issue. The 
dataset is imbalanced 
(unbalanced classes). 
A substantial amount 
of training data is 
required. The dataset 
is limited and there 
are issues with class 
imbalance.

To develop an 
a u t o m a t e d 
classification system 
for ligneous leaf 
diseases. This will 
be achieved by 
using a hierarchical 
Vision Transformer 
to improve accuracy 
and efficiency over 
existing methods.

It is recommended 
that future research 
should include the 
exploration of multi-
modal deep learning 
models. In addition, the 
issue of class imbalance 
should be addressed by 
collecting a more diverse 
set of samples. Finally, 
further optimization of 
transformer architectures 
is required to enhance 
their performance.

Radočaj et 
al.(92)

Tomato (6 
classes)

C o n v o l u t i o n a l 
Neural Networks 
(CNNs) with 
transfer learning. 
Pre-trained models: 
I n c e p t i o n V 3 , 
InceptionResNetV2, 
M o b i l e N e t V 2 , 
D e n s e N e t 2 0 1 . 
Proposed IncMB 
module (Inception 
module, Mish 
a c t i v a t i o n 
function, Batch 
n o r m a l i z a t i o n ) . 
Support Vector 
Machine (SVM) for 
comparison.

- Learning rate: 
A u t o m a t i c a l l y 
determined and 
adjusted during 
training.
- Optimizer: 
Adam.
- Batch size: 32.
- Epochs: 15 and 
30.

I n c e p t i o n V 3 
model, when 
utilizing the 
IncMB module, 
attains an 
accuracy of 
97,78 %.

-The ability to detect 
plant diseases at an 
early stage.
-Greater accuracy 
compared to traditional 
methods.
-A reduction in the time 
and labor required for 
disease detection.
-The potential for real-
time disease detection 
using mobile devices 
(MobileNetV2 with 
IncMB).

The model is 
c o m p u t a t i o n a l l y 
demanding and 
sensitive to non-
essential image 
features. Its 
accuracy is further 
limited by the small 
dataset size and the 
presence of diseases 
with overlapping 
symptoms, which 
can lead to 
misclassification.

To develop a 
versatile module 
(IncMB) for 
o p t i m i z i n g 
convolutional neural 
networks (CNNs) 
in the detection 
of tomato leaf 
diseases; and 
to compare the 
performance of 
CNNs, CNNs with 
support vector 
machines (SVMs), 
and CNNs with the 
IncMB module for 
the purpose of early 
disease detection.

-The dataset should be 
expanded to include 
a greater number of 
tomato diseases, as well 
as healthy leaves.
-The IncMB module 
should be tested on 
other plant disease 
datasets.
-The model should be 
optimized for faster 
processing and real-time 
applications.
-Hyperspectral imaging 
should be integrated for 
the early detection of 
diseases before visible 
symptoms appear.
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RESULTS 
The period from 2019 to 2024 saw transformative advancements in deep transfer learning for plant disease 

detection, with 59 reviewed studies demonstrating its efficacy across crops such as tomato, rice, and date palm. 
Hybrid architectures (e.g., CNN-RNN fusion) and lightweight models (e.g., SK-MobileNet) emerged as leading 
contenders, achieving accuracies of 78,80–99,92 % (table 1). It is noteworthy that models such as ResNet-101 
and InceptionV3 consistently exceeded 95 % accuracy for tomato diseases, while ensemble networks (e.g., 
Vallabhajosyula et al.(26) outperformed single-model approaches through feature concatenation.

Key challenges persist, including data scarcity, limited labelled datasets for rare diseases, high cost of 
labelling, and variability in plant disease manifestations across different environmental conditions. Computational 
demands, such as the training times for Faster R-CNN, and generalization gaps, like performance drops under 
variable lighting and backgrounds, also pose significant hurdles. Transfer learning has been demonstrated to 
reduce data dependency, with pre-trained models such as VGG16 and MobileNetV2 achieving over 90 % accuracy 
even on small datasets like 1200 date palm images. The integration of the Internet of Things (IoT), including 
sensor-RNN temporal analysis, has further enhanced early detection by capturing environmental correlations. 
Notable innovations include attention mechanisms (e.g., CBAM in Nawaz et al.) for localized disease features and 
data augmentation Jiang et al.(18) rainbow concatenation) to reduce overfitting. However, real-world scalability 
remains constrained by hardware limitations and the need for farmer-friendly interfaces.

Research underscores the potential of artificial intelligence, as efforts are focused on developing lightweight 
architectures (e.g., EfficientNet-B4 for mobile deployment) and multimodal fusion (e.g., spectral + visual data). 
These advancements position AI as a cornerstone for sustainable agriculture, offering rapid, precise diagnostics 
to safeguard global food systems.

DISCUSSION
As illustrated in figure 1, the IoT–CNN–RNN hybrid architecture developed for the purpose of early plant 

disease detection has been created. This framework integrates IoT-based environmental sensing with cloud-
based deep learning pipelines to capture spatial and temporal features for fused classification. The reviewed 
approaches demonstrate notable strengths, particularly the consistently high accuracy of CNN-based models, 
often exceeding 95 %, confirming the capacity of deep learning to extract discriminative spatial features from 
plant imagery. Transfer learning further enhances performance by reducing dependence on large, annotated 
datasets while maintaining robustness across disease categories. However, limitations persist, including over-
reliance on curated datasets such as PlantVillage, which lack real-world variability, computational burdens that 
restrict deployment in resource-constrained environments, and insufficient attention to early-stage and multi-
disease detection.

To address these gaps, emerging directions emphasize lightweight architecture, multimodal data integration, 
and improved environmental resilience. In this context, recent literature highlights the promising potential of 
IoT (Internet of Things)–AI fusion (figure 1) for early and continuous plant disease monitoring. Despite strong 
performance from existing deep learning models, early-stage disease detection remains insufficiently addressed. 
The hybrid CNN–RNN hybrid model architecture proposed in the literature synthesizes advancements in spatial–
temporal feature modelling and provides a roadmap for earlier and more accurate disease identification. This 
framework integrates IoT (Internet of Things)-enabled environmental monitoring—where sensors capture key 
parameters such as temperature and humidity, processed locally before wireless transmission to the cloud—with 
deep learning pipelines capable of fusing heterogeneous data sources. In the cloud, sensor streams are normalized 
and filtered, while plant images undergo preprocessing for feature extraction using a CNN, which captures visual 
disease indicators. Simultaneously, an RNN models temporal variations in environmental conditions, offering 
insight into evolving plant stress patterns. The fusion of CNN-derived spatial features and RNN-derived temporal 
signatures creates a comprehensive representation that can be classified using models such as SVM or Logistic 
Regression. This multimodal fusion leverages the strengths of both AI and IoT (Internet of Things), enhancing 
early detection capabilities and improving decision-making precision.

Core projects in IoT (Internet of Things)-enabled agriculture also emphasize the need for secure and reliable 
data management. Studies such as Mohy-Eddine et al. underscore concerns related to data integrity and 
propose blockchain-based solutions to reinforce trust in agricultural monitoring systems. Incorporating these 
considerations, the IoT (Internet of Things)–CNN–RNN hybrid model architecture not only enhances diagnostic 
accuracy but also promotes secure, scalable, and real-time agricultural intelligence aligned with emerging AI–
IoT (Internet of Things) paradigms.(46,47)

Following the synthesis of findings presented in table 1, refined future research directions include: (1) 
prioritizing hybrid architectures that exploit spatial–temporal dynamics for early detection; (2) developing large-
scale, diverse, multimodal datasets to address class imbalance and environmental variability; (3) advancing edge-
AI models for real-time, on-field diagnostics; (4) adopting explainable AI techniques to support transparency 
and user trust; (5) improving cross-domain generalization across crops and geographies; and (6) promoting 
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sustainable, resource-efficient AI solutions to democratize access for smallholder farmers. By addressing these 
priorities, AI-driven solutions can evolve into scalable and equitable tools for sustainable agriculture.

CONCLUSIONS
The application of deep transfer learning has led to substantial advancements in the field of plant disease 

classification. The utilization of these methodologies ensures the delivery of rapid and accurate diagnostics, a 
prerequisite for contemporary agricultural practices. The integration of IoT (Internet of Things)-based sensing 
with hybrid CNN–RNN hybrid model systems represents a promising future direction, combining environmental 
context and visual patterns for improved early detection. It is evident that further research is required to enhance 
the diversity of datasets, generalize models, enhance explainability, and facilitate lightweight deployment.
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