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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, Al-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 catastroficas que
comprometen la seguridad alimentaria y el bienestar nutricional. Esta revision examina de forma critica la
aplicacion del aprendizaje profundo por transferencia y las redes neuronales convolucionales (CNN) en la
clasificacion de enfermedades de las plantas, como las enfermedades de las hojas del tomate. Al sintetizar
los Ultimos avances en este campo, el articulo destaca como los modelos preentrenados, entrenados con
conjuntos de datos de imagenes a gran escala, pueden adaptarse para reconocer patrones especificos
de enfermedades en contextos agricolas. El debate abarca metodologias clave, como la integracion 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: fusion optima de informacion para el reconocimiento de enfermedades de las frutas».
Se ofrece un analisis critico 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 publicamente de imagenes etiquetadas de enfermedades de las plantas,
como PlantVillage. La revision subraya el potencial transformador de la automatizacion y la robdtica para
reducir la propagacion 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 investigacion actual y proponer
orientaciones para el futuro, este articulo pretende orientar el desarrollo de soluciones sostenibles basadas
en la inteligencia artificial para la productividad agricola.

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

INTRODUCTION

The impact of plant diseases on food security and agricultural efficiency is considerable.? 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 (Al)
technique,® 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.®, 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.® 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.®, 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.™ used deep learning techniques to achieve accurate classification of tomato diseases. These examples
highlight the transformative impact of Al in enabling farmers to identify diseases rapidly and reliably. The
integration of artificial intelligence (Al) 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.®? 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.? Using deep transfer learning, researchers' have developed Al models
capable of accurately detecting and classifying a range of plant diseases across different crops.? 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. 3

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 Al, 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.

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.(®

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.”

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.("®

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.® 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.@"

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

Thair A. Salih et al.?® 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.? 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.® 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.?® 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.® 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.?® 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.? 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.®? 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.®" 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.®? present a methodology for the effective identification of diseases affecting tomato leaves.
The approach utilizes GooglLeNet and VGG16 convolutional neural network (CNN) models, attaining noteworthy
accuracies of 99,23 % and 98 %, respectively.

Parvez et al.® present a deep-learning methodology to identify leaf diseases of tomatoes at an early stage.
Using convolutional neural networks, including GooglLeNet 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.®¥ 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.®® 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.®® 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.®” 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.®® 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.®®

Kaur et al.®” 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.“? 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.“" 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.“? 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.“® 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.“ 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.“ 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. “6:47)

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.“®

METHOD

The present review focuses on key aspects of research on the application of Al 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:
e Used ML or DL for plant disease classification.
e Reported on publicly available or well-documented datasets.
e Provided measurable outcomes, such as accuracy, precision, or recall.
e 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 (Al)-based solutions that can advance agricultural practices.

Part 2: CNN-RNN
Processing in Cloud

Part 1: IoT Data
Acquisition

Figure 1. 1oT-CNN-RNN Hybrid for Plant Disease Detection
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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.? 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 (loT), 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."® 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 Al as a cornerstone for sustainable agriculture, offering rapid, precise diagnostics
to safeguard global food systems.

DISCUSSION

As illustrated in figure 1, the loT-CNN-RNN hybrid architecture developed for the purpose of early plant
disease detection has been created. This framework integrates loT-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
loT (Internet of Things)-Al 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 loT (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 Al and loT (Internet of Things), enhancing
early detection capabilities and improving decision-making precision.

Core projects in loT (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 Al-
loT (Internet of Things) paradigms. “647)

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-
Al models for real-time, on-field diagnostics; (4) adopting explainable Al 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 Al solutions to democratize access for smallholder farmers. By addressing these
priorities, Al-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 loT (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.

BIBLIOGRAPHIC REFERENCES

1. Singh T, Kumar K, Bedi SSS. A review on artificial intelligence techniques for disease recognition in plants.
In: I0P Conference Series: Materials Science and Engineering. Vol. 1022. 0P Publishing; 2021:012032. https://
doi.org/10.1088/1757-899X/1022/1/012032

2. Jung M, Song JS, Shin AY, Choi B, Go S, Kwon SY, et al. Construction of deep learning-based disease
detection model in plants. Sci Rep. 2023;13(1):7331. https://doi.org/10.1038/s41598-023-34549-2

3. Oliveira RC de, Silva RD de S e. Artificial intelligence in agriculture: benefits, challenges, and trends. Appl
Sci. 2023;13(13):7405. https://doi.org/10.3390/app13137405

4. Zahra U, Khan MA, Alhaisoni M, Alasiry A, Marzougui M, Masood A. An Integrated Framework of Two-Stream
Deep Learning Models Optimal Information Fusion for Fruits Disease Recognition. IEEE J Sel Top Appl Earth Obs
Remote Sens. 2024;17:3038-52. https://doi.org/10.1109/JSTARS.2023.3339297

5. Naqvi SAF et al. Fruit and vegetable leaf disease recognition based on a novel custom convolutional neural
network and shallow classifier. Front Plant Sci. 2024;15. https://doi.org/10.3389/fpls.2024.1469685

6. Mkonyi L. Development of model for early identification of tomato plant damages caused by TUTA
ABSOLUTA. NM-AIST; 2021. https://doi.org/10.58694/20.500.12479/1345

7. Seth V, Paulus R, Kumar A. Tomato leaf diseases detection using deep learning—a review. In: Intelligent
Systems and Smart Infrastructure. 2023:118-31. https://doi.org/10.1201/9781003357346-14

8. Gu J, Wang Z, Kuen J, Ma L, Shahroudy A, Shuai B, et al. Recent advances in convolutional neural networks.
Pattern Recognit. 2018;77:354-77. http://arxiv.org/abs/1512.07108

9. Yamashita R, Nishio M, Do RKG, Togashi K. Convolutional neural networks: an overview and application in
radiology. Insights Imaging. 2018;9:611-29. https://doi.org/10.1007/s13244-018-0639-9

10. Halbouni A, Gunawan TS, Habaebi MH, Halbouni M, Kartiwi M, Ahmad R. CNN-LSTM: hybrid deep neural
network for network intrusion detection system. IEEE Access. 2022;10:99837-49. https://doi.org/10.1109/
ACCESS.2022.3206425

11. Wang N, Cheng M, Ning K. Overcoming regional limitations: transfer learning for cross-regional microbial-
based diagnosis of diseases. Gut. 2023;72(10):2004-6. https://doi.org/10.1136/gutjnl-2022-328216

12. Corceiro A, Alibabaei K, Assuncao E, Gaspar PD, Pereira N. Methods for detecting and classifying
weeds, diseases and fruits using Al to improve the sustainability of agricultural crops: a review. Processes.
2023;11(4):1263. https://doi.org/10.3390/pr11041263

13. Xu Z, Wu C. Combination of Transfer Deep Learning and Classical Machine Learning Models for Multi-View
Image Analysis. In: Computer Sciences & Mathematics Forum. Vol. 7. MDPI; 2023:13. https://doi.org/10.3390/
iocma2023-14401

14. Casella B, Chisari A, Battiato S, Giuffrida M. Transfer Learning via Test-time Neural Networks Aggregation.
In: Proceedings of the 17th International Joint Conference on Computer Vision, Imaging and Computer
Graphics Theory and Applications. SCITEPRESS - Science and Technology Publications; 2022:642-9. https://doi.
org/10.5220/0010907900003124

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


https://doi.org/10.56294/saludcyt20262598
https://doi.org/10.1088/1757-899X/1022/1/012032
https://doi.org/10.1088/1757-899X/1022/1/012032
https://doi.org/10.1038/s41598-023-34549-2
https://doi.org/10.3390/app13137405
https://doi.org/10.1109/JSTARS.2023.3339297
https://doi.org/10.3389/fpls.2024.1469685
https://doi.org/10.58694/20.500.12479/1345
https://doi.org/10.1201/9781003357346-14
http://arxiv.org/abs/1512.07108
https://doi.org/10.1007/s13244-018-0639-9
https://doi.org/10.1109/ACCESS.2022.3206425
https://doi.org/10.1109/ACCESS.2022.3206425
https://doi.org/10.1136/gutjnl-2022-328216
https://doi.org/10.3390/pr11041263
https://doi.org/10.3390/iocma2023-14401
https://doi.org/10.3390/iocma2023-14401
https://doi.org/10.5220/0010907900003124
https://doi.org/10.5220/0010907900003124

33 Hajraoui N, et al

15. NKE, MK, PP, RA, S V. Tomato Leaf Disease Detection using Convolutional Neural Network with Data
Augmentation. In: 2020 5th International Conference on Communication and Electronics Systems (ICCES). IEEE;
2020:1125-32. https://doi.org/10.1109/1CCES48766.2020.09138030

16. Ashok S, Kishore G, Rajesh V, Suchitra S, Sophia SG, Pavithra B. Tomato leaf disease detection using deep
learning techniques. In: 2020 5th International Conference on Communication and Electronics Systems (ICCES).
IEEE; 2020:979-83. https://doi.org/10.1109/1CCES48766.2020.9137986

17. Magsi A, Mahar JA, Razzaq MA, Gill SH. Date palm disease identification using features extraction and
deep learning approach. In: 2020 IEEE 23rd International Multitopic Conference (INMIC). IEEE; 2020:1-6. https://
doi.org/10.1109/INMIC50486.2020.9318158

18. Jiang P, Chen Y, Liu B, He D, Liang C. Real-time detection of apple leaf diseases using deep learning
approach based on improved convolutional neural networks. IEEE Access. 2019;7:59069-80. https://doi.
org/10.1109/ACCESS.2019.2914929

19. Wang Q, Qi F, Sun M, Qu J, Xue J. Identification of tomato disease types and detection of infected
areas based on deep convolutional neural networks and object detection techniques. Comput Intell Neurosci.
2019;2019:9142753. https://doi.org/10.1155/2019/9142753

20. Kumar A, Vani M. Image based tomato leaf disease detection. In: 2019 10th International Conference on
Computing, Communication and Networking Technologies (ICCCNT). IEEE; 2019:1-6. https://doi.org/10.1109/
ICCCNT45670.2019.8944692

21. Ozguven MM, Adem K. Automatic detection and classification of leaf spot disease in sugar beet using deep
learning algorithms. Physica A. 2019;535:122537. https://doi.org/10.1016/j.physa.2019.122537

22. Karthik R, Hariharan M, Anand S, Mathikshara P, Johnson A, Menaka R. Attention embedded residual
CNN for disease detection in tomato leaves. Appl Soft Comput. 2020;86:105933. https://doi.org/10.1016/j.
as0c.2019.105933

23. Salih TA. Deep learning convolution neural network to detect and classify tomato plant leaf diseases.
Open Access Libr J. 2020;7(05):1. https://doi.org/10.4236/0alib.1106296

24. Zhang Y, Song C, Zhang D. Deep learning-based object detection improvement for tomato disease. |IEEE
Access. 2020;8:56607-14. https://doi.org/10.1109/ACCESS.2020.2982456

25. Gangwar N, Tiwari D, Sharma A, Ashish M, Mittal A. Grape leaf disease classification using transfer learning.
Int Res J Eng Technol (IRJET). 2020. www.irjet.net

26. Vallabhajosyula S, Sistla V, Kolli VKK. Transfer learning-based deep ensemble neural network for plant
leaf disease detection. J Plant Dis Prot. 2022;129(3):545-58. https://doi.org/10.1007/s41348-021-00465-8

27. Aversano L, Bernardi ML, Cimitile M, lammarino M, Rondinella S. Tomato diseases classification based
on VGG and transfer learning. In: 2020 IEEE International Workshop on Metrology for Agriculture and Forestry
(MetroAgriFor). IEEE; 2020:129-33. https://doi.org/10.1109/MetroAgriFor50201.2020.9277626

28. Saleem MH, Potgieter J, Arif KM. Plant disease classification: A comparative evaluation of convolutional
neural networks and deep learning optimizers. Plants. 2020;9(10):1319. https://doi.org/10.3390/plants9101319

29. Nawaz M, Nazir T, Javed A, Masood M, Rashid J, Kim J, et al. A robust deep learning approach for tomato
plant leaf disease localization and classification. Sci Rep. 2022;12(1):18568. https://doi.org/10.1038/541598-
022-21498-5

30. Agarwal M, Singh A, Arjaria S, Sinha A, Gupta S. ToLeD: Tomato leaf disease detection using convolution
neural network. Procedia Comput Sci. 2020;167:293-301. https://doi.org/10.1016/j.procs.2020.03.225

31. Jeyalakshmi S, Radha R. CLASSIFICATION OF TOMATO DISEASES USING ENSEMBLE LEARNING. ICTACT J Soft
Comput. 2021;11(4). https://doi.org/10.21917/ijsc.2021.0343

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


https://doi.org/10.1109/ICCES48766.2020.09138030
https://doi.org/10.1109/ICCES48766.2020.9137986
https://doi.org/10.1109/INMIC50486.2020.9318158
https://doi.org/10.1109/INMIC50486.2020.9318158
https://doi.org/10.1109/ACCESS.2019.2914929
https://doi.org/10.1109/ACCESS.2019.2914929
https://doi.org/10.1155/2019/9142753
https://doi.org/10.1109/ICCCNT45670.2019.8944692
https://doi.org/10.1109/ICCCNT45670.2019.8944692
https://doi.org/10.1016/j.physa.2019.122537
https://doi.org/10.1016/j.asoc.2019.105933
https://doi.org/10.1016/j.asoc.2019.105933
https://doi.org/10.4236/oalib.1106296
https://doi.org/10.1109/ACCESS.2020.2982456
http://www.irjet.net
https://doi.org/10.1007/s41348-021-00465-8
https://doi.org/10.1109/MetroAgriFor50201.2020.9277626
https://doi.org/10.3390/plants9101319
https://doi.org/10.1038/s41598-022-21498-5
https://doi.org/10.1038/s41598-022-21498-5
https://doi.org/10.1016/j.procs.2020.03.225
https://doi.org/10.21917/ijsc.2021.0343
https://doi.org/10.56294/saludcyt20262598

Salud, Ciencia y Tecnologia. 2026; 6:2598 34

32. Kibriya H, Rafique R, Ahmad W, Adnan SM. Tomato leaf disease detection using convolution neural network.
In: 2021 International Bhurban Conference on Applied Sciences and Technologies (IBCAST). IEEE; 2021:346-51.
https://doi.org/10.1109/IBCAST51254.2021.9393311

33. Parvez S, Uddin MA, Islam MM, Bharman P, Talukder MA. Tomato leaf disease detection using convolutional
neural network. 2023. https://doi.org/10.21203/rs.3.rs-3505828/v1

34. Nagamani HS, Sarojadevi H. Tomato leaf disease detection using deep learning techniques. Int J Adv
Comput Sci Appl. 2022;13(1). https://doi.org/10.14569/1JACSA.2022.0130138

35. Al-gaashani MSAM, Shang F, Muthanna MSA, Khayyat M, El-Latif AAA. Tomato leaf disease classification
by exploiting transfer learning and feature concatenation. IET Image Process. 2022;16(3):913-25. https://doi.
org/10.1049/ipr2.12397

36. Lakshmanarao A, Supriya N, Arulmurugan A. Plant disease prediction using transfer learning techniques.
In: 2022 Second International Conference on Advances in Electrical, Computing, Communication and Sustainable
Technologies (ICAECT). IEEE; 2022:1-5. https://doi.org/10.1109/ICAECT54875.2022.9807956

37. Attallah O. Tomato leaf disease classification via compact convolutional neural networks with transfer
learning and feature selection. Horticulturae. 2023;9(2):149. https://doi.org/10.3390/horticulturae9020149

38. Borugadda P, Lakshmi R, Sahoo S. Transfer Learning VGG16 Model for Classification of Tomato Plant Leaf
Diseases: A Novel Approach for Multi-Level Dimensional Reduction. Pertanika J Sci Technol. 2023;31(2). https://
doi.org/10.47836/pjst.31.2.09

39. Kaur P, Harnal S, Gautam V, Singh MP, Singh SP. A novel transfer deep learning method for detection
and classification of plant leaf disease. J Ambient Intell Humaniz Comput. 2023;14(9):12407-24. https://doi.
org/10.1007/s12652-022-04331-9

40. Liu G, Peng J, El-Latif AAA. SK-MobileNet: a lightweight adaptive network based on complex deep transfer
learning for plant disease recognition. Arab J Sci Eng. 2023;48(2):1661-75. https://doi.org/10.1007/s13369-
022-06987-z

41. Nayak A, Chakraborty S, Swain DK. Application of smartphone-image processing and transfer learning for
rice disease and nutrient deficiency detection. Smart Agric Technol. 2023;4:100195. https://doi.org/10.1016/j.
atech.2023.100195

42. Nigam S, Jain R, Marwaha S, Arora A, Haque MA, Dheeraj A, et al. Deep transfer learning model for disease
identification in wheat crop. Ecol Inform. 2023;75:102068. https://doi.org/10.1016/j.ecoinf.2023.102068

43. Jiang H, Xue ZP, Guo Y. Research on plant leaf disease identification based on transfer learning algorithm.
In: Journal of Physics: Conference Series. Vol. 1576. I0P Publishing; 2020:012023. https://doi.org/10.1088/1742-
6596/1576/1/012023

44. El Massi |, Es-saady Y, El Yassa M, Mammass D. Combination of multiple classifiers for automatic recognition
of diseases and damages on plant leaves. Signal Image Video Process. 2021;15:789-96. https://doi.org/10.1007/
s11760-020-01797-y

45. Marino S, Beauseroy P, Smolarz A. Deep Learning-based Method for Classifying and Localizing Potato
Blemishes. ICPRAM. 2019;11996(1):107-17. https://doi.org/10.5220/0007350101070117

46. Thotho D, Macheso P. Comprehensive Survey on Applications of Internet of Things, Machine Learning
and Artificial Intelligence in Precision Agriculture. Tanzan J Eng Technol. 2023;42(4):30-45. https://doi.
org/10.52339/tjet.v42i4.922

47. Mohy-eddine M, Guezzaz A, Benkirane S, Azrour M. loT-enabled smart agriculture: security issues and

applications. In: The International Conference on Artificial Intelligence and Smart Environment. Cham: Springer
International Publishing; 2023:566-71. https://doi.org/10.1007/978-3-031-26254-8_82

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


https://doi.org/10.56294/saludcyt20262598
https://doi.org/10.1109/IBCAST51254.2021.9393311
https://doi.org/10.21203/rs.3.rs-3505828/v1
https://doi.org/10.14569/IJACSA.2022.0130138
https://doi.org/10.1049/ipr2.12397
https://doi.org/10.1049/ipr2.12397
https://doi.org/10.1109/ICAECT54875.2022.9807956
https://doi.org/10.3390/horticulturae9020149
https://doi.org/10.47836/pjst.31.2.09
https://doi.org/10.47836/pjst.31.2.09
https://doi.org/10.1007/s12652-022-04331-9
https://doi.org/10.1007/s12652-022-04331-9
https://doi.org/10.1007/s13369-022-06987-z
https://doi.org/10.1007/s13369-022-06987-z
https://doi.org/10.1016/j.atech.2023.100195
https://doi.org/10.1016/j.atech.2023.100195
https://doi.org/10.1016/j.ecoinf.2023.102068
https://doi.org/10.1088/1742-6596/1576/1/012023
https://doi.org/10.1088/1742-6596/1576/1/012023
https://doi.org/10.1007/s11760-020-01797-y
https://doi.org/10.1007/s11760-020-01797-y
https://doi.org/10.5220/0007350101070117
https://doi.org/10.52339/tjet.v42i4.922
https://doi.org/10.52339/tjet.v42i4.922
https://doi.org/10.1007/978-3-031-26254-8_82

35 Hajraoui N, et al

48. Javheri SK. AGRICULTURE AND ARTIFICIAL INTELLIGENCE: ANEW RESEARCH ERA. https://doi.org/10.56726/
IRIMETS45733

49. Mukti IZ, Biswas D. Transfer learning based plant diseases detection using ResNet50. In: 2019 4th
International conference on electrical information and communication technology (EICT). IEEE; 2019:1-6.
https://doi.org/10.1109/EICT48899.2019.9068805

50. Militante SV, Gerardo BD, Dionisio NV. Plant leaf detection and disease recognition using deep learning.
In: 2019 IEEE Eurasia conference on 10T, communication and engineering (ECICE). IEEE; 2019:579-82. https://
doi.org/10.1109/ECICE47484.2019.8942686

51. Hasan M, Tanawala B, Patel KJ. Deep learning precision farming: Tomato leaf disease detection by transfer
learning. In: Proceedings of 2nd international conference on advanced computing and software engineering
(ICACSE). 2019. https://doi.org/10.2139/ssrn.3349597

52. Francis M, Deisy C. Disease detection and classification in agricultural plants using convolutional neural
networks—a visual understanding. In: 2019 6th international conference on signal processing and integrated
networks (SPIN). IEEE; 2019:1063-8. https://doi.org/10.1109/SPIN.2019.8711701

53. Jakjoud F, Hatim A, Bouaddi A. Detection of diseases on tomato leaves based on Sub-Classifiers Fuzzy
Combination. Int J Innov Technol Explor Eng (IJITEE). 2019;2278-3075.

54. Coulibaly S, Kamsu-Foguem B, Kamissoko D, Traore D. Deep neural networks with transfer learning in
millet crop images. Comput Ind. 2019;108:115-20. https://doi.org/10.1016/j.compind.2019.02.003

55. Zhang T, Zhu X, Liu Y, Zhang K, Imran A. Deep learning based classification for tomato diseases recognition.
In: IOP Conference Series: Earth and Environmental Science. Vol. 474. IOP Publishing; 2020:032014. https://doi.
org/10.1088/1755-1315/474/3/032014

56. Mathulaprangsan S, et al. Rice diseases recognition using effective deep learning models. In: 2020
Joint International Conference on Digital Arts, Media and Technology with ECTI Northern Section Conference
on Electrical, Electronics, Computer and Telecommunications Engineering (ECTI DAMT & NCON). IEEE; 2020.
https://doi.org/10.1109/ECTIDAMTNCON48261.2020.9090709

57. Ouhami M, Es-Saady Y, El Hajji M, Hafiane A, Canals R, El Yassa M. Deep transfer learning models for
tomato disease detection. In: Image and Signal Processing: 9th International Conference, ICISP 2020, Proceedings
9. Springer International Publishing; 2020:65-73. https://doi.org/10.1007/978-3-030-51935-3_7

58. Chen J, Chen J, Zhang D, Sun Y, Nanehkaran YA. Using deep transfer learning for image-based plant disease
identification. Comput Electron Agric. 2020;173:105393. https://doi.org/10.1016/j.compag.2020.105393

59. Chen J, Zhang D, Nanehkaran YA, Li D. Detection of rice plant diseases based on deep transfer learning.
J Sci Food Agric. 2020;100(7):3246-56. https://doi.org/10.1002/jsfa.10365

60. Rosmala D, Anggara MRP, Sahat JP. Transfer learning with vgg16 and inceptionv3 model for classification
of potato leaf disease. J Theor Appl Inf Technol. 2021;99(2):279-92. https://www.]jatit.org

61. Wagle SA. A Deep Learning-Based Approach in Classification and Validation of Tomato Leaf Disease.
Traitement du Signal. 2021;38(3). https://doi.org/10.18280/ts.380317

62. Ashwinkumar S, Rajagopal S, Manimaran V, Jegajothi B. Automated plant leaf disease detection and
classification using optimal MobileNet based convolutional neural networks. Mater Today Proc. 2022;51:480-7.
https://doi.org/10.1016/j.matpr.2021.05.584

63. Wagle SA, Sampe J, Mohammad F, Ali SHM. Effect of Data Augmentation in the Classification and
Validation of Tomato Plant Disease with Deep Learning Methods. Traitement du Signal. 2021;38(6). https://doi.
org/10.18280/ts.380609

64. Hassan RJ, Abdulazeez AM. Plant Leaf Disease Detection by Using Different Classification Techniques:

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


https://doi.org/10.56726/IRJMETS45733
https://doi.org/10.56726/IRJMETS45733
https://doi.org/10.1109/EICT48899.2019.9068805
https://doi.org/10.1109/ECICE47484.2019.8942686
https://doi.org/10.1109/ECICE47484.2019.8942686
https://doi.org/10.2139/ssrn.3349597
https://doi.org/10.1109/SPIN.2019.8711701
https://doi.org/10.1016/j.compind.2019.02.003
https://doi.org/10.1088/1755-1315/474/3/032014
https://doi.org/10.1088/1755-1315/474/3/032014
https://doi.org/10.1109/ECTIDAMTNCON48261.2020.9090709
https://doi.org/10.1007/978-3-030-51935-3_7
https://doi.org/10.1016/j.compag.2020.105393
https://doi.org/10.1002/jsfa.10365
https://www.jatit.org
https://doi.org/10.18280/ts.380317
https://doi.org/10.1016/j.matpr.2021.05.584
https://doi.org/10.18280/ts.380609
https://doi.org/10.18280/ts.380609
https://doi.org/10.56294/saludcyt20262598

Salud, Ciencia y Tecnologia. 2026; 6:2598 36
Comparative. Asian J Res Comput Sci. 2021;8(4):1-11. https://doi.org/10.9734/ajrcos/2021/v8i430205

65. Abbas A, Jain S, Gour M, Vankudothu S. Tomato plant disease detection using transfer learning with C-GAN
synthetic images. Comput Electron Agric. 2021;187:106279. https://doi.org/10.1016/j.compag.2021.106279

66. Chowdhury MEH, Rahman T, Khandakar A, Ibtehaz N, Khan AU, Khan MS, et al. Tomato leaf diseases
detection using deep learning technique. Technol Agric. 2021;453. https://doi.org/10.5772/intechopen.97319

67. Wang X, Liu J. Tomato anomalies detection in greenhouse scenarios based on YOLO-Dense. Front Plant
Sci. 2021;12:634103. https://doi.org/10.3389/fpls.2021.634103

68. Feng L, Wu B, He Y, Zhang C. Hyperspectral imaging combined with deep transfer learning for rice disease
detection. Front Plant Sci. 2021;12:693521. https://doi.org/10.3389/fpls.2021.693521

69. Khasawneh N, Faouri E, Fraiwan M. Automatic detection of tomato diseases using deep transfer learning.
Appl Sci. 2022;12(17):8467. https://doi.org/10.3390/app12178467

70. Ahmed S, Hasan MB, Ahmed T, Sony MRK, Kabir MH. Less is more: Lighter and faster deep neural
architecture for tomato leaf disease classification. |IEEE Access. 2022;10:68868-84. https://doi.org/10.1109/
ACCESS.2022.3187203

71. Nguyen TH, Nguyen TN, Ngo BV. A VGG-19 model with transfer learning and image segmentation
for classification of tomato leaf disease. AgriEngineering. 2022;4(4):871-87. https://doi.org/10.3390/
agriengineering4040056

72. Al-Akkam RMJ, Altaei MSM. Plants leaf diseases detection using deep learning. Iraqi J Sci. 2022:801-16.
https://doi.org/10.24996/ijs.2022.63.2.34

73. Boutalline M, Tannouche A, Faouzi H, Ouanan H, Dargham M. Automatic Detection and Classification of
Apple Leaves Diseases Using MobileNet V2. Rev Intell Artif. 2022;36(5):745. https://doi.org/10.18280/ria.360512

74.ZhangL, Zhou G, LuC, Chen A, Wang, Li L, et al. MMDGAN: A fusion data augmentation method for tomato-
leaf disease identification. Appl Soft Comput. 2022;123:108969. https://doi.org/10.1016/j.asoc.2022.108969

75. Hajraoui N, Azrour M, El Allaoui A. Classification of diseases in tomato leaves with Deep Transfer Learning.
In: The International Conference on Artificial Intelligence and Smart Environment. Cham: Springer Nature
Switzerland; 2023:607-12. https://doi.org/10.56294/dm2023181

76. Hessane A, El Youssefi A, Farhaoui Y, Aghoutane B, Amounas F. A machine learning based framework for
a stage-wise classification of date palm white scale disease. Big Data Min Anal. 2023;6(3):263-72. https://doi.
org/10.26599/BDMA.2022.9020022

77. Ur Rehman MZ, Ahmed F, Khan MA, Tariq U, Jamal SS, Ahmad J, et al. Classification of Citrus Plant Diseases
Using Deep Transfer Learning. Comput Mater Contin. 2022;70(1). https://doi.org/10.32604/cmc.2022.019046

78. Bensaadi S, Louchene A. Low-cost convolutional neural network for tomato plant diseases classifiation.
IAES Int J Artif Intell. 2023;12(1):162. https://doi.org/10.11591/ijai.v12.i1.pp162-170

79. Isnan M, Hidayat AA, Pardamean B. Indonesian agricultural-crops classification using transfer learning
model. Procedia Comput Sci. 2023;227:128-36. https://doi.org/10.1016/j.procs.2023.10.510

80. Ramya R, Kumar P. High-performance deep transfer learning model with batch normalization based on
multiscale feature fusion for tomato plant disease identification and categorization. Environ Res Commun.
2023;5(12):125015. https://doi.org/10.1088/2515-7620/ace594

81. Shahoveisi F, Gorji HT, Shahabi S, Hosseinirad S, Markell S, Vasefi F. Application of image processing and

transfer learning for the detection of rust disease. Sci Rep. 2023;13(1):5133. https://doi.org/10.1038/s41598-
023-31942-9

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


https://doi.org/10.56294/saludcyt20262598
https://doi.org/10.9734/ajrcos/2021/v8i430205
https://doi.org/10.1016/j.compag.2021.106279
https://doi.org/10.5772/intechopen.97319
https://doi.org/10.3389/fpls.2021.634103
https://doi.org/10.3389/fpls.2021.693521
https://doi.org/10.1109/ACCESS.2022.3187203
https://doi.org/10.1109/ACCESS.2022.3187203
https://doi.org/10.3390/agriengineering4040056
https://doi.org/10.3390/agriengineering4040056
https://doi.org/10.24996/ijs.2022.63.2.34
https://doi.org/10.18280/ria.360512
https://doi.org/10.1016/j.asoc.2022.108969
https://doi.org/10.56294/dm2023181
https://doi.org/10.26599/BDMA.2022.9020022
https://doi.org/10.26599/BDMA.2022.9020022
https://doi.org/10.32604/cmc.2022.019046
https://doi.org/10.11591/ijai.v12.i1.pp162-170
https://doi.org/10.1016/j.procs.2023.10.510
https://doi.org/10.1088/2515-7620/ace594
https://doi.org/10.1038/s41598-023-31942-9
https://doi.org/10.1038/s41598-023-31942-9

37 Hajraoui N, et al

82. Mimi A, Zohura SFT, Ibrahim M, Haque RR, Farrok O, Jabid T, et al. Identifying selected diseases of
leaves using deep learning and transfer learning models. Mach Graph Vis. 2023;32(1). https://doi.org/10.22630/
MGV.2023.32.1.3

83. Zayani HM et al. Deep Learning for Tomato Disease Detection with YOLOv8. Eng Technol Appl Sci Res.
2024;14(2):13584-91. https://doi.org/10.48084/etasr.7064

84. Al-Gaashani MSAM et al. Deep transfer learning with gravitational search algorithm for enhanced plant
disease classification. Heliyon. 2024;10(7):e28967. https://doi.org/10.1016/j.heliyon.2024.e28967

85. Abdul Aziz AF, Sutikno T. Optimization of Convolutional Neural Network (CNN) Using Transfer Learning
for Disease Identification in Rice Leaf Images. J E-Komtek Elektro-Komput-Tek. 2024;8(2):504-15. https://doi.
org/10.37339/e-komtek.v8i2.2132

86. Shafik W, Tufail A, De Silva Liyanage C, Apong RAAHM. Using transfer learning-based plant disease
classification and detection for sustainable agriculture. BMC Plant Biol. 2024;24(1):136. https://doi.org/10.1186/
$12870-024-04825-y

87. Bezabh YA, Ayalew AM, Abuhayi BM, Demlie TN, Awoke EA, Mengistu TE. Classification of mango disease
using ensemble convolutional neural network. Smart Agric Technol. 2024;8:100476. https://doi.org/10.1016/].
atech.2024.100476

88. Gai R, Liu Y, Xu G. TL-YOLOvS: A Blueberry Fruit Detection Algorithm Based on Improved YOLOv8 and
Transfer Learning. IEEE Access. 2024;12:86378-90. https://doi.org/10.1109/ACCESS.2024.3416332

89. Buchke P, Mayuri AVR. Recognize and classify illnesses on tomato leaves using EfficientNet’s transfer
learning approach with different size dataset. Signal Image Video Process. 2024;18(Suppl 1):731-46. https://doi.
org/10.1007/s11760-024-03188-z

90. Vo HT, Mui KC, Thien NN, Tien PP, Le HL. Optimizing Grape Leaf Disease Identification Through Transfer
Learning and Hyperparameter Tuning. Int J Adv Comput Sci Appl. 2024;15(2). https://doi.org/10.14569/
[JACSA.2024.0150293

91. Han D, Guo C. Automatic classification of ligneous leaf diseases via hierarchical vision transformer and
transfer learning. Front Plant Sci. 2024;14:1328952. https://doi.org/10.3389/fpls.2023.1328952

92. Radocaj P, Radocaj D, Martinovi¢ G. Image-Based Leaf Disease Recognition Using Transfer Deep Learning
with a Novel Versatile Optimization Module. Big Data Cogn Comput. 2024;8(6). https://doi.org/10.3390/
bdcc8060052

FINANCING
The authors did not receive financing for the development of this research

CONFLICT OF INTEREST
The authors declare that there is no conflict of interest.

AUTHORSHIP CONTRIBUTION
Conceptualization: Noredine Hajraoui.
Data curation: Noredine Hajraoui, Mourade Azrour, Yousef Farhaoui, Ahmad El Allaoui.
Formal analysis: Noredine Hajraoui.
Research: Noredine Hajraoui.
Methodology: Noredine Hajraoui, Mourade Azrour, Yousef Farhaoui, Ahmad El Allaoui.
Project management: Noredine Hajraoui.
Resources: Noredine Hajraoui, Mourade Azrour, Yousef Farhaoui, Ahmad El Allaoui.
Software: Noredine Hajraoui.
Supervision: Mourade Azrour, Yousef Farhaoui, Ahmad ELl Allaoui.
Validation: Mourade Azrour, Yousef Farhaoui, Ahmad El Allaoui.
Display: Noredine Hajraoui.
Drafting - original draft: Noredine Hajraoui.
Writing - proofreading and editing: Noredine Hajraoui.

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


https://doi.org/10.22630/MGV.2023.32.1.3
https://doi.org/10.22630/MGV.2023.32.1.3
https://doi.org/10.48084/etasr.7064
https://doi.org/10.1016/j.heliyon.2024.e28967
https://doi.org/10.37339/e-komtek.v8i2.2132
https://doi.org/10.37339/e-komtek.v8i2.2132
https://doi.org/10.1186/s12870-024-04825-y
https://doi.org/10.1186/s12870-024-04825-y
https://doi.org/10.1016/j.atech.2024.100476
https://doi.org/10.1016/j.atech.2024.100476
https://doi.org/10.1109/ACCESS.2024.3416332
https://doi.org/10.1007/s11760-024-03188-z
https://doi.org/10.1007/s11760-024-03188-z
https://doi.org/10.14569/IJACSA.2024.0150293
https://doi.org/10.14569/IJACSA.2024.0150293
https://doi.org/10.3389/fpls.2023.1328952
https://doi.org/10.3390/bdcc8060052
https://doi.org/10.3390/bdcc8060052
https://doi.org/10.56294/saludcyt20262598

	Marcador 1
	_Hlk189965936
	_Hlk189266032

