Pre prints.org

Review Not peer-reviewed version

Review: Artificial Intelligence and Deep
Transfer Learning for Plant Disease
Detection and Classification

Noredine Hajraoui i , Mourade Azrour, Yousef Farhaoui , Ahmad El Allaoui

Posted Date: 17 September 2025
doi: 10.20944/preprints202509.1504 v1

Keywords: plant diseases; deep learning; transfer learning; convolutional neural networks (CNNs); disease
classification

Preprints.org is a free multidisciplinary platform providing preprint service
that is dedicated to making early versions of research outputs permanently
available and citable. Preprints posted at Preprints.org appear in Web of
Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This open access article is published under a Creative Commons CC BY 4.0
license, which permit the free download, distribution, and reuse, provided that the author
and preprint are cited in any reuse.



https://sciprofiles.com/profile/4127942
https://sciprofiles.com/profile/556795
https://sciprofiles.com/profile/3984158

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 17 September 2025 d0i:10.20944/preprints202509.1504.v1

Disclaimer/Publisher’'s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and
contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

Review

Review: Artificial Intelligence and Deep Transfer
Learning for Plant Disease Detection and
Classification

Noredine Hajraoui ¥, Mourade Azrour !, Yousef Farhaoui 2 and Ahmad El Allaoui 2

1 IMIA Laboratory, T-MSIA, Faculty of Sciences and Techniques of Errachidia, Moulay Ismail, University of
Meknes, Meknes, Morocco

2 IMIA Laboratory, T-IDMS, Faculty of Sciences and Techniques of Errachidia, Moulay Ismail, University of
Meknes, Meknes, Morocco

* Correspondence: n.hajraoui@edu.umi.ac.ma

Abstract

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

1. 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. [82],
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
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conventional supervised learning: (1) it mitigates the dependency on extensive labeled datasets —a
critical limitation in plant disease detection [2] and (2) it capitalizes on hierarchical feature
representations encoded in pre-trained networks, enhancing both computational efficiency and
diagnostic accuracy [3].

Several research studies have highlighted the effectiveness of deep transfer learning in the
classification of plant diseases. Building on this paradigm, Naqvi et al. [83] 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. [4], 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. [5] used deep learning techniques to achieve accurate classification of tomato diseases.
These examples underscore the transformative impact of Al in providing farmers with rapid and
reliable disease identification capabilities.

The integration of artificial intelligence (Al) with agriculture signifies the advent of a novel era
characterized by precision farming [3]. 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 [6,7].
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 [8].

Using deep transfer learning, researchers[9] have developed Al models capable of accurately
detecting and classifying a range of plant diseases across different crops [10]. 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 [2].
Furthermore, deep transfer learning provides an accessible and effective alternative to conventional
methods, making it a valuable tool for farmers with limited resources [11,12].

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.

2. Methodology

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,

non

IEEE Xplore, and SpringerLink. Search terms included combinations of "plant disease," "machine

"non "o "non "non

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:
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e 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.

e  Were peer-reviewed and published in reputable journals or conferences.

Exclusion Criteria Eliminated Studies That:

e Applied ML or DL techniques in non-agricultural domains.
e  Lacked experimental validation or reproducibility.
e 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 architectures employed.
Data Sources: The origin, size, and diversity of the datasets used.

Ll

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.

3. Comprehensive Survey on Classification and Detection Techniques for Plant
Leaf Diseases

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 on different datasets of images of healthy
and diseased plants, allowing them to detect subtle visual signs of disease. This article 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%. Utilising 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 utilised
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 [13].

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 [14].

Magsi et al. focused on identifying Sudden Decline Syndrome (SDS) in date palms at various
infection stages using a dataset of 1,200 leaf images. The researchers employed convolutional neural
networks (CNNs) alongside a hybrid feature extraction approach. For colour analysis, the images
were converted into the HSV colour space to enhance infection detection, while RGB analysis was
utilized for precise colour 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-
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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 [15].

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 [16].

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[17].

Akshay Kumar et al. proposed CNN-based architectures. In the proposed model, VGGNet
performed well and had an accuracy of 99.25% [18].

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 [19].

Karthik R.et al. proposed a methodology, namely the attention-based residual convolutional
neural network, which achieved a classification accuracy of 98% [20].

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 [21].

Yang Zhang et al. set out their approach for enhancing the Faster RCNN model with ResNet101
for the purpose of feature extraction. Utilising a dataset comprising 4,178 tomato leaf images,
categorised 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 [22].

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 [23].

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 [24].

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 [25].

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% [26].

Nawaz M. et al. proposed a powerful deep method called Faster-RCNN based on ResNet-34 to
address disease detection and classification of tomato leaves. This approach using the Convolutional
Block Attention Module (CBAM) achieves exceptional accuracy and mean average precision (mAP)
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scores on the PlantVillage Kaggle dataset. The proposed approach aims to replace manual disease
detection devices, providing a cost-efficient and automation-compatible solution [27].

Mohit Agarwal et al. Present an article that introduces a new method for 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% [28].

S. Jeyalakshmi and R. K. 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) [29].

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 [30].

Parvez et al. 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 6,926 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 [31].

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 [32].

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 [33].

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 [34].

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 [35].

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 an 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 [36].
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Kaur, Harnal, Gautam, Singh, and Singh 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 [37].

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 [38].

Nayak A. 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
2,259 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 [39].

Sapna Nigam et al. proposed an innovative approach to automatically detect major wheat rusts
using deep learning techniques. They prepared the WheatRust21 dataset, including 6,556 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 [40].

Han Jiang et al. aimed to identify plant disease species using a transfer learning algorithm
applied to a 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 [41].

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
52, in series. The system they proposed employs two variants of combination: serial and hybrid [42].

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 utilised 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% [43].

4. Review Table

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.
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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 studies of research.

Despite the satisfactory results yielded by existing models, they are deficient in terms of disease
detection at an early stage.The proposed hybrid CNN-RNN architecture synthesises advancements
in temporal-spatial feature fusion from extant literature [16,22,32,39], thus offering a roadmap for
early disease detection. The integration of the proposed architecture with the Internet of Things (IoT)-
enabled environmental monitoring aligns with emerging Al-IoT paradigms [44,46], which prioritise
scalable, real-time agricultural diagnostics Figure 1.

Part 2: CNN-RNN

Processing in Clond

Part 1: IoT Data
Acquisition

Figure 1. Proposed Hybrid DCNN architecture.

Part 1: IoT Data Acquisition
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This section focuses on data including temperature and humidity, collected by the system. The
data is processed by a microcontroller before being wirelessly to the cloud for storage. This direct and
continuous monitoring aligns with the advancements in the Internet of Things (IoT) for agriculture,
as discussed by D. Thotho and P. Macheso. They highlight the critical role of IoT in precision
agriculture for applications such as smart irrigation and environmental monitoring [44].

Part 2: CNN-RNN Processing in the Cloud

1. Data Preprocessing: In this phase, both the sensor data and the plant images are subjected to
preprocessing. It may be necessary to normalize or filter sensor data in order to ensure its
quality. Similarly, images must be prepared for deep learning analysis.

2. Feature Extraction: The convolutional neural network (CNN) is employed to analyze the
preprocessed images, with the objective of extracting spatial features that indicate the presence
of disease. The application of convolutional neural networks (CNNSs) for pattern recognition in
disease detection represents a crucial technology in precision agriculture, as observed by S. K.
Javheri, who underscores the significance of artificial intelligence (AI) in crop health monitoring
and disease detection [45].

3. Sequence Modeling: Recurrent neural networks (RNNs) process the continuous data from
sensors in order to capture temporal trends, which are crucial for understanding how plant
health changes over time. This step is of particular importance for the early detection of diseases,
which represents a central objective of the proposed architecture and is supported by the existing
literature on the application of Al in agriculture.

4. Feature Fusion and Classification: The features derived from the CNN and RNN are integrated
to create a comprehensive representation, which is then classified using models such as SVM
and Logistic Regression to determine the health status of the plant. This fusion exploits the
spatial-temporal data to achieve accurate early detection and classification, thereby enhancing
the precision of decision-making in agricultural contexts.

Core Projects and Literature Integration

The incorporation of the Internet of Things (IoT) for the continuous acquisition of environmental
data and the combination of convolutional neural networks (CNNs) and recurrent neural networks
(RNNs) for its subsequent processing represent a crucial step in the advancement of disease detection
capabilities in agriculture. In their review of IoT-enabled smart agriculture, Mohy-eddine et al. also
discuss the potential security concerns and highlight solutions such as blockchain for secure and
reliable agricultural data management [46]. This highlights the necessity for robust systems such as
the proposed hybrid CNN-RNN model, which not only detect diseases at an early stage but also
guarantee data integrity and security. By adopting this hybrid model, the agriculture sector can
capitalise on the advantages of both Al and IoT, achieving a higher level of precision in disease
detection and enhancing overall crop management strategies, which are crucial for the sustainability
and efficiency of modern agricultural practices.
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Plant type
(number of
classes)

Author

Model(s)/

Algorithms/ Hyperparameters Performance
Technique(s)/ /Accuracy
Methods

Disadvantages /

Challenges Objective

Advantages

Future Research Direction

INAR-SSD Learning Rate:
(Improved SSD 0.001.
(single-shot multibox Optimizer: SGD.

-The system is capable
of real-time detection
at high speed.

-It is also capable of
handling complex
backgrounds and
multiple diseases per

-The lower accuracy
observed in the
identification of
similar diseases is a
notable finding.

-It has been observed
that the system

The objective of
this study is to
develop a real-
time, high-
accuracy deep

image. learning model

-The system has been

The following
improvements are
proposed:

-The detection of visually
similar diseases is to be
improved.

-The performance on very

1 78.809 ing fi
Jiang et al. [16] Apple (5 detector) with Momentum :0.9. 8.80% mAP (.n.lean enhanced to improve struggles with for detecting five small lesions is to be
classes) . . Average Precision). . . common apple
Inception modules  Batch Size:32. small-object detection extremely small leaf diseases. The enhanced.
and Rainbow Epochs: Not via Inception and lesions or noisy model will a'i d -The speed for real-time
concatenation) specified. Rainbow backgrounds. arlv diaenosi field applications is to be
concatenation. -Additionally, its € dy' Ehosts optimised.
-Robust data performance lags that ani:fﬁg:;;e -The scope is to be
augmentation has of standard SSD %O ductivit expanded to other crops or
been employed to technology. P Y diseases.
reduce the risk of
overfitting.
The Transfer Learning The main Future studies could
Learning Rate: Not approach enabled the The study does not objective was to exp101.~e the possibility c.)f
specified development of a delve into the developa CNN  studying transfer learning
Mukti et Biswas ~ Various (38 ResNet50, VGG16, g timizér' SGD.  99.80% dee CIID\IN network  challenges of real- model based on  architectures or combining
[47] classes). VGG19, AlexNet P ) ’ o P & transfer learning them with data

Batch Size: 32.
Epochs: 25.

cost-effectively for
precise plant disease
identification.

world deployment or

. for the accurate
scalability.

identification of
plant diseases.

augmentation strategies to
further improve the model's
performance.
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R-CNN with four

Learning Rate: Not

The model can

Develop a system

for precise Explore incorporating more

Deep Convolutional specified. . . . identification of ~ diverse datasets and
Neural Networks Optimizer: Not accurately identify - - May require large types of tomato otentially other object
Tomato (11 o ) 99.64% mAP (mean diseases and infected amounts of labeled yP P 1ty t OB
Wang et al. [17] (VGG-16, ResNet-50, specified. . . . diseases and detection techniques for
classes). . Average Precision). areas, thus enabling  data for training the . .
ResNet-101, and Batch Size: Not . segmentation of enhanced disease
) . timely treatment and models. . . e
MobileNet) specified. . infected areas identification and
prevention measures. . .
Epochs: 500. using deep segmentation.
learning.
-Test the system with a
larger and more diverse
L i :
earning Rate VGCNet creates a f:lataset of jcomato le.af
0.0005. The proposed model, . . . -Develop a systemimages to improve its
. time issue as it takes . S
Tomato (10 CNN-based Momentum:0.9, despite some low more time to train for detecting generalizability and
Kumar et Vani [18] . Decay:0.0005. 99.25%. losses, was able to . tomato leaf robustness.

classes). architectures. Lo . and requires . .

Optimizer: Adam. maximize the o diseases through - Exploring other transfer

. sophisticated . . . .
Batch Size: 30. accuracy. . image analysis.  learning techniques to
hardware to train. .

Epochs: 30. improve the accuracy and
efficiency of disease
detection.

Help farmers
The model provided a The dataset and detect and
. accurately
highly accurate and ~ model have .
. . o recognize plant
effective solution for limitations on diseases in Research could focus on
Various: apple, -CNN with Adam the early detection generalizability, due

Militante et al. [48]

corn, grapes,
potato, sugar

optimizer using a
categorical cross-

Learning Rate: Not
specified.
Optimizer: Adam.

96.5% in training.

and identification of
multiple plant

various plant
varieties to
improve disease

expanding the data to other
plants, testing different
CNN architectures,

to being tested on a
limited number of

cane, and entropy loss function. . 100% in testing. diseases, which plant varieties and . L
. Batch Size: 32. . . . management by learning, and optimizers to
tomato. (32 -Data augmentations facilitates effective diseases. Unseen - .
. Epochs: 75. . . reducing chemical improve performance and
classes) techniques. disease management disease and real- . .
. interventions, the model.
and helps reduce the world variability also .
. . using deep
use of harmful negatively impact 8
. learning
chemicals. model performance. .
techniques,
specifically CNNs.
Learning Rate: Not The Faster R- The sensitivity values Develop a method To conduct further studi
Ozguven et Adem Sugar beet (4 Modified Faster R- s e:ciﬁec? e 95.48% moedel 51;’125 a h(ij\lllljr of tehsee :0 ode - b;sefi(;rr)l cleee ’ u(s)irclo deiC lf:arnien S
. B o
[19] classes). CNN architecture, a P & prop p & deep &

Optimizer: SGD,

accuracy rate in

approach were lower learning for algorithms trained with a
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deep learning model
for object detection.

Momentum;0.85,
Decay:0.001.
Batch Size: The
heap size for
training was set to
64.

Epochs: 150.00.

detecting leaf spot than the specificity
disease in sugar beet values, indicating a
compared to previous slight imbalance in
methods, thus the detection and
providing a means of classification.
effective accurate

diagnosis of disease in

large production

areas.

automatic disease larger amount of data to
detection of leaf
spots in sugar
beet leaves,
contributing to
imaging-based
expert systems for
disease detection
in agriculture.

improve the accuracy of
detection of sugar beet
leaves.

Learning Rate: Not

Transfer learning of
the Inception model
leverages pre-trained

The dataset
comprises images

from the internet and using drones for

Implement a
precision
agriculture system

specified. features to optimize local farms. which  the detection of To explore real-time disease
Tomato leaves Transfer learning Optimizer: Not the training of n(iza ir?trocslhvcve ¢ leaef deisoescasZs © severity assessment based
Hasan et al. [49] with an inception specified. 99% convolutional neural y - B on infection levels using the
(3 classes) . variability due to The system aims 7.
model. Batch Size: Not networks (CNN) for . C . same drone-based precision
specified tomato leaf different lighting to effectively farming system
P : L conditions, identify areas of &5y ’
Epochs: 250. classification, .
reducing data and backgrounds, and  disease
computational effort quality. prevalence on the
P ) farm.
The main
bjective of th
. The CNN model © ]'e ¢ n're orthe
Learning Rate: Not . . article is to
specified automatically Training a CNN explore different Researchers could explore
Apple and Convolutional CI):’ timizér' Adam identifies and stores model from scratch leai'nin transfer learning techniques
Francis et Deisy PP Neural Network P . ’ features in the trainingcan be a tedious . 8 to improve model
Tomato (2 . Batch Size: Not  88.7% architectures and
[50] classes) (CNN) architecture. specified dataset, thereby process compared to their applications performance on other plant
Ep ochs: 8 000 avoiding the need for existing deep- ina riEElture species to study multiclass
_POCS: manually designed  learning models. 5 S disease classification.
iterations. features particularly in the
' classification of
plant diseases.
Learnine Rate: Deep learnin - Building pixel- -To efficiently - Focus on enhancing the
-CNN models: 5 ) P s labeled data sets classify and locate localization accuracy of
Global rate:0.0001. methods . . . . . . .
. Potatoes (6 AlexNet, ) ) o . . using deep learning imperfectionsin potato blemishes using
Marino et al. [43] New fully F1-score of 94%. automatically find . .
classes) VGG-16, and . methods can be potatoes using advanced deep learning
connected layer representations for ) . . .
GoogLeNet. . laborious and time- deep learning architectures or
rate: 0.002. classification tasks

consuming.

techniques. incorporating multi-modal
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Jakjoud et al. [51]

-An SVM classifier ~ Optimizer: without the need for -Difficulty in -Automate quality data for improved
was used to classify = Stochastic Gradient manual features. designing a feature  control of classification performance.
the data further. Descent (SGD). extractor for each potatoes to -Investigate multi-modal
Momentum :0.9. pattern. overcome fusion (e.g., combining
Batch Size: 10. subjectivity and  visual and spectral
Epochs: 100. high labor costs. information) for improved
potato blemish detection
and classification.
-The objective of
the study is to
. - The use of KNN is its~ SVM may face. develop a capable
Learning Rate: Not hyperplane tuning  of detecting

-Support Vector

Machine (SVM) and
K-Nearest Neighbors
Tomato (2 (KNN).
classes)

-Co-occurrence
matrix for extracting
14 Haralick features.

specified. KNN with Fuzzy
Optimizer: Not ..
specified Decision Maker:
Batch Size: Not 98':.)’8 A).On the

o validation set.
specified.
Epochs: Not
specified.

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

issues due to the anomalies in

dependency between leaves to improve

parameters. agricultural
- The study does not productivity.
explore multiclass ~ -Automatically

classification beyond identify plant
normal leave and sick diseases, avoiding
significant
agricultural
losses.

leave.

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. [52]

Pearl millet (2 Transfer learning
classes) with VGG1e.

Learning Rate: 1 e-
4.

Optimizer:
Stochastic 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.

- The objective is
to improve the
identification of
diseases in millet
crops using
advanced deep-
learning
techniques.

-To detect mildew
disease in various
crops and
integrate the
solution into
digital devices for
farmers to

- Deep learning
algorithms may
require datasets and
computing resources
for training.

- Manually
generating labeled
data for small
datasets can be
difficult and
expensive.

- Explore the application of
transfer learning and deep
neural networks for disease
detection in a broader range
of crops beyond millet,
such as cotton and potatoes,
to support smart farming
initiatives.

-Enhancing transfer
learning techniques for
even better disease
detection in millet crops.
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identify plant

diseases.
Learning Rate:
0.001 (decays by

To effectivel
0.1x after 12 o effectively

The model provides  The model effectively identify various The future research

hs).
epoc S.) Validation Accuracy state-of-the-art results, mitigates the risk of tomato diseases  direction includes studying
Tomato (18 Optimizer: Adam. o . . - . . . - o
Zhang Tao [53] classes) SE-ResNet Batch Size: 32 = 88.83%. demonstrating high  overfitting, although and their severity disease identification
o accuracy and this is not explicitly using deep methods when multiple
Epochs: Early . . .
. robustness. stated. learning diseases coexist.
stopping approaches
(patience=12 PP '
epochs).
-The duration of
The merits of this training is extensive. L
. . The application of
. system include the  -The resolution of
Learning Rate: ability to recognize  inputimagesisa modern
Initial rate: 0.001, 4 & P & techniques, in Further, it improves the
and detect problems matter of some . -
. reduced by a factor . ; . particular accuracy of classification by
Convolutional . in a short time, as well complexity. . .
. Tomato (6 of 0.5 during . convolutional addressing the challenges
Salih et al. [21] Neural Network . 96.43% as the capacity to -The common . .
classes) training. . . . . . . networks, is posed by the similarity of
(CNN) .. identify plant diseases diseases infecting . . .
Optimizer: Adam. . crucial for the common diseases in tomato
. at an early stage. This, tomato plants are .
Batch Size: 64. . . .. . early detection of plants.
in turn, results in similar, which poses . .
Epochs: 10. . . diseases in tomato
improved production a challenge to
. plants.
and better quality. accurate
classification.
-The detection rate is -The most recent To develop a deep -Implementation for real-
higher than thatof =~ CNN technique for learning model time field applications.
Learning Rate: Not existing methods. prior results has not for automated -Expansion to encompass
. specified. -The number of been discussed. disease detection other crops or multi-disease
Attention Embedded .. . . .
based Residual Optimizer: Adam parameters is reduced -There has beenno  in tomato leaves. detection.
. Tomato (4 . (Adaptive Moment (600K vs. millions in  discussion about real- The model will be -Optimization for edge
Karthik R.et al. [20] Convolutional Y 98% .. . . .
classes) Estimation). existing architectures). time deployment or both devices (e.g., drones,
Neural Network . . . . . -
Batch Size: Not -The method is computational computationally mobile applications).
(ResCNN) o . . . . .
specified. extensible to any inputefficiency. efficient and -Addressing class
Epochs: 150. size. The training process accurate, and it imbalance in datasets.
-The attention requires substantial ~will be based on -Investigate enhancing the
mechanism improves resources, requiring a an attention- attention-based
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feature weighting and duration of 10 hours

contextual learning.  on an NVIDIA Tesla
P100 GPU.
Furthermore, the
augmented data
dependency has the
potential to result in
overfitting.

embedded
residual CNN.

mechanisms to improve
disease detection accuracy.

Learning Rate:

-The complexity of
The DenseNet deep learning models
architecture effectively requires significant

Create a full-field
rice disease image
dataset and apply Focus on improving and

0.0001. deals with the issue of resources.
ResNet50, ResNet101, .. . . efficient deep scalability of deep learning
Mathulaprangsan _. Optimizer: Not fading gradients, - The general CNN .
Rice (5 classes) DenseNet161, and ipe 95.74% ; s learning models models for broader
et al. [54] specified. allowing the network models had difficulty : . ..
DenseNet169 . L. to classify agricultural applications
Batch Size: 64. to be more parameter- functioning properly devastatin bevond rice diseases
Epochs: 15. efficient and achieve due to the high level . 5 y
. e diseases of rice
high performance. of detail in rice Thailand
disease images.
-Facilitation of early To develop a
disease detection. system capable of
. “The dataset size and >\ P
-Integration of the . . detecting tomato .
. diversity have not . . -Extension to other
Discrete Wavelet o leaf diseases in . s
been specified. . algorithms (e.g. artificial
Transform (DWT) and their early stages
-No hyperparameter | neural networks, fuzzy
the Gray Level Co- . using .
. . . details have been . logic)
-Convolutional Learning Rate: Not occurrence Matrix . convolutional .
e provided. -Implementation of real-
Neural Network specified. (GLCM) to ensure the Limited real-time neural networks time applications
(CNN). Optimizer: Not extraction of robust . (CNNs) and . PP .
. o testing has been ) . -improvement of disease
Tomato (4 -DWT (Discrete specified. features. ) image processing ..
Ashok et al. [14] . 98,12% .. mentioned. . categorization
classes) Wavelet Transform) Batch Size: Not -Offers efficient techniques, .
e . -A greater number of . . . -Testing on larger and more
and GLCM (Gray specified. computational . . including discrete .
samples is required diverse datasets
Level Co-occurrence Epochs: Not performance and the ; wavelet transform . .
. o . for broader disease -Exploration of different
Matrix). specified. potential to automate oL (DWT) and gray . .
classification. deep-learning architectures
the process, thereby . level co- . ;
et s -A large dataset is . or incorporation of data to
facilitating faster and necessary to occurrence matrix improve the accuracy of
more consistent y (GLCM), to assist P y

effectively train the

disease detection.

disease identification farmers in

. . model. . .

in comparison to implementing
manual methods. preventative
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measures. The
proposed
approach employs
deep learning
techniques for the
purpose of disease
detection in
tomato leaves.

-This process requires
High accuracy (97%) advanced

Th jecti f
of the multi-class configuration, e objective o

this study is to
utilize deep
learning as a tool

-The model should be
extended to encompass

disease detectionisa including high-end
notable strength of the hardware such as the

. . system. Transfer NVIDIA GTX 1050 Ti o other crops, such as apples,
Convolutional neural Learning Rate: . to facilitate .
learning has been GPU and 16GB of . potatoes and aubergines.
networks for 0.001. farmers in the
classification and Optimizer: Adam employed to reduce RAM. timely -Hyperparameters should
Nithish kannan et Tomato crop (6 data auementation Momentur;r 01 ’ 979 the time taken for -It should be noted identification of be optimized to reduce the
al. [13] classes) 18 . ’ training, while data  that the training . time taken for training.
techniques to Batch Size: Not . . . six tomato leaf .
.. o augmentation has process is extensive | -Hardware efficiency
augment the training specified. . ., diseases, .
dataset (Resnet50).  Epochs: 20 been implemented to due to the complexity contributing to should be improved for
' T prevent overfitting.  of ResNet-50. & deployment in settings
the enhancement
The system also -Furthermore, the of their where resources are
generalizes well to system is constrained = . limited.
. . e . agricultural
diverse leaf to the identification ractices
conditions. of only six tomato P '
diseases.
- Future research could
The approach ma focus on using more
Learning Rate: Not > approac Y To improve the  sophisticated deep learning
o require significant .
specified. The proposed . accuracy of techniques and data
Optimizer: Not technique for disease computing resources tomato disease  enlargement to achieve
Faster RCNN-res101 ) d and extensive &
Zhang et al. [22] Tomato (5 with specified. 98.54% mAP detection trainine to achieve identification and greater accuracy in
8 ' classes) . Batch Size: Not R demonstrates faster ;6 position detection detecting and classifying
k-means clustering. specified d . optimal results. . .
pecified. etection speed than . using deep plant diseases.
Epochs: N .. _ - The given image ’ i - .
pochs: Not the original R-CNN. . learning Explore the integration of
. reveals the detection . ..
specified. . techniques. additional data sources to
of a disease on a leaf. . . .
improve disease detection
accuracy.
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Transfer learning

Learning Rate: Not
specified.

with the Inceptionv3 Optimizer: Not

Gangwar et al. [23] Grape Crops (4 model followed by

specified. 99.49%

-Transfer learning
allows leveraging pre-
trained models,
reducing training time
and resource
requirements.

-The automated

- The approach does

not include the - The objective is
location of the to develop a
diseases on the vine solution for the

leaves, which limits classification of

- Future research could
explore segmentation
techniques to improve
disease localization on
grape leaves.

- Learn how these recent

classes) classifiers like logistic Batch Size: Not the analysis. vine diseases .
. o system enables . CNN architectures can be
regression, SVM, and specified. . - Dependence on the using transfer ) ”
accurate effective - > applied to specific tasks
neural networks. Epochs: Not . quality and relevance learning and .
o detection of grape . . ... such as plant disease
specified. . of the pre-trained various classifiers. .
diseases, thereby model detection and further
facilitating timely improve their performance.
treatment efforts.
-To provide
-The proposed
prop -The study may be  practice for
method offers an A
.. faced with limitations farmers to detect
original approach to . .. -Researchers could explore
. in generalizing the  and control . .
effectively manage . . hybrid architectures
. . ; results to different  diseases of tomato .. .
Learning Rate: diseases in tomato . combining them with other
. . environmental or plants, thereby
Convolutional 0.001. crops through image . . . . types of neural networks
Tomato (10 . . disease conditions  improving crop
Agarwal et al. [28] Neural Network Momentum :0.999. 91,2% analysis, potentially . . . for better performance.
classes) . . outside of the dataset quality and yield. . )
(CNN) Batch Size: 64. helping farmers -Explore the integration of
used. -Detect and . . .
Epochs: 1000. manage them . . . _real-time disease detection
-Deep learning predict diseases in .
promptly. systems using CNN for
. models can be tomato plant ; .S
-The model provides ) . field application.
. computationally leaves using a
accurate and efficient . .
. . N intensive. deep learning-
disease identification.
based approach.
-Image processing  The main
Learning Rate: Not The system has may be objective of the
specified. achieved accuracy computationally research wasto  The authors could explore
-Convolutional Optimizer: Not rates in identifying  intensive and develop an transfer learning to enhance
Palm (4 Neural Networks specified. disease of date palm, resource-consuming. automatic disease disease identification
Magsi et al. [15] (CNN). Batch Size: Not 89,4% in advanced stages, - The early stages of identification accuracy or investigate the
classes(stages) . . o . o L . .
-Texture and color  specified. which can facilitate  identification showed system for the impact of different

extraction methods.

Epochs: stopped at
epoch 6 (out of a
maximum of 1000).

timely intervention
and disease
management.

lower success rates, date palm to
indicating the need to address losses
further refine the related to date
detection capabilities. palm cultivation.

preprocessing techniques
on model performance.
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The main
objective of the
used, ResNet-50, doesstudy was to
demonstrate the
as the others in terms effectiveness of

- One of the models

The use of CNNs and not perform as well

learning in the study

In the future, it would be

Learning Rate: Not . .
interesting to extend the

specified. of accuracy, requiring CNN and transfer
peetie allowed the detection . . req 8 . dataset used in the study to
. Optimizer: Not ~ VGG-19:97%. e different learning in the |
Tomato (10 VGG-19, Xception, e . o and classification of . . include a larger number of
Aversano et al. [25] specified. Xception : 95%. . optimization or automatic .
classes) and ResNet-50. . tomato leaf diseases, . . classes and to improve the
Batch Size: Not ~ ResNet-50 : 60%. o further exploration = detection and ..
o thus contributing to o precision models for the
specified. models. classification of . o
the early treatment of . detection and classification
Epochs: 50. -Constantly tomato diseases,

plant pathologies.

monitoring plants
manually is time-

) ) of plant diseases.
improving thus

food security and

consuming. reducing crop

losses.

-To enhance crop
protection
through the
precise
identification and
classification of
tomato diseases

-The limited size of
the data set, which
consists of 666

Learning Rate: The DenseNet models images, could

0.005 required fewer potentially usine machine Firstly, the augmentation of
o parameters to achieve compromise the g the dataset to ensure a more
-DensNet161. Optimizer: DenseNet161 : better performance eneralizability of the learning. substantial sample size; and
. Tomato (6 -DensNet121. Stochastic Gradient 95.65%, DenseNet121 p -8 ty -To evaluate and . P S
Ouhami et al. [55] classes) VGCI6 Descent (SGD) . 94.93% VGG16 - DenseNet161 showed results. compare dee secondly, the identification
) . . } O " superior accuracy in  -Misclassification due P P and resolution of more
-Transfer learning ~ Batch Size: Not ~ 90.58%. . . . learning models . .
specified classifying leafminers to the similarity of for detectin challenging disease
Ep ochs: 2 0 and powdery mildew symptoms (e.g., tomato diseises in detection problems.
P T (100%). confusion between
. standard RGB
early blight and late .
. images and
blight for determine the
DenseNet161). .
optimal
performance of
these models.
Rice (5 classes). VGGNet Learning Rate: Not Public Dataset Using transfer -A potential - The main - Involve extending the
Chen et al. [56] Maize (4 § . i ’ . learning from pre- limitation could be  objective is to application of the
Transfer Learning  specified. (PlantVillage - 8 P ) PP
classes). trained models helps the need for develop a system developed model to other
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Optimizer: Maize): 84.25% improve plant disease significant computingfor monitoring  plant diseases and diseases
Stochastic Gradient average prediction. identification resources to train and identifying  for greater agricultural
Descent (SGD). Collected Dataset performance, learning models. plant diseases for impact.

Batch Size: Not  (Maize): 80.38% particularly with - Classical agricultural -Focus on improving the
specified. average prediction. limited training data. approaches heavily productivity. learnability of deep
Epochs: 30. Collected Dataset rely on hand- -To enhance the learning algorithms for

(Rice): 92.00%
average prediction.

designed features,
which can be
expensive and
require expert
knowledge.

learning ability of detecting plant diseases
tiny lesion under various field
symptoms while conditions.

decreasing

computational

complexity using

transfer learning

for deep CNNSs.

-Develops a rapid,

automatic,

accurate, and cost-- Study of integration of
effective method real-time monitoring
for detecting rice systems and technology for

- Limited discussion
of the generalizability
of the model to

- superior
The proposed
Learning Rate: Not approach has

performance in
detecting diseases

Rice (3 classes specified. achieved a prediction with high accuracy =~ various . ) .
. .. . diseases using early detection and
for Public . Optimizer: accuracy of at least  rates. environmental . .
DenseNet with the . . o . . . deep techniques. management of rice plant
Dataset (UCI), . Stochastic Gradient 94.07% in the public -The deep learning  conditions. . . .
Chen et al. [57] Inception module + . -Provides a rapid, diseases.
13 classes for . Descent (SGD). data set and an approach - Conventional .
transfer learning, . N . automatic, cost- -Future research could
Collected Batch Size: Not  average accuracy of demonstrates superior visual-based disease . . .
o o . . e . effective, and explore improving model
Dataset) specified. 98.63% for image performance identification of rice D
L accurate method robustness to variations in
Epochs: 30. class prediction of ~ compared to other by experts can be

for the detection environmental conditions

state-of-the-art
methods.

rice diseases. costly and time-

R of rice diseases in and rice differences.
consuming.

the field of
agriculture.

Learning Rate: Not - Develop an - Explore the application of
-Support Vector e .
. specified. - The ensemble accurate and ensemble learning
Machines (SVM). .. . . . .
Optimizer: Not  The highest accuracy learning approach The study may have robust techniques to classify
. -Random Forest (RF) e . o . . o e . .
Jeyalakshmi et Tomato (4 . specified. achieved in this studycombining multiple  limitations in terms  classification diseases in other plant
-Multilayer . . e .
Radha [29] classes) Percentron Neural Batch Size: Not  was 93.13% using the classifiers enabled the of larger data sets or system for tomato species such as corn, corn,
P specified. Soft Voting Classifier. accuracy of disease  real-time ones. diseases using and apples.
Networks (MPNN) e . .
. Epochs: Not classification. ensemble learning -Investigate data
-Soft Voting o . .
specified. techniques. augmentation, new
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-To accurately ~ learning techniques, or
integration of additional
tomato diseases to data sources to improve the
robustness of the

classification of diseases of

classify various

facilitate early
detection and

Learning Rate: Not

management. the tomatoes.
- Exploring the integratio:
- Limited information pront 16 - g.ra on
. of real-time monitoring and
on model scalability .
- The main automated treatment

and generalizability.

i - The deep learning objective of the  recommendations based on
specified. approach using CNN CNN models study is to disease detection results
Optl'rr}lzer: Not -98% for VGG16. models provides high require large develop a reliable -To develop an effective
g Tomato (4 -VGG16 specified. datasets. . .
Kibriya et al. [30] . -99.23% for accuracy rates for the .\ solution for the  solution for tomato leaf
classes) -GoogleNet Batch Size: Not . Additionally, system . . . .
o GoogleNet detection of tomato | . early detection of disease detection using
specified. implementation and . .
Epochs: Not leaves. maintenance ma tomato diseases to deep learning approaches.
pochs: enance MaY - prevent losses of -To explore transfer
specified. require significant . . .
resources and production. learning with larger and
expertise. more diverse datasets could
enhance the accuracy.
Firstly, the Serial .
- -The complexity of
Combmz'ltlon (50) . the thrips class is
method is employed. -The hybrid method attributable to the
- Two SVM (Support has been developed . . -The following
Vector Machine) for the purpose of varying damage The automatic improvements are
classifiers (color handling class characteristics recognition of recommended for the
—
. anens exhibited by the plant diseases and .
texture/shape). Learning Rate: similarity, for example organism damace is hybrid method for complex
2. Hybrid 0.001. in cases of color —Tﬁe accu.rac of the facilitfte dbv the classes:
Combination (HC): Optimizer: Adam. overlap. It combines . Y e Y -The method should be
El Massi et al. [42] Tomato (6 - Three SVMs (serial Momentum :0.1.  91.11% multiple features segmentation process utilization of improved, for example of
' classes) L . . . ’ is a prerequisite for ~ classifier - ’
+ parallel). Batch Size: Not including but not offective combinations thrips.
Other techniques that specified. limited to colour, e . ’ -The dataset should be
may be employed  Epochs: 20 texture and shape. In classification. which serve to expanded
may pioy P T o PE M The limited size of ~address issues panced.
include: addition, it has been .. -Additional features should
. . the dataset has a pertaining to class | .
- k-means clustering designed to reduce the . . be incorporated, for
(segmentation) limitations of detrimental effect on similarity. xampl tral data
& ’ . . the performance of example spec ’
The features individual classifiers. .
employed included convolutional neural

colour moments

networks (CNNs).

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202509.1504.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 17 September 2025

d0i:10.20944/preprints202509.1504.v1

20 of 48

(RGB/HSV), GLCM
texture, and shape
descriptors.
-CNN.
E;Ziiﬁerg()del -The effectiveness of -To revolutionize
Learning Rate: exceptional deep models to -The need for training the detection of ~ Future research directions
0.0001. or fcl)Drmance accurately classify data for robust diseases in may involve expanding
Potatoes (3 -VGG16 Optimizer: gchieving aV;zrage plant diseases. performance. agriculture. data to include other types
Rosmala et al. [58] -InceptionV3 Stochastic Gradient .. -The VGG16 model  -InceptionV3had a -To classify potato of vegetable diseases to
classes) . precision, recall, and . .
-Transfer learning ~ Descent (SGD). F1 score of 97% as showed better slightly lower leaf diseases further support the
Batch Size: 32. well as a per fe::t generalization of data accuracy compared toefficiently using agricultural industry in
Epochs: 100. recision}:'ate of 100°% compared to VGGIeé. deep learning vegetable crops.
P 0Ir1ceptior1V3. models.
on test data.
-A lengthy training
period is required,
icularly wh
High accuracy with EEEE a: Ze‘;riirtled To employ dee
VGGI16 using transfer 8 PIOY CEEP B ture research will
. . dataset. learning models .
“Transfer learning Learning Rate: learning and data “The focus is for the concentrate on extending
0.0001. AlexNet 97.69%. augmentation, . L. the dataset, optimising
-AlexNet .. . _ exclusively on pre-  classification and . .
Tomato (9 VGGI6 Optimizer: Not ~ VGG16 98.77%. reducing overfitting. trained models validation of model complexity while
Wagle et R [59] classes) GoogleNet specified. GoogLeNet 93.73%  Deep learning enables neolecting the ! tomato leaf maintaining accuracy, and
& Batch Size: 10. MobileNetv2 95.25%. efficient and accurate & & . . validating deep learning
-MobileNetv2 o . development of diseases, with the
Epochs: Not SqueezeNet 90.86%. tomato leaf disease . . . models for tomato leaf
-SqueezeNet e e bespoke architecture. aim of achieving . o . .
specified. classification, disease classification using

minimizing manual

effort and saving time.

-VGG16 exhibits a

real-field data

higher execution time validation.

in comparison to
models such as

real field data.

AlexNet.
Learning Rate: Not - The proposed -Could focus on improvin,
. nng The automated plant prop . -Develop an . mp 8
- OMNCNN (optimal specified. . . model can require . the detection efficiency of
. .. leaf disease detection e optimal model of
mobile network- Optimizer: Not  The paper reports an . further validation on . the OMNCNN method
. . ) e model using MobileNet-based .
Ashwinkumar et al. Various (5 based convolutional specified. accuracy of 98.7% for larger and larger . using advanced deep
. OMNCNN offers convolutional , .
[60] classes) neural network). Batch Size: Not  the proposed . datasets to assess learning-based image
. L o superior performance L neural network . ;
-bilateral filtering-  specified. OMNCNN model. s .. generalizability. segmentation techniques.
. with high precision, . . for automated . ) .
based preprocessing. Epochs: Not -This article does not . -Investigate the integration
e recall, accuracy, F- . . detection and L. R
specified. explicitly mention the of distinct image
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-Kapur’s score, and kappa potential challenges classification of  preprocessing techniques
thresholding-based values to real-time plant leaves. for more efficient extraction
image segmentation. implementation or  -Simplify and of features in plant disease
-MobileNet-based the scalability of its  streamline the =~ models.
feature extraction. OMNCNN model in detection of plant
-extreme learning an agricultural diseases for
machine-based environment. farmers, because
classification. plant diseases
constitute an
important factor
for the global
economy.
-The main - Future research could
objective of the  explore the scalability and
-The use of deep study is to generalizability of
learning models such investigate the =~ proposed deep learning
as ResNet50, ResNet18 impact of models and augmentation
Learnine Rate: ResNet101 allows very The study does not  increased data on techniques on different
“ResNet50 0.0001 J ' ResNet101 achieved accurate classification discuss in detail the the classification plant species for disease
Tomato (9 “ResNet18 O tin;izer' Not  an accuracy of 99.99% of tomato diseases. ~ complexity or and validation of detection.
Wagle et al. [61] prinuizer: . mracy . 0—By augmenting the  training time tomato plant -The exploration of new
classes) -ResNet101 specified. in testing and 95.83% °, . . . . .
Transfer learnin Batch Size: 10 in validation noise, blur, and color associated with the  diseases using data augmentation
& Epochs: 2 Y ' data, the dataset learning models deep learning techniques or the

becomes very robust, used.
which can improve
the classification

accuracy.

methods.

- Confirm the
accuracy of a
model designed
for plant disease
identification.

exploration of deep
learning architectures could
further improve the
identification and
classification of plant
diseases.

Learning Rate: Not

The stud
¢ stucly uses The time required to

Assist in the early -Research could involve

. . specified. range of classification . identification of  exploring the integration of
Various: apple, -Naive Bayes L. . calculate the disease . . .
. .. Optimizer: Not techniques to detect | . plant diseases and deep learning techniques,
rice, grapes, -Decision Trees o . . in the infected leaves .
Hassan et specified. SVM has the highest plant leaf diseases, S implement such as convolutional
potato, -Support Vector . L. is minimized, but .
Abdulazeez [62] . Batch Size: Not  accuracy of 82.3%.  thus providing preventive neural networks, more
sugarcane, and Machines (SVM) i . memory .
specified. comprehensive . . __measures to accurate detection and
tomato. -Random Forest . . consumption remains, .
Epochs: Not analysis of different increase crop more effective from plant
o . a problem. . )
specified. methods to improve yield. leaf diseases.
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-Future research could
focus on improving
memory consumption

the identification of
diseases.

while maintaining accuracy
in disease detection
systems.

-Conditional Learning Rate:

Tomato (5, 7, 10 Generative 0.0001.

Abbas et al. [63] classes)

-99.51% for 5 classes.
Adversarial Network Optimizer: Adam. -98.65% for 7 classes.

The objective of
the study is to
develop a deep
learning-based
method for
accurate and early

Aims to involve extending
the proposed method to
identify diseases in various
parts of the plant beyond
just leaves, such as fruits,

The use of synthetic
images generated by
C-GAN improves
generalizability of the

Using deep learning
models can require
significant computing

. resources and
network and avoids

(C-GAN). Batch Size: 32. -97.11% for 10 classes. . . expertise for . . stems, and branches, as
overfitting, leading to . . detection disease
- DenseNet121. Epochs: 100. . . implementation and well as to explore the
increased accuracy in - of tomato plants, . e .
. e L training. . identification of different
disease classification. outperforming .
L phases of the plant diseases.
existing methods.
The main - Explore the reliability of
-99.2% for binary L N P A
o Despite high objective is to leaf images across diverse
. classification. The study surpasses .
Learning Rate: . . accuracy rates, there study the classes of extended images
-97.99% for existing cutting-edge . . .
-ResNet18. 0.001. e e . . were cases of effectiveness of ~ to improve disease
E.H. Chowdhury et Tomato (2,6,10 L. classification in six ~ work in the field of . . . .
-DenseNet201. Optimizer: Adam. . . misclassification, as CNN architecture detection systems.
al. [64] classes) . . classes. plant disease detection, . . . . .
-InceptionV3. Batch Size: 16. o . . indicated by the in classifying -Explore the integration of
-98.05% for using deep learning . ) . ) Lo
Epochs: 15. e . confusion matrix images of tomato real-time monitoring
classification ten techniques. . . .
analysis. leaves for disease systems for early detection
classes. .
detection. of tomato plants.
Learning Rate:
0.0026. Discussion on the .
.. . To enable precise
Optimizer: Not scalability of the . . e
e . YOLO-Dense offers and real-time Exploring the scalability
specified. The model achieveda . YOLO-Dense model . P s
. rapid and accurate identification of ~and adaptability of the
. Tomato (12 Batch Size: 64. Mean Average . to larger data sets or .
Wang et Liu [65] YOLO-Dense. .. detection of tomato . . tomatoes YOLO-Dense algorithm to
classes) Epochs: Not Precision (mAP) of . different data types is . L2 .
. anomalies in complex _, . . anomalies to detect anomalies in various
specified. 96.41%. . limited, which could .
environments. . improve crop species beyond tomatoes.
Momentum :0.9. affect its litv and vield
uality and yield.
Decay:0.0054. generalizability. q Y y
Factor:0.1.
Transfer learnin Learning Rate: Deep transfer learning The development of This study Future studies could focus
Feng et al.[66] Rice (4 classes) & & 88%. methods have shown classifiers for each ~ examines the on two areas: to improve

-Fine-Tuning. 0.0001.

promising results in  rice variety of time  feasibility of using deep transfer learning
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-Deep CORrelation
ALignment
(CORAL).

- Deep Domain
Confusion (DDC)

Optimizer: Not
specified.
Batch Size: 40.
Epochs: Not
specified.

effectively and cost-
effectively detecting resources, while

rice diseases in limited variability of
various rice varieties data and cultivars

in the field. By could restrict
combining generalizability and
hyperspectral imaging performance of

with deep transfer transfer learning
learning, rice diseases models

can be accurately and

effectively classified,

providing a potential

tool for early disease

requires many

detection on farms.

dataand deep ~ models to detect rice
transfer learning diseases by including a
for accurate wider range of rice types
detection of rice  and diseases and use this
diseases, with the transfer learning advances
aim of improving in conjunction with

the performance hyperspectral imaging

of model thanks detect diseases in various
to the expansion plant species, extending
of data and to their agricultural.
facilitate

prevention and

precise disease.

Learning Rate:

Deep learning models

0.001. The proposed dee require large explore the integration of
Optimizer: Not p p P q 8 Develop a robust P . 8 .
o learning (DL)-based = amounts of labeled . multi-sensor data fusion
specified. i . deep learning . )
. approach, specifically data for training, techniques with transfer or
Batch Size: 8. . o approach for . .
Tomato (10 ResNet-34 based Epochs: 20 the ResNet-34-based which can be difficult accurate multispectral learning to
Nawaz et al. [27] P L 99.97%. Faster-RCNN, to obtain for some .. improve model robustness,
classes) Faster-RCNN Threshold for . . . . localization and .. s
. achieves high plant diseases. This L generalization capabilities
matched region: . .. classification of .
accuracy in disease  may further limit . and detection accuracy
0.2. . ’ . . leaf diseases of . .
detection and their effectiveness in diseases various
Threshold for . . . tomato plants. .
unmatched areas: localization. handling noisy or environments.
05 ’ complex scenarios.
The application of R- Traditional manual The objective of
. CNN, a deep learning methods are not the study was to
-F t L Rate: Not
VeuCZth)ZI?/IZIZEiOI:e s e:;‘ir;il:g ate: No technique, this study suitable for large- detect leaves of ~ Future work could focus on
(Fuzzy-SVM) g timize.:r' Not allowed us to obtain  scale agriculture, tomato plants at expanding the data set for
Nagamani et Tomato (7 Conv};lution'Neural s I(Jeci fied ' high precision in the mainly due to one stage using  wider applicability and
Sarojadevi. classes) Network (CNN) Blzltch Siz-e' Not 96.735%. detection of tomato  difficulty in machine learning exploring improvements to
[32] Region-based ' specified ' leaf diseases. This identifying and techniques, learning models in depth to
Cor?volution Neural Ep ochs: Not could potentially controlling plant thereby increasing achieve greater accuracy in
Network (R-CNN) sII))eci fie.d improve crop diseases. However, agricultural disease prediction.

productivity by earlier deep learning models

identification of also require

production, and
minimizing losses.
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diseases, which could considerable

reduce future losses, resources for training
pesticide use and
pollution.

and deployment.

-MobileNetV2.
Al-Gaashani et al. Tomato leaf (6 -NASNetMobile
[33] classes) -Multinomial logistic

regression (MLR).

Support Vector
Machine (SVM):

- Penalty parameter
C:0.1.

- Gamma
parameter: 0.001.

- Kernel: Linear
Random Forest

(RF):

- Number of 97%.
decision trees: 400.

- Depth of each

decision tree: 70.
Multinomial

Logistic Regression
(MLR):

- C parameter: 0.1.

- Penalty: 12.

- Optimiser: 'lbfgs'".

- The study
recognizes the
potential impact of
image acquisition to develop a
conditions and model that
generalizability limits automates the
of pre-trained models process of
which may not cover classifying

all disease variants. ~widespread leaf
Additionally,
traditional machine helping farmers to
learning methods can make an effective
outperform deep in accurate
situations where

Using pre-trained This study aimed
models not only

improves accuracy,
also reduces the need
for extensive training
data. Additionally,
integrating feature
fusion with transfer .
learning models with diseases thereby
reduction via Kernel
PCA can potentially
further improve

e diagnosis.
classification accuracy.

training data is
scarce.

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.

Deep transfer
learning: DenseNet-
201, SqueezeNet,

GooglLeNet,
Khasawneh etal. Tomato (10 Inceptionv3,
[67] classes) MobileNetv2,

ResNet-101, ResNet-
50, ResNet-18,
Xception, ShuffleNet
and DarkNet-53.

Learning Rate:
3x10+

Optimizer:
Stochastic Gradient
Descent with
Momentum
(SGDM).

Batch Size:16.
Epochs: 5.

99.4%.

Deep transfer learning
models simplify the
process of disease
detection and

The research
focuses on

creating a system
Deep transfer gasy

classification in learning models offer
tomatoes. By advantages in disease
bypassing the need for detection, but their
explicit feature
extraction and image nature poses
preprocessing, these challenges in
models facilitate rapid resource-constrained
diagnostics and
potentially mitigating
economic losses in
tomato cultivation.

for automated
detection and
classification of
tomato diseases
using deep
transfer learning.
This system is
designed to help
farmers quickly
identify diseases
by streamlining

resource-intensive

environments

Future avenues of research
could focus on the real-time
disease detection systems
with smart agricultural
devices for immediate
deployment and
implementation in the field.
This could include the
creation of smartphone
applications allowing plant
pathologists and farmers to
detect and manage diseases
in real time.
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the identification

process.

Tomato, Potato,

The proposed model
achieved higher
accuracy rates than
traditional models,
demonstrating the
effectiveness of

Learning Rate:
0.0001.

A salient
disadvantage is the
overreliance on
numerous labelled
data points to
facilitate the efficient

The primary

objective of this

study is to

demonstrate the
application of
transfer learning
techniques for

Future research directions
could include the study of
and generalizability of
transfer learning techniques
to a wider range of plant
species, which could

Lakshmanarao et VGG16, RESNET50, timizer: Adam. training of dee accurate plant
and Pepper bell . 0. Op . € 99%. transfer learning for . 8 P . P increase the applicability of
al. [34] and Inception. Batch Size: 64. . learning models. disease . .
(15 classes) plant disease .. the model in various
Epochs: Not L. . Moreover, the prediction, .
. prediction. This . . agricultural contexts.
specified. . . efficacy of transfer =~ underscoring the ..
technique exploits pre- N . . Additionally, the use of
. learning in adapting significant .
trained models, e . . ensemble techniques could
. .. to variations in plant advantages it . .
allowing training even _, further improve disease
o diseases may be offers to the ..
with limited data. . . . prediction accuracy.
inconsistent. agricultural
sector.
The implementation of-Deep transfer
a deep ensemble learning (DTL) and
P 8 ( ) . -Combine different types of
neural network deep ensemble Using deep data. like spectral imagin
Learning Rate: (DENN) with transfer models (DEM) clustering ’ P . 8ing
0.001 learning has been necessitate networks together and drone monitoring, to
-Deep Ensemble .. The suggested DENN 8 . . 8 better detect plant diseases.
Optimizers: Adam, > demonstrated to substantial with
Neural Networks can achieve 100% . . -Develop systems that work
Adamax, Adagrad, enhance the accuracy computing resources transformative . .
. (DENN): X accuracy. .. . . in real-time for practical
14 different SGD (Stochastic of categorizing and voluminous learning means . L
- ResNet 50 & 101, . Here are the . . . farming applications.
. crops: . Gradient Descent), . various plant species datasets for that leaf disease . .
Vallabhajosyula et InceptionV3, baselines: R L. . -Implement solutions in
-Tomato, Potato, Nadam, and . to a significant degree, efficacious training. can be detected . .
al. [24] DenseNet 121 & 201, -InceptionV3: 98.33% . . . real-world scenarios, like
Grape... (38 . RMSprop. surpassing the -The substantial more quickly and .
MobileNetV3, and . -VGG16: 99% . . - . mobile apps.
classes) Batch Size: 8. capabilities of state-of- computational and  efficiently. This
NasNet. -GoogLeNet: 99.35% . . -Extend the system to cover
. Epochs: 30. the-art, pre-trained  data requirements of means that .
-Transfer learning, -DenseNet121: e . more plant species.
. Momentum:0.9. individual models. these methods diseases can be .
data augmentation .y 99.75% . o . -Improve the system's
Regulazer: L2 with -The approach is present significant  detected earlier, computing performance
factor 0.01. capable of handling  challenges for which means we putng p

overfitting via means
of data augmentation
and regularization.

implementation in
environments with
limited resources.

can produce more

Crops.

- Explore using
lightweight structures to
make it more efficient.
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-Develops a
Themodelhad ~ Lentweightand
. . efficient neural
misclassifications,

. . network
particularly diseases

. . architecture for  Future directions of
like downy mildew

transfer learning research could include the

Th d d d
arciizzgi"seeachieves f;lﬂ d};(jvw e for the study of ensemble learning
’ lassification of ~ toi the classificati
Learning Rate: 10-5. high classification The need for further oo o o © © improve the c assiiication
. .. . ) tomato diseases. performance and
Tomato (10 Transfer learning . Optimizer: Adam. accuracy 99.30% with refinement of the Reduce cro robustness of the
Ahmed, et al. [68] with pre-trained Batch Size: 16. 99,30%. small model size and model, particularly . P X
classes) . . . L yield loss, architecture for complex
model MobileNetV2. Epochs: 1000 (with computational cost,  considering the eliminate manual disease scenarios. as well as

early stopping). which makes it challenges faced by . L y .
suitable for low-end  previous methods of monitoring and  optimization of lightweight
devices classifvine tomato minimize human models for efficient disease

' leaf di}s,eafes when effort in disease  classification on low-end
dealing with larger control while devices.
data and complex enstring
re-processing steps caleulation
prep & Steps: efficiency and
effectiveness.
The research
aimed to develop Future research around
The proposed model  The mosaic virus a classification  disease classification in
excels in classifying  disease type had model using tomato plants may involve
. d .
tomato leaf diseases lower disease, which lsrenarieentation and ar::er:s(ieri m;rrlr:ge
. due to its high can be attributed to & . p &
.. Learning Rate: Lo .. transfer learning incorporation of larger data
VGG-19 model with accuracy, which is the limited dataset. . .
. 0.00001. . techniques to sets for training and
transfer learning and . . further enhanced by  This indicates that .
Tomato (10 . . Optimizer: Not ) . . accurately optimization model
Nguyen et al. [69] image segmentation e 99,72%. the segmentation of ~ implementing . . s
classes) . specified. . . . identify tomato  parameters. Additionally,
using the HSV color . leaf images. This not techniques such as . .
Batch Size: 60. . . . leaf diseases, the use of strategies such as
space. only makes it effective oversampling or .

Epochs: 300. . . D thereby oversampling or balanced
for disease detection balanced weighting improvin class weichtine methods
and classification but of classes improve ef;ormargme and improve iccuric
also optimizes the the accuracy of the P P! Y
training time results overall particularly for diseases

’ ' effectiveness of  represented in smaller
disease datasets.
classification.
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Various:

Image processing

Learning Rate:
0.001.

The study highlighted
the effectiveness of

The main
objective of this
research is to
establish a
methodology to

-Future research could
integrate real-time
monitoring systems with
mobile applications for
immediate detection and

learning techniques in The dataset does not identify and
agriculture by explicitly mention the classify leaf

management of plant

diseases as well as diseases.

. Tomatoes,

Al-Akkam et Altaei techniques with

ing high ifi f
Optimizer: Adam. demonstrating higher specific types o

otatoes, onvolutiona . . 0. accuracy rates in the ants or diseases it to accurate -Experiments with ditterent
[70] p C lutional Batch Size: 32 and 98.34% y in the pl di i ly Experi ith diff
Pepper bell ... Neural Network reduced to' 16 detection and includes, potentially predict these learning rates, data
classes . ' classification of plant limiting the results' iseases usin variations expert systems
15 cl CNN Epochs: 120 lassif f pl 1 g th 1 d g pert sy
P T leaf diseases, generalizability. deep learning could further improve the
surpassing those of techniques, which practical application of
previous studies. will facilitate these for the identification
treatment and and classification of plant
control economic diseases.
losses.
-The study uses
deep learning and Future research directions
“The proposed tra.nsfer learning may involve expanding the
toimprove the  data set to encompass a
. method outperforms . . .
Learning . . accuracy and wider variety of citrus
. recent techniques in A notable - . . .
-MobileNetv2, Rate0.001. terms of classification disadvantage of dee efficiency of citrus diseases and potentially
DenseNet201, Whale Optimizer: Not accuracy of citrus learnin te§1ni es i fruit classification. include multiple fruits.
Zia Ur Rehman et Citrus (6 Optimization specified. 95.70% diseasesy the nee%l to havz a -By classifying six Particular attention could
al. [75] classes) Algorithm (WOA),  Batch Size: 64. o o , . diseases of citrus also be paid to the
. -This success is substantial volume of _ . .
transfer learning, Epochs: Not . . fruits, the model development of real-time
. attributed to the use oflabeled data to train . ) )
SVM. specified. . .. aims to optimize disease detection systems
models for learning  efficiently model. . .
Momentum: 0.93. officient optimization overall for use in agricultural
S OP production and  fields. This would help
algorithms. . . -
disease refine the classification of
management diseases.
practices.
Learning Rate: The application of Limitations of the ~ The research -Use a larger dataset, apply
Apple (9 0.001. MobileNet V2 and study include the aimed to equip it to various regions, and
Boutalline et al. [71] PP MobileNet V2 Optimizer: 98%. CNN's has focus on specific farmers witha  use advanced deep learning

classes) Adagrad.

Batch Size: 16.

significantly improved diseases, which may system for early
the accuracy of leaf  require application to detection and

techniques to improve
accuracy.
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Epochs: Not disease identification, other areas or classification of ~ -Explore the integration of

specified. reaching a diseases. apple leaf temporal surveillance
performance rate Additionally, it does diseases, thereby systems for proactive
above 98% while also not consider different improving crop  disease control.
reducing the need for environmental quality, use of
image preprocessing. conditions on disease chemicals and

detection. minimizing
impacts
environmental.
The MMDGAN A notable drawback
method presents a is the limited . Future research in this area
. . The study aimed . .
Learning Rate: new approach for the discussion of the to develop a could benefit from applying
MMDGAN (Multi- ' identification of method proposed for P MMDGAN to various plant
. 0.00005. . . robust method of .
Feature Extraction .. diseases of leaves of  other plant disease . disease datasets, as well as
. Optimizer: ADAM. . augmentation .
Tomato (4 Convolution GAN . tomato, which not datasets, coupled . exploring transfer
Zhang et al. [72] . ) . Batch Size: 64. 97.12%. . . L using MMDGAN . .
classes) with Mixed Attention only improves the with the limitations . techniques to improve
. Number of . . . to improve the e .
and Markovian quality of the data set, inherent in data . . classification. diseases,
.. Epochs: 1500. .. . identification of L. .
Discriminator). also shows superiority augmentation tomato leaf evaluating its effectiveness
in terms accuracy methods that require diseases in a broader agricultural
compared to existing a substantial ' context.
methodologies. collection effort.
Develop a deep
The proposed model -Limited dataset size. learning model
achieves high -The need for careful that improves -Study the scalability of the
classification accuracy tuning of disease control in model to a wider range of
Optimizer: Adam. of tomato leaf diseases hyperparameters, tomato plants,  plants species.
Tomato (5 VEG16 and Learning Rate: 1 e through deep learning such as learning rate, thereby helpin, Solve the problems of
Hajraoui et al. [73] ResNet152v2 with 8 . 99.0234% 8 P . J g rate, Loy .P & e P
classes) . 4. Batch Size: 32. and transfer learning. to solve the problem maintain high classifying more complex
transfer learning - . . . . .

Epochs: 175 Additionally, the of overfitting, which yields and quality diseases and apply the
model demonstrates requires a significant through accurate model to a wider range of
its effectiveness in amount of trial and  classification of  patients.
training and testing. ~ error. diseases on

tomato leaves.
Machine Learning The framework uses Reliance onimage  The objective is to -Explore deep learning
Methods like: dat tati data limits th devel liable techni h
Hessane et al. [74] Palm (4 classes) erhods 1xe Not specified 98.29% ata augmetriation ata fumits Hhe eveiop a reflable fechiques stch as
-Support Vector and combines texture accuracy of disease machine learning convolutional neural
Machine (SVM). and color features to  detection. tool for the networks for improved
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-k-Nearest Neighbors improve palm disease Additionally, deep  detection and feature extraction and
(KNN). classification. This learning methods are classification of  disease classification.
- Random Forest allows early detection hampered by limited white scale insect -Expand the palm disease
(RF). of mealybugs, or imbalanced diseases in palm data set and integrate more
-Light Gradient essential for protectingdatasets, which trees. sophisticated learning
Boosting Machine date crops. hampers training and methods to improve

(LightGBM). identification. detection accuracy.

The objective of
this research is to

devel
C;‘: (lfhinsive Future research directions
appr}z)ach to the include the integration of
l-time di detecti
Convolutional neural A significant early detection Zeitelllrlr;eintiea:zfctiiechcl)(;n
networks enable limitation of this and effective Y . P
. the rapid treatment of
accurate automated  approach is that treatment of plant diseased plants. the
Learning Rate: Not prediction of tomato  training data can diseases, with a ox loraticI))n of ’
. specified. plant diseases. This  hinder the model's  particular focus P .
Tomato (3 Convolutional Optimizer: Adam technology facilitates ability to generalize, on leaf diseases convolutional neural
Parvez et al. [31] Neural Network P . " 98.39%. 8y . ey .g / . network (CNN)
classes) Batch Size: Not early detection, highlighting the need affecting tomato .
(CNN). o s architectures and
specified. thereby avoiding to resort to data crops. The .
. . . techniques, data
Epochs: 50. substantial harvest =~ augmentation objective is to auementation. and the
costs and reducing the techniques to enhance a glication o f’ CNN models
need for manual improve productivity and PP . .
. . to detect diseases in
inspection. performance. ensure the . .
roduction of different crops, with the
}I:ii h-qualit aim of increasing
to;gnat%es tKereby agricultural productivity.
increasing
profitability.
. The advantage of the Limitations of the The objective was
Learning Rate: Lo . N
-KNN (Knearest 0.001 proposed pipeline lies study include the to develop an Explore the application of
. o in its CNN structures reliance on laboratory accurate and field data in real-time
neighbor) +Fully Optimizer: . . ) .
R . and feature selection, capture, which may robust deep disease detection and
Attallah O. [35] Tomato (10 connected layer stochastic gradient 99,92 % which simplifies the affect the learning pipeline expand the pipeline for a
' classes) (MobileNet + descent with P & Pib P pip

model compromising applicability of the  for the automated greater variety of plant

ShuffleNet + ResNet- momentum.
) . the high accuracy model to real-world detection and diseases for classification
18) + hybrid FS. Batch Size: 10. ) . .
rates in tomato leaf ~ scenarios, and the  classification of ~ purposes.
Epochs: 20.

diseases classification. lack of exploration of tomatoes.
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the impact of various

CNN architectures on

beyond the three
selected compact
CNNs.

*For the VGG16:
- Learning Rate: This research
0.0001 explored the use
- imizer: £ 1 f
-Transfer learning Optlml.Z oo The new algorithm . o0 VC,;G 6 transfer
. Stochastic Gradient . Implementing multi- learning for leaf
with the VGG16 effectively solves . ; ) Future work could explore
. Descent (SGD) level dimensional disease .
architecture. . problems such as . . . the scalability of the
. - Batch Size: 8. . reduction techniques classification.
- Filter methods, overfitting and long ) proposed model for larger
Borugaddaetal. Tomato (10 . - Epochs: 97 .. can be complex and They aimed to . . .
Principal . 95.79% training, thereby . . D datasets and investigate its
[36] classes) *For the Multi- . ) resource-intensive,  optimize feature .
Components . improving the .. . . generalizability to other
. Layer Algorithm . . there is a risk of extraction using a . .
Analysis (PCA), and diagnostic accuracy of . s . . . plant species for disease
(MLA) such as ) overfitting with high- dimensionality e .
the Boruta feature leaf diseases of tomato _, . . classification.
selection method Support Vector lants dimensional data. reduction
' Classifier (SVQ): P ' algorithm to
-C:10 improve disease
- Gamma: 0.0001. detection.
- Kernel: rbf’.
. Learning Rate: The approach.rehes to de.v clop an Exploring the extension of
- Modified 0.0001 high accuracy in on deep learning effective this approach to other cro
Tomato (8 InceptionResNet-V2 " " 98,92%. & . <y techniques, which ~ computer-aided PP . P
Kaur et al. [37] . Optimizer: Adam. detecting tomato leaf . . . types and expanding the
classes) (MIR-V2) with . . may require disease detection
. Batch Size: 32. diseases . dataset could enhance
transfer learning substantial system for plant . .
Epochs: 50. . disease detection accuracy.
computational leaves.
Learning Rate: The research aims
00.0001. to improve the
Optimizer: Complex recognition of
Various: RMSProp with SK-MobileNet backgrounds plant diseases by Improve. SK-MoblleNet f.or
. . - decrease the accuracy . robust disease detection in
tomatoes, - Selective Kernel decay and combines efficiency . developing a .
. . . of SK-MobileNet and _. . complex agricultural
Liu et al. [38] peppers, MobileNet (SK- momentum set at 99,28 % and accuracy in a lightweight .
. . DCGAN. . settings; focus on the
potatoes... (15 MobileNet) 0.8, and the Adam model thus reducing .. adaptive network -
. . . Additionally, the scalability and
classes) algorithm, with costs and complexity. that uses deep

and set at 0.9 and
0.999 respectively.
Batch Size: 32.

method requires a lot
of calculations.

. generalization of the model.
transfer learning

and convolution
techniques.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202509.1504.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 17 September 2025

d0i:10.20944/preprints202509.1504.v1

31 of 48

Epochs: 50 for the
model, with an
early stop
mechanism
selecting 100
epochs.

Wheat (Triticum

EfficientNet,
EfficientNet B4,

Learning Rate:
0.001.

Optimizer: Adam.
Batch Size: 32 for

The model provides
high-level wheat
disease identification
and actionable
information for

The deployment of

expertise and the

utilization of high-

performance graphics The study

processing units develops a
(GPUs) are transfer learning
indispensable model to identify

The model identifies
diseases of wheat rust.
Future work aims to predict
the severity of the

VGGI19, ResNet152, BO0-B5 models, 8 for rerequisites for the rust diseases of
Nigam et al. [40]  aestivum) (4 ! ’ ! 99.35%. agricultural prereq . optimized use of pesticides
DenseNet169, B6-B7 models. i successful execution wheat, thereby K i
classes) . professionals, . oL and the integration of
InceptionNetV3, Epochs: Ranged supborted by an of this task. However, contributing to mobile applications for
MobileNetV2. from 15 to 25, with PP . y the constraints deep learning for . . PP .
. extensive set of ) . ; field diagnosis.
a maximum . . imposed by limited agricultural
. Innovative . . . .
defined epoch of 50 . resources establish a disease diagnosis.
architecture. . .
maximum size and
scalability for the
model.
The effectiveness of The smartphone
DenseNet 201, . L. P
. . The research presents the method is application for
EfficientNetBO, Learning Rate: Not . . . L. L.
. e a cost-effective hampered by variablereal-time Optimize the application
InceptionV3, specified. . . .
. . .. smartphone-based smartphone detection of rice  for various smartphones,
Rice (Oryza MobileNet, Optimizer: Not . . . ) . . .
. . e -DenseNet201 : solution for immediateconfigurations, slow diseases and expand plant analysis for
Nayak et al. [39]  sativa) (13 MobileNetV2, specified. . . .. L.
; . 98.03%. detection of diseases processing image deficiencies health assessment and
classes) NASNetMobile, Batch Size: Not . . ) . .
o thereby improving  segmentation, and  targets identify overlooked
ResNet 101, ResNet - specified. accessibility for rural insufficient training intervention to micronutrient deficiencies
50, VGG16, VGG19, Epochs: 50. " & !
. communities. data for symptom  improve crop
and Xception. .
detection. health.
Convolutional neural Learning Rate: The study addresses The aim is Improve model scalability
i - The study proposes an o . .
network (CNN). n=7x10", n=7x1073, . . overfitting in a plant creation of a and disease coverage, for
. . inexpensive and . o . . .
Bensaadi et Tomato (9 -Data augmentation, 1n=7x10, and disease classification machine learning real-time use, and
; . . 97,04% complex CNN . o
Louchene [76] classes) -Stochastic gradient 1=7x10". . model using data tool for the preciseincorporate advances to
. .. architecture for a ) ) e . .
descent (SGD) with Optimizer: faster online augmentation and  identification of improve the efficiency of
momentum. Stochastic Gradient hyperparameter plant diseases of agricultural deep learning.
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Transfer learning
Arbres, fruits et with pre-trained

Descent (SGD) classification of tuning; however, the tomatoes for
algorithm with diseases of the plant. scalability of the farmers.
momentum. model has not yet
Batch Size: Not been tested.
specified.
Epochs: Not
specified.
Research has
studied the

Learning Rate:
0.0001.

EfficientNet-B0:

application of
EfficientNet-BO excels transfer learning
in agricultural crop ~ The model had
classification thanks to difficulty classifying Indonesia,

its accuracy and crops within the samerecognizing its

to classify crops in Future research will explore

sophisticated unsupervised
algorithms (SwAV) that

I L. [77 fleurs. (2 : Effici B imizer: A .
snan et al. [77] Clj;:fzs( ? lgeNsEet 1 81C\1/eé1tGI\i;3t 0 (B?aitcll?:’:z 1 6dam 82.55%. computational family due to their ~ limitations and  exchange assignments
and Alexll\Iet ’ Evochs: 5 O' ’ efficiency ensured by similar the need for between multiple views, to
P T transfer learning with characteristics. further improve the accuracy.
minimal data. refinement. Its
goal was to aid in
the progress of
identifying crops.
The paper
proposes a
f f
The study uses deep  This study could be rarn.ework °" " Future research could
. . .. continuous ..
. learning techniques to limited by the need . expand the application of
Learning Rate . . disease .
accurately identify ~ for a large volume of . . learning models to
:0.001. . . surveillance in . .
-Deep transfer . . and categorize tomato data to effectively ) . encompass a wider variety
Ramya et Kumar Tomato (10 Optimizer: Adam. o . . . . agriculture using . . .
(78] classes) AlexNet CNN. Batch Size: Not 99.8% leaf diseases. This train deep learning deep transfer of diseases in various crop
-Batch normalization e ' approach allows us to techniques. The P species, while exploring
specified. R . o learning. Thus, . Lo
obtain a high accuracy accessibility of the o detection and classification
Epochs: 15. . the objective is to . . .
rate in disease data used could also . in real-time for wider
. identify plant )
detection. be a problem. . agricultural use.
diseases early to
improve crop
yield.
Shahoveisi et al Various: ResNet50, Xception, Learnine Rate: 94.299 Deep learning models This study highlights The study aims to Expand datasets: include
’ ’ EFficientNetB4, & ’ ez were evaluated for the need for large-  evaluate dee various images (wheat,
[79] sunflower, dr 0.001 & P &
" YY" MobileNet T plant rust disease scale training data  learning models corn) to validate
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bean, and field

Optimizer: Adam,

accuracy. This and sophisticated

for rust disease  architectures and develop

pea. (3 classes) Stochastic Gradient approach could lead data equipment, spraying and effective tools.
Descent (SGD), to more precise which may limitits develop a Explore transferability:
Root Mean Square control of diseases and generalizability to  practical solution study model performance
Propagation a reduction in the use other plant diseases. for precision in agricultural
(RMSprop), et of pesticides. spraying using  environments for real-
Follow the drones and world use in precision
Regularized Leader handhelds. agriculture.
(Ftrl).
Batch Size: 32.
Epochs :100.

The purpose of
This research . this study is to -Explore enhanced learning
The deep learning  develop a

introduces a new set

model for time-based computer vision

methods and study models

. of data and Android o . such as ResNet,
. -Vanilla CNN model . . monitoring of plant using deep
Bright Eyes . Learning Rate: Not applications for real- .. . GoogLeNet, and
-CNN-SVM hybrid i . diseases does not learning models S
(Catharanthus specified. time health . L . EfficientNet.
model. . o consider lighting to automatically .
.. roseus) and . Optimizer: Not monitoring. The deep . . . ., -Resolve class imbalance
Mimi et al. [80] -MobileNetV2. e 97.35% . variations or image classify and easily . .
Strawberry . specified. transfer learning . . using resampling
. -Transfer learning . . . quality. Additionally, the leaves of . .
(Fragaria Batch Size: 64. model achieved high . techniques to improve the
and data .. an unbalanced diseased plants, .
xananassa). . Epochs: 10. accuracy in disease e . accuracy of disease
augmentation. . e . _distribution of classes thus effectively . e .
identification, opening . identification extending the
in the dataset will the gaps related to S
the door to automated applicability of the model
. . affect the accuracy. the use of such to .
disease detection. to various crops.
detect plant
diseases.
The YOLOv8 model The dataset The utilization of In addressing the issue of
has been employed in the YOLOVS, a deep- data imbalance,
demonstrated to offer study demonstrates learning-based  augmentation is a key
Learning Rate: Not enhanced efficienc an imbalanced class convolutional strategy that should be
YOLOVS (You Only —c2r™in8 oo eeney an e 8y
. specified. and flexibility in distribution, a factor neural network, employed. Moreover, the
Look Once version 8), L. . . . . .
. Tomato (3 . Optimizer: Not detecting tomato that has the potential facilitates the integration of a healthy
Zayani et al. [81] Data augmentation e 66.67% ) . o .
classes) (mosaic specified. diseases, with the to diminish the automation of class for the purposes of
. Batch Size: 3. potential to improve efficacy of learning  tomato disease =~ comparison is imperative.
augmentation) . . . .
Epochs: 50. crop yields. The modelsystems. The detection, thereby Exploration of alternative

has been shownto  presence of visual
similarities between

diseases, such as

exhibit efficient
multiscale object

architectures, such as
attention mechanisms, is
also crucial. Finally, the

enhancing crop
yield and
promoting
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detection, an anchor- blossom end rot and sustainable development of disease-
free approach that sun scald rot, and the agricultural specific metrics is
improves adaptability, limitation of dataset practices in Saudi paramount.
and high precision in diversity further Arabia.
confident detections complicate the

process of accurate

classification. The

present accuracy of

66.67% indicates a

substantial potential

for enhancement,

particularly with

respect to

differentiating among

various disease types.

Framework:
Inception-ResNet-V2
(fine-tuned),

DnCNN, Top-Bott .
" op=bo OmLearmng rate:

The system
demonstrates high
levels of accuracy,
with automated

The objective of
this study is to
employ a

The fusion process
has been shown to

increase The following techniques

combination of

Hat Filtering, disease detection and computational time, . are worthy of note:
0.0001 R deep learning, K X
Entropy-based .. reduced and thus requires the -Intelligent fusion
Apple & Grape . Optimizer: SGD. . . . feature .
selection, Tree Apple: 99.4\ % computational time  undertaking of . techniques
Zahra et al. [82]& (8 classes (4 per Momentum: 0.6 . . .. optimization and
. Growth . . . Grape: 99.9\ %& via feature selection. preliminary . . -Encoder-decoder networks
fruit))& s Minibatch size: 16 . fusion to achieve .
Optimization, SVM Furthermore, the processing steps, e for feature extraction
. Epochs: 100& . . . . the classification o
Data Augmentation: incorporation of including, for . -Improved optimization
. . . of diseases . .
Horizontal/Vertical hybrid contrast example, ) algorithms.\ \ \hline
) . affecting apple
Flip enhancement has been augmentation and
. . ) .. and grape
Feature Fusion: Serial shown to improve denoising.&
. . leaves.&
entropy threshold.& image quality.&
The followin,
- Hybrid contrast - Learning rate: e fotlowing . Develop a deep . . ..
. improvements have - Feature fusion . - Lightweight vision
enhancement (Bi- 0.0002 been implemented:  increases learning transformers
LSTM + Haze - Optimizer: SGD. P L framework for . .
. Apple (4 . The enhancements computation time - Activation-based fusion
Naqvi et al. [83]& reduction) -Momentum: 0.702 94.8% & . accurate and L.
classes)& . . . have been designed to - Inverted bottleneck . - Dataset combination for
- Custom CNN - Mini-batch size: i efficient leaf .
ensure enhanced may lose critical . robustness testing.
models (BRwSA, 64 accuracy in features.& disease \\'\hline
IBRwWSA) - epochs :100 & Y recognition.&

comparison to the
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- Feature fusion + SOTA (state of the art)
HLO optimization benchmark, whilst

- SWNN classifier + concomitantly
LIME.& 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).&
The following objectives are
r :
- HLO (Human The enhanced disease Address the to be pu sue.zd .
. . The generalizability of the
Learning contrast facilitates challenges
Lo . . . system needs to be
Optimization) improved feature associated with |
. . The dataset for improved.
parameters: 10 extraction, while the o low-contrast .
Cucumber (5 . .. cucumber is limited | Exploration is to be
solutions, 100 94.9\ %& optimized feature L. . disease
classes) . . . in size due to its L undertaken of the use of
interactions, selection process . recognition and . .
o . private nature.& . lightweight architecture.
validation ratio 0.3 ensures a more high parameter . .
. . . Additionally, there is a
- Same as Apple efficient utilization of pre-trained .
. . necessity to reduce the
for training.& resources.& models.& .
complexity of
fusion.\ \ \hline
The advantages of this To develop a
8es -There is a risk of P -The dataset should be
system are manifold. . methodology for . . .
. . overfitting. . _expanded in both diversity
. Primarily, evidence . the early detection )
- MobileNetV2 -The dataset is too . and size.
has demonstrated that of plant diseases, . .
. - ResNet50V2 . homogeneous. . . -The efficacy of alternative
Multiple Transfer Learnin, it can reduce features There is a witha view to re-trained models should
Al-Gaashani et al. (Tomato, & e - MLR + GSA: by 50%. Secondly, it is enhancing food p
(TL) Not specified.& ] dependency on . be tested.
[84]& Coffee, Corn ...) L 99.2\ %& highly accurate. o . security. The
(18 classes)& - Gravitational Search Thirdly it is both specific pre-trained roposed -A range of feature
Algorithm (GSA) com Lz,t/ationall models. 5 I;oach involves selection methods should
- MLR/KNN.& P Y -The approach has PP be explored.
efficient and capable the
. not been tested on | . -The model should be
of multi-level feature . implementation of, )
other plant species.& implemented in real-world

fusion.& an automated,

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202509.1504.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 17 September 2025

d0i:10.20944/preprints202509.1504.v1

36 of 48

resource-efficient

classification
system.&

agricultural
settings.\ \ \hline

to develop an

Future research will focus
on:
-The implementation of the

-It exhibits high -Relying on large, automated rice .
. . system in real automated
. accuracy and low annotated datasets is leaf disease . .
- Learning Rate: 0.1 . . systems is imperative.
. . error rate. suboptimal. detection system
- Convolutional (adjusted per . . . . -The study assumes that the
-It utilises parameters -The testing datais using CNN . ..
Neural Network epoch) .. . .. . concept under investigation
C. efficiently via limited (5% of the (Convolutional
(CNN). - Optimizer: .. should be extended to other
. . . . . EfficientNetBO. total dataset). Neural Network)
Abdul Azizetal. Rice (10 - Transfer Learning  Stochastic Gradient 98.86\ %¢& It reduces trainin The potential and transfer cultures.
[85]& classes)& (EfficientNetB0). Descent (SGD). ' ? . J P . . -The implementation of test
. time and computational costs learning to
- Data Augmentation Momentum:0.9. . procedures on larger and
computational for deep models are enhance the . .
- 5-fold Cross- - Epochs: 100. . . . more diverse data sets is
1. . resources with not discussed. system's accuracy, . .
Validation.& - Batch Size: Not . . .. .. imperative.
. transfer learning. -There is no explicit efficiency, and .
specified.& . . S -Integration of the system
-It handles dataset discussion of model applicability in . . ..
s . . . with mobile applications
variability well.& interpretability.& agricultural . A
for use in the field is a
technology.& .
crucial aspect that needs to
be addressed.\ \ \hline
The following are th
¢ foowing are the . Firstly, it is robust and -The presence of The objective of . .
algorithms under Learning rate: 0.1- . . . . -The real-time collection of
. . generalizes well acrosscomputational this study is to .
consideration: 0.001. ) . - data and the detection of
.. diverse environments. challenges on small develop efficient . .
-PDDNet-AE (Early - Optimizer: Y . multiple objects (clusters of
. Secondly, itisboth  devices has been models for the
Fusion) Adam. computationall noted detection and leaves)
-PDDNet-LVE (Lead - Batch size: 10— P Y oL -The development of
. . efficient and -The presence of class classification of .
Multiple Voting Ensemble)  100. . . .. . . . mobile and web-based
. . . parsimonious inits  imbalance in datasets plant diseases. . .
(Tomato, Maize, -Nine pre-trained - Epochs: 10. Use of parameters (mitigated b These models will applications for field
Shafik et al. [86]& Apple, Potato, CNNs: DenseNet201, - Gradient 97.79\%& L & y deployment
Thirdly, it is capable selecting 15 balanced be developed . . .
Strawberry...) ResNet101, ResNet50, threshold: 1 . . -The creation of lightweight
. of effective feature  classes) has been using transfer .
(15 classes)&  GoogleNet, AlexNet, - Weight decay: . . , models (quantization,
extraction using noted. learning and ..
ResNet18, 0.0001. ensemble methods There is a ensemble vision transformers)
EfficientNetB7, - MB-SGD (Mini Finallv. it utilises dependency on methods. with a -The addressing complex
NASNetMobile, Batch Stochastic nature}:l’back round  h per ararz\eter view to e’nhancin backgrounds and the
ConvNeXtSmall Gradient Descent) 8 yperp 8 challenges of

-Logistic Regression
(LR) classifier.&

for optimization.&

images (not
controlled).&

tuning, which is to be agricultural
expected in this field. sustainability.&

localization. \ \ \ hline
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-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.&

- Ensemble of
GoogLeNet and
VGG16-based CNN

Learning rate: Not
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- Proposed IncMB - Epochs: 15 and required for disease  background features diseases; and to -The model should be
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module, Mish -The potential for real- -The model's performance of  processing and real-time
activation function, time disease detection performance may be CNNs, CNNs applications.
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5. Critical Analysis

The reviewed approaches demonstrate notable strengths, as evidenced by their high accuracy
rates, which frequently exceed 95%. This underscores the efficacy of deep learning models,
particularly convolutional neural networks (CNNs) such as ResNet and VGG, in extracting spatial
features from plant images. Moreover, the application of transfer learning has been shown to be
highly advantageous, substantially reducing the requirement for extensive, labelled datasets while
maintaining robust performance across a range of crops and disease types. However, it is important
to acknowledge several limitations. A notable weakness is the over-reliance on curated datasets, such
as PlantVillage, which are often collected under controlled laboratory conditions and lack the
variability and complexity encountered in real-world agricultural environments, limiting the
generalizability of the models. Furthermore, the computational demands of advanced architectures
like VGG16 and ResNet hinder scalability, particularly for deployment in resource-constrained
settings. Another critical limitation is the insufficient exploration of early-stage disease detection and
the simultaneous identification of multiple diseases, which are common challenges in practical
agricultural scenarios.

To address these limitations, several research gaps have been identified. First, there is a pressing
need for the development of lightweight models, such as MobileNet, which can operate efficiently
on edge devices with limited computational resources. Secondly, the incorporation of multimodal
data, encompassing IoT sensor inputs (e.g., temperature, humidity) and spectral imaging, has the
potential to enhance the robustness and accuracy of disease detection systems. Finally, there is a need
for research to develop models that are resilient to environmental variations, such as changes in
lighting conditions, occlusions, and background noise, to ensure reliable performance in diverse
agricultural settings. Addressing these gaps will be critical to advancing the practical applicability of
deep learning in plant disease detection and management.

6. Results and Findings

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. [24]) 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 1,200 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 (e.g., Jiang et al.’s [16] 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.
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7. Future Directions

Following a thorough review of Table 1, the following refined directions emerge to address

current gaps and leverage technological advancements:

1.

Advanced Hybrid Architectures: Future models should prioritise hybrid frameworks (e.g.,
CNN-RNN, attention mechanisms) to integrate spatial-temporal data, enhancing early disease
detection. This finding is consistent with studies such as Jiang et al. [16] and Zhang et al. [22],
which underscore the efficacy of fused architectures for enhanced accuracy and real-time
performance.

Scalable and Diverse Datasets: Addressing dataset limitations, including class imbalance and a
paucity of real-world variability, necessitates the curation of large-scale, multimodal datasets.
The augmentation of synthetic data and the establishment of collaborative platforms for the
dissemination of agricultural data in the public domain have the potential to mitigate biases and
enhance the generalisability of models across a range of crops (e.g. millet, potatoes) and
environments.

Edge-Al and IoT Integration: The deployment of lightweight, energy-efficient models (e.g.
MobileNetV3, EfficientNet) on edge devices will facilitate real-time, on-field diagnostics. This
reduces reliance on cloud infrastructure, as seen in Nayak et al. [39], and supports IoT-enabled
systems for continuous environmental monitoring and rapid response.

Explainable AI (XAI): Bridging the trust gap between farmers and Al necessitates interpretable
models. Techniques like Grad-CAM or attention visualization, as explored by Karthik et al. [20],
can clarify decision-making processes, fostering adoption in practical settings.

Cross-Domain Generalization: Advancing beyond the confines of a single crop (e.g., tomatoes),
future research should prioritize the development of transferable models adaptable to diverse
crops and geographies. This necessitates benchmarking against heterogeneous datasets and the
incorporation of unsupervised and semi-supervised learning to mitigate the dependency on
annotation.

Sustainability-Driven Innovation: Developing resource-efficient algorithms (e.g. pruning,
quantization) will democratize access for smallholder farmers. Moreover, the integration of
artificial intelligence (AI) with climate-smart practices, such as the prediction of disease
outbreaks under changing environmental conditions, has the potential to enhance global food
security.

By addressing these priorities, Al-driven solutions have the capacity to exceed academic

standards, delivering scalable, equitable, and actionable tools for sustainable agriculture.
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