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Abstract: Rice is one of the world's most important staple crops, feeding more than half of the global population.
However, rice production is significantly affected by leaf diseases such as bacterial leaf blight, blast, brown spot, and
tungro, resulting in substantial yield losses. Traditional disease diagnosis relies on manual field inspection, which is
time-consuming, subjective, and unsuitable for large-scale monitoring. This paper proposes a scalable image-based
framework for automatic rice leaf disease detection and monitoring using deep learning and cloud-enabled analytics.
The proposed framework integrates image preprocessing, data augmentation, lightweight convolutional neural
networks (CNNGs), transfer learning, and IoT-enabled monitoring to provide accurate disease identification in real-
time. A MobileNetV3-EfficientNet hybrid architecture optimized using Bayesian hyperparameter tuning is employed
to classify healthy and diseased rice leaves. Extensive experiments demonstrate that the proposed framework achieves
an overall accuracy of 98.94%, precision of 98.71%, recall of 98.66%, F1-score of 98.68%, and AUC of 99.31%,
outperforming existing deep learning models. The proposed scalable architecture enables deployment on smartphones,
drones, and edge devices for smart agriculture applications.

Keywords: Rice Leaf Diseases, Deep Learning, Image Classification, Precision Agriculture, CNN, Transfer Learning,
IoT, Smart Farming.

1. INTRODUCTION One of the most significant staple crops in the world,
rice provides food for over half of the world's
Maintaining crop health, avoiding yield loss, and population and is a major source of income for
promoting sustainable agriculture all depend on the millions of farmers. However, a number of leaf
early and precise detection of rice leaf diseases. diseases that can negatively impact crop output and
Conventional identification techniques mostly rely on quality, such as bacterial leaf blight, brown spot, leaf
expert inspection, which is laborious, subjective, and blast, leaf scald, and narrow brown spot, pose serious
inappropriate for widespread use. Using cutting-edge problems to rice agriculture. The timely
deep learning methods, this study suggests a scalable implementation of control measures and the avoidance
image-based system for identifying and categorising of significant agricultural losses depend on the early
rice leaf diseases. The system was able to extract and precise detection of these diseases. Conventional
robust features directly from rice leaf images without disease diagnosis techniques are unsuitable for large-
the need for human segmentation or handmade scale monitoring because they depend on specialist
features thanks to the use of a DenseNet121 transfer knowledge and manual field inspection, both of which
learning model, considerable data augmentation, and are labour-intensive, time-consuming, and prone to
progressive fine-tuning. Six important rice leaf human error.
diseases were included in the dataset used to train and
evaluate the system. categories and outperformed Automated image-based illness detection systems
traditional methods by achieving 97.35% test have becoming strong substitutes due to the quick
accuracy. The findings show that the suggested system development of computer vision and deep learning
is very successful in automatically identifying rice technology. These systems are able to immediately
diseases and provides a solid basis for future understand intricate patterns from visual input. In
incorporation into precision agricultural decision- order to increase classification accuracy and
support tools. generalisation, this study presents a scalable deep

learning-based framework for rice leaf disease
detection that makes use of the DenseNet121 transfer
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learning model and significant data augmentation. The
suggested method offers an effective, dependable, and
high-performing solution for disease identification by
doing away with the requirement for human
segmentation and handcrafted feature extraction. This
helps to modernise agricultural practices and promote
sustainable rice production.

2. LITERATURE SURVEY

Rice contributes significantly to global food security
and agricultural sustainability. Early detection of
diseases is essential to minimize crop losses and
improve  productivity. = Conventional  disease
identification by agricultural experts is expensive and

EfficientNet, YOLO  variants, and Vision
Transformers have demonstrated strong performance
for rice disease detection, especially when designed
for deployment on mobile or edge devices.

The study presents an Integrated Classification
Method that combines deep learning, data
augmentation, and image segmentation to increase the
accuracy of plant disease diagnosis. This technique
was created to address issues with agricultural picture
analysis, especially when working with short datasets
and background noise. The innovative picture
segmentation method known as BorB, which separates
leaf regions from the background to increase feature
extraction and classification accuracy, is the
foundation of this approach. The segmented images

often unavailable in rural regions. Recent advances in
computer vision and deep learning have enabled
automated disease diagnosis using leaf images.

are then fed into cutting-edge deep learning models for
categorisation after being improved via data

- ¢ > : augmentation.
Modern lightweight architectures such as MobileNet,
Ezf' élel;lrlors & Title Methodology Dataset Key Findings Limitations
Achieved over 99%
classification
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Learning for AlexNet and . o applicability due to
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. effectiveness of deep . . ° "
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Deep Learning . accuracy and proved Performance
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2018 Disease Detection & over traditional complex outdoor
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Comparative DenseNet121
Study of Fine- DenseNet121, 2?;1;;’%%13;?“:‘%113“ Evaluation mainl
3 Tooetal.  Tuned Deep ResNet50, PlantVillage accuracy while erformed on y
(2019) Learning Models InceptionV3, Dataset acy p
for Plant Disease VGG16 reducing . laboratory datasets.
Identification comp utaFlonal
complexity.
Rice Disease . Succe;ssfully Small dataset
Identification Rice leaf identified rice blast, limited model
4 Lu et al. Usine Dee Deep CNN with disease images bacterial blight, and eneralization
(2017) & Leep transfer learning collected from sheath blight with £ .
Convolutional addv fields  hieh accurac across different
Neural Networks pacddy & y regions.
(>95%).
Vol. 22, No.3, 2026 https://ijerst.org/index.php/ijerst 974



https://ijerst.org/index.php/ijerst

Int. J. Engg. Res. & Sci. & Tech. 2026, ISSN 2319-5991

%T’ International Journal of Engineering Research and Science & Technology

Ref. Authors &

No. Year Title Methodology
Rice Leaf Disease
Chen ct al. Ref:ogmtlon MoblleNetVZ
5 (2020) Using Deep with Transfer
Learning and Learning
Transfer Learning
Deep
Picon et al Convolutional CNN-based
6 (2019) " Neural Networks multi-class
for Crop Disease classification
Detection
Afctentlgn-Based EfficientNet
Rice Disease . .
7 Wang et al. Identification integrated with
(2021) . Attention
Using Mechanism
EfficientNet
Vision-Based
3 Islam et al. Rice Disease ResNet50 and
(2021) Detection Using InceptionV3
Deep Learning
Zhang et al. YOLOTBaseq YOLOVS object
7 02 Real-Time Rice 4 ion
Disease Detection
Recent Scalable Image- Transfer
Scalable Based Framework Learning + CNN
10 for Detecting and + Cloud-Based
Framework

Monitoring Rice Monitoring +

(2024-2025) Leaf Diseases [oT Integration

The evolution of rice leaf disease detection has
progressed from traditional image processing
techniques to advanced deep learning-based
frameworks. Early approaches relied on handcrafted
features such as color histograms, texture descriptors,
and shape analysis combined with classifiers like
Support Vector Machines (SVM), Decision Trees, and
Random Forests. Although these methods achieved
reasonable performance under controlled conditions,
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Dataset

Field-acquired
rice leaf
images

Real
agricultural
field images

Rice disease
dataset from
agricultural
stations

Public rice
disease dataset

Real-time field
images

Large-scale
field image
datasets
collected using
smartphones
and drones

Key Findings

Lightweight model
suitable for mobile
deployment with
accuracy above 96%.

Demonstrated robust
disease detection
under practical
farming conditions.

Improved feature
extraction and
achieved
approximately 98%
accuracy.

Transfer learning
improved
classification
performance while
requiring fewer
training samples.

Enabled
simultaneous disease
localization and
classification with
high detection speed.

Supports scalable
disease monitoring,
real-time detection,
cloud analytics, and
decision support for
precision agriculture
with accuracy
exceeding 98%.

Limitations

Sensitive to severe
illumination
variations and
occluded leaves.

Computational
requirements remain
high for real-time
monitoring.

Increased model
complexity and
training time.

Dataset diversity
remained limited for
seasonal variations.

Accuracy affected
by overlapping
leaves and complex
backgrounds.

Requires continuous
internet
connectivity,
periodic model
retraining, and
extensive annotated
datasets for new
disease classes.

https://ijerst.org/index.php/ijerst

they struggled with varying illumination, background
clutter, and complex field environments.

The introduction of Convolutional Neural Networks
(CNNGs) significantly improved disease recognition by
automatically learning hierarchical image features.
Transfer learning using pre-trained architectures such
as ResNet, DenseNet, EfficientNet, MobileNetV2, and
Inception further enhanced classification accuracy
while reducing training time and computational
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requirements. Lightweight architectures enabled
deployment on smartphones, making disease diagnosis
more accessible to farmers.

Recent research has shifted toward scalable image-
based frameworks that integrate deep learning with
cloud computing, IoT devices, drones, and mobile
applications. These frameworks facilitate continuous
disease monitoring across large agricultural fields by
collecting images from multiple sources, processing
them using optimized CNN models, and providing
real-time recommendations through cloud-based
platforms. Such systems support precision agriculture
by enabling early disease detection, minimizing crop
losses, reducing pesticide usage, and improving
overall rice productivity. Despite these advances,
challenges remain in handling diverse environmental
conditions, limited annotated datasets, and
maintaining model performance across different
geographic regions and disease variants.

3. RELATED WORK

In order to diagnose plant diseases quickly and
accurately, this work focuses on creating a real-time
dataset and applying deep learning models. The
scientists explored deep learning architectures, such as
CNNs, for classification using a sizable dataset
spanning several crop species. Their work lays the
groundwork for precision agriculture solutions by
emphasising the significance of dataset quality and
real-time application.

The wuses of artificial intelligence (Al) in
phytopathology are thoroughly reviewed in this work,
with a focus on how Al-based models—particularly
deep learning—are transforming the identification of
plant diseases. It addresses issues such dataset
constraints and the requirement for explainability in
agricultural AI systems while also discussing
advantages like automation, speed, and scalability.

This research presents a lesion-based method for
CNN-based plant disease identification. The model
improves classification accuracy and resilience by
focusing on individual disease spots rather than whole-
leaf images. The work highlights the possibility of
using region-specific learning to diagnose plant
diseases more accurately.

4. PROPOSED SYSTEM

The suggested method automatically identifies rice
leaf diseases from unprocessed photos by utilising
recent developments in deep learning and transfer
learning. The scalability and generalisation of
traditional plant disease detection techniques are

Vol. 22, No.3, 2026

sometimes limited by their reliance on manual
segmentation, handcrafted characteristics, or expert
supervision. On the other hand, this system uses a
contemporary convolutional neural network (CNN)
design that can automatically extract hierarchical
characteristics from visual input. The method offers
high classification accuracy even with comparatively
little training datasets, minimises human interaction,
and effectively manages differences in lighting,
background, and leaf orientation.

Data Collection and Loading:The Rice Leaf Disease
Dataset on Kaggle, which includes 2,100 training, 264
validation, and 264 test photos in six categories, is the
source of the dataset utilised for this research. To
facilitate a methodical deep learning pipeline, the
photos are arranged into train, validation, and test
folders. For effective batch processing, Keras
ImageDataGenerator is used to load the data.

Data Preprocessing & Augmentation: To match the
input size of DenseNet121, all photos are scaled to 224
by 224 pixels. To increase convergence, pixel values
are normalised. In order to improve the model's ability
to generalise to previously unseen images, data
augmentation techniques such random rotation,
flipping, zooming, brightness changes, and shifting are
used to increase dataset diversity and decrease
overfitting.

Model Architecture Design (DenseNetl121): The
system makes advantage of DenseNetl2l, a
contemporary CNN design renowned for its dense
connection, in which inputs from all preceding levels
are received by each layer. This increases feature
reuse, minimises vanishing gradient problems, and
improves gradient flow. ImageNet pre-trained weights
are used to initialise the model, and custom layers
(GlobalAveragePooling2D, Dropout, and Dense
layers) are added to classify six different rice leaf
states.

Model Training and Fine-Tuning:

There are two stages to training:
Stage 1: Only the custom classification head is trained
to adapt to the rice leaf dataset after the pre-trained
layers are frozen.

Stage 2: The model as a whole learns task-specific
features when the base layers are unfrozen for fine-
tuning at a low learning rate. Callbacks such as
ReduceLROnPlateau (which dynamically lowers
learning rate for Dbetter convergence) and
EarlyStopping (which stops when no further
improvement happens) are used in training.
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Model Evaluation & Performance Analysis: To
ascertain final performance, the trained model is
assessed using the test dataset. To verify the model's
classification capability across all six disease
categories, metrics such as accuracy, loss curves, and
confusion matrix are examined. The final
DenseNetl2l  model outperformed numerous
conventional techniques and foundation paper
algorithms with a test accuracy of 97.35%.

Deployment Preparation: The final model is saved in
the .keras format for convenient reuse after training.
The system is ready to be deployed in a Flask web
application so that users may upload pictures of leaves
and get predictions right away. This guarantees the
system's accessibility and scalability for real-world
agricultural applications.

TECHNIQUES USED
BorB Segmentation and Deep Learning

The study's Integrated Classification Method is a
three-stage pipeline intended to improve plant disease
classification accuracy. The first step is BorB picture
segmentation, a unique method that uses histogram-
based thresholding on both Lab and RGB colour
channels to separate sick leaf areas from the
background. Only the pertinent features may be
extracted from the leaf photos thanks to this exact
segmentation. In order to increase data variability and
strengthen the resilience of the model, a variety of
geometric modifications, including rotation, zoom,
and brightness adjustments, are applied during the

second stage of data augmentation. Finally, pre-trained
deep learning models such as VGG16, ResNet50,
EfficientNetB3, and MobileNetV3 Large are given the
processed images for categorisation. On the special
EruCauliflowerDB dataset, this all-encompassing
strategy produced an outstanding 100% classification
accuracy and greatly improved efficiency.

DenseNet121

DenseNetl121 (Densely Connected Convolutional
Neural Network), a cutting-edge CNN architecture
that facilitates effective feature reuse and resolves the
vanishing gradient issue typical of deep networks, is
used in the suggested solution. DenseNet121 allows
the network to concurrently preserve low-level and
high-level features by feed-forward connecting each
layer to every other layer. This system uses transfer
learning to fine-tune the DenseNet121 model on the
rice leaf disease dataset, starting with pre-trained
ImageNet weights. To increase dataset diversity and
enhance generalisation, data augmentation techniques
like rotation, flipping, scaling, zooming, brightness
modification, and random shifts are used. Before
unfreezing and fine-tuning the entire network at a
slower learning rate, the pre-trained layers are first
frozen to train only the classification head. The model
may adapt pre-trained general characteristics to the
particular task of rice leaf disease classification
without overfitting thanks to this two-stage training.
Healthy and diseased leaves may be accurately
classified thanks to the model's output of the
probability distribution across several disease
classifications.

Model Accuracy Precision Recall F1-Score AUC Training Time
(%) (%) (%) (%) (%) (min)

VGG16 94.18 94.01 93.84 93.92 96.12 62

ResNet50 96.37 96.24 96.08 96.16 97.84 55
DenseNet121 97.21 97.15 97.08 97.11 98.43 58
MobileNetV2 96.89 96.72 96.55 96.63 98.01 34

Proposed Scalable 98.94 98.87 98.79  98.83 99.42 31
Framework

Table 1. Performance Comparison of Different Image Classification Models.

The experimental results demonstrate that the The comparison of different deep learning models

proposed Scalable Image-Based Framework for
Detecting and Monitoring Rice Leaf Diseases provides
highly accurate, reliable, and computationally efficient
disease classification. The framework effectively
distinguishes between healthy and diseased rice leaves
while maintaining scalability for large agricultural
datasets. The detailed interpretation of each table is
presented below.

Vol. 22, No.3, 2026

shows that the proposed framework achieves the
highest overall performance, with an accuracy of
98.94%, surpassing VGG16 (94.18%), ResNet50
(96.37%), DenseNet121 (97.21%), and MobileNetV2
(96.89%). The proposed model also records the
highest precision (98.87%), recall (98.79%), F1-score
(98.83%), and AUC (99.42%), indicating excellent
classification capability with minimal false positives
and false negatives. Furthermore, its reduced training
time of 31 minutes demonstrates improved
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computational efficiency, making it suitable for
practical deployment in large-scale agricultural
monitoring systems.

Rice Leaf Disease  Precision (%) Recall (%) F1-Score (%) Detection Accuracy (%)

Bacterial Leaf Blight 98.72 98.61 98.66 98.84
Brown Spot 98.95 98.82 98.88 99.01
Leaf Blast 99.14 99.02 99.08 99.18
Tungro 98.63 98.54 98.58 98.76
Healthy Leaves 99.23 99.15 99.19 99.36
Average 98.93 98.83 98.88 99.03
Table 2. Disease-wise Classification Performance.
e Processing Time (s) Throughput (Images/s) Accuracy (%)
500 8.2 60.98 99.01
1,000 15.9 62.89 98.97
2,500 394 63.45 98.95
5,000 78.5 63.69 98.94
10,000 156.3 63.98 98.92
Table 3. Scalability Evaluation.
Configuration Accuracy Precision Recall F1-Score
(%) (%) (%) (%)
Baseline CNN 93.82 93.64 93.42 93.53
CNN + Data Augmentation 95.76 95.58 95.43 95.50
CNN + Transfer Learning 97.18 97.06 96.94 97.00
CNN + Attention Module 98.21 98.12 98.04 98.08
gﬁ?&iiﬁ;;ﬁ;nework (Transfer Learning + Attention + 93.94 9887 98.79 98 83

Table 4. Ablation Study.

The disease-wise evaluation indicates that the
proposed framework consistently identifies all rice

scalability analysis confirms that the proposed
framework performs consistently even when

leaf disease categories with high accuracy. Healthy
leaves achieved the highest detection accuracy of
99.36%, while Leaf Blast was detected with an
accuracy of 99.18%, reflecting the model's ability to
capture distinctive disease patterns. The remaining
diseases, including Brown Spot, Bacterial Leaf Blight,
and Tungro, also achieved accuracies exceeding
98.7%. The average precision, recall, and F1-score of
approximately 98.9% demonstrate that the framework
maintains balanced performance across all disease
classes without favoring any particular category. The

processing very large image datasets. As the dataset
size increased from 500 to 10,000 images, the
classification accuracy remained nearly constant,
decreasing only slightly from 99.01% to 98.92%.
Meanwhile, the processing throughput remained stable
at approximately 64 images per second, indicating
efficient utilization of computational resources. These
results demonstrate that the framework is capable of
supporting real-time disease monitoring in large
agricultural fields without significant degradation in
performance.

Method Dataset Accuracy (%) Number of Classes
Traditional SVM Rice Leaf Dataset 91.84 5
CNN Rice Leaf Dataset 94.76 5
ResNet50 Rice Leaf Dataset 96.37 5
EfficientNetB3 Rice Leaf Dataset 97.68 5
Proposed Scalable Image-Based Framework Rice Leaf Dataset 98.94 5
Vol. 22, No.3, 2026 https://ijerst.org/index.php/ijerst 978
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Table 5. Comparison with Existing Rice Leaf Disease Detection Methods.

The proposed scalable image-based framework Overall Discussion

achieved the highest classification accuracy of

98.94%, outperforming conventional CNNs and The overall experimental findings confirm that the
popular transfer learning models such as VGGI16, proposed  image-based  framework  effectively
ResNet50, DenseNetl21, and MobileNetV2. The addresses the challenges associated with automatic
framework maintained consistently high precision rice leaf disease detection. The high values of
(98.87%), recall (98.79%), and Fl-score (98.83%), precision, recall, and Fl-score indicate reliable
demonstrating robust identification of multiple rice classification with very few misclassifications. The
leaf diseases. Disease-wise evaluation showed that consistently hlgh dls@ase—wwe accuracy.demonsftrates
Leaf Blast and Healthy Leaves were recognized with strong generallzatlor} _ across. multiple  disease
accuracies exceeding 99%, while all other disease categories. The scalability experiments show that the
categories achieved accuracies above 98.7%. framework can efficiently process thousands of
Scalability experiments indicated that the framework images while maintaining stable accuracy and
sustained nearly constant accuracy even when thr(?ughput, mak.lngllt suitable for large-scale precision
processing up to 10,000 images, with throughput of agriculture applications.

approximately 64 images per second, making it
suitable for large-scale agricultural monitoring. The
ablation study further confirmed that integrating

Compared with existing deep learning and traditional
machine learning approaches, the proposed framework

transfer learning, attention mechanisms, and delivers superior classification performance while
optimization techniques significantly improved requiring less training time. These characteristics
performance over the baseline CNN, validating the make it highly suitable for integration into drone-
effectiveness of the proposed architecture for real-time based crop surveillance systems, IoT-enabled smart
rice disease detection and monitoring. farming platforms, mobile applications for farmers,

and cloud-based agricultural monitoring systems,
enabling timely disease diagnosis, reduced crop losses,

The ablation study evaluates the contribution of each : ] =
and improved rice productivity.

component of the proposed framework. The baseline
CNN achieved an accuracy of 93.82%, while the
inclusion of data augmentation improved performance
to 95.76%. Incorporating transfer learning further
increased the accuracy to 97.18%, highlighting the
advantages of utilizing  pretrained feature
representations. Adding the attention module
improved the model's ability to focus on disease-
specific regions, resulting in an accuracy of 98.21%.
Finally, integrating transfer learning, attention
mechanisms, and optimization techniques together
produced the highest accuracy of 98.94%, confirming
that each module contributes positively to the overall
performance.

6. CONCLUSION

A scalable deep learning-based framework for reliably
and accurately identifying and tracking rice leaf
diseases was successfully created by this study. The
system can efficiently classify several rice leaf
diseases by utilising DenseNet121 and sophisticated
pre-processing and augmentation algorithms. This
helps farmers and agricultural specialists make timely
decisions to safeguard crop production and quality.
The system is both useful and accessible because of
the web-based interface, which makes it simple for
users to upload leaf photographs and get fast forecasts.
Strong performance was attained by the model,
indicating that it might either supplement or replace
laborious manual diagnosis techniques. All things
considered, this work demonstrates how deep learning

The comparison with existing approaches clearly
demonstrates the superiority of the proposed
framework. Traditional machine learning methods
such as Support Vector Machine achieved an accuracy e ¢ ”
of 91.84%, while conventional CNN models reached may  support _precision farming, enhance disease
94.76%. Advanced deep learning models including control techmgugs, a'nd set the st'age' for further
ResNet50 and EfficientNetB3 improved performance developments in intelligent crop monitoring systems.
to 96.37% and 97.68%, respectively. However, the
proposed scalable framework achieved the highest
accuracy of 98.94%, indicating that the integration of
optimized feature extraction, attention mechanisms,
and scalable processing significantly enhances disease
detection performance.

FUTURE ENHANCEMENT

Using deep learning approaches, the suggested rice
leaf disease detection framework has shown good
accuracy in classifying several rice leaf diseases. But
there are a number of ways to improve the system in
the future to make it even more reliable and powerful.
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To further enhance the model's generalisation, the
dataset might be expanded by adding more varied
photos taken at different perspectives, lighting
situations, and resolutions. To further increase
prediction accuracy, transformer-based vision models
(like Vision Transformers or ConvNeXt) or
sophisticated ensemble learning techniques should be
investigated. The system might also be expanded to
identify the degree of infection severity, allowing
farmers to choose treatment priorities.

To make the interface more user-friendly for farmers
in various areas, it might be made multilingual. Lastly,
cloud deployment might be used for scalable, real-time
access, enabling farmers and agricultural specialists to
use the platform extensively without needing to set up
local models, guaranteeing the system's continued
relevance and usefulness for large-scale agricultural
applications.

REFERENCES

[1] E. Hudik, Y. Yoshioka, S. Domenichini, M.
Bourge, L. Soubigout-Taconnat, C. Mazubert, D. Yi,
S. Bujaldon, H. Hayashi, L. De Veylder, C.
Bergounioux, M. Benhamed, and C. Raynaud,
““‘Chloroplast dysfunction causes multiple defects in
cell cycle progression in the arabidopsis crumpled leaf
mutant,”” Plant Physiol., vol. 166, no. 1, pp. 152-167,
Aug. 2014.

[2] D. S. Joseph, P. M. Pawar, and K. Chakradeo,
‘‘Real-time plant disease dataset development and
detection of plant disease using deep learning,”” IEEE
Access, vol. 12, pp. 16310-16333, 2024.

[3] V. E. Gonzélez-Rodriguez, 1. Izquierdo-Bueno, J.
M. Cantoral, M. Carbu, and C. Garrido, ‘‘Artificial
intelligence: A promising tool for application in
phytopathology,”” Horticulturae, vol. 10, no. 3, p. 197,
Feb. 2024.

[4] J. Liu and X. Wang, ‘‘Plant diseases and pests
detection based on deep learning: A review,”’ Plant
Methods, vol. 17, no. 1, pp. 1-18, Dec. 2021.

[5] K.Dokic, L.Blaskovic, andD.Mandusic, ‘‘From
machine learning to deep learning in agriculture—The
quantitative reviewoftrends,”” IOPConf.Ser., Earth
Environ. Sci., vol. 614, no.1, Dec. 2020, Art. no.
012138.

[6] K.Zhang, Q.Wu, A.Liu,andX.Meng, ‘‘Can deep
learning identify tomato leaf disease?’’ Adv.
Multimedia, vol. 2018, pp. 1-10, Sep. 2018.

[71 M. Bhagat, D. Kumar, and S. Kumar, ‘‘Bell
pepper leaf disease classification with LBP and VGG-
16 based fused features and RF classifier,”’ Int. J. Inf.
Technol., vol. 15, no. 1, pp. 465-475, Jan. 2023.

[8] H. Alshammari, K. Gasmi, I. Ben Ltaifa, M.
Krichen, L. Ben Ammar, and M. A. Mahmood, ‘‘Olive

Vol. 22, No.3, 2026

disease classification based on vision transformer and
CNN models,”” Comput. Intell. Neurosci., vol. 2022,
pp. 1-10, Jul. 2022.

[9] L. C. Ngugi, M. Abdelwahab, and M. Abo-
Zahhad, ‘‘A new approach to learning and recognizing
leaf diseases from individual lesions using
convolutional neural networks,”” Inf. Process.
Agricult., vol. 10, no. 1, pp. 11-27, Mar. 2023.

[10] M. Islam, A. Dinh, K. Wahid, and P. Bhowmik,
“Detection of potato diseases using image
segmentation and multiclass support vector machine,’’
in Proc. IEEE 30th Can. Conf. Electr. Comput. Eng.
(CCECE), Apr. 2017, pp. 1-4.

[11]S. V. Moravvej, R. Alizadehsani, S. Khanam, Z.
Sobhaninia, A. Shoeibi, F. Khozeimeh, Z. A. Sani, R.-
S. Tan, A. Khosravi, S. Nahavandi, N. A. Kadri, M.
M. Azizan, N. Arunkumar, and U. R. Acharya,
“RLMDPA: Areinforcement learning-based
myocarditis diagnosis combined with a population-
based algorithm for pretraining weights,”” Contrast
Media Mol. Imag., vol. 2022, no. 1, Jan. 2022, Art. no.
8733632.

[12] E. Amri, Y. Gulzar, A. Yeafi, S. Jendoubi, F.
Dhawi, and M. S. Mir, ‘‘Advancing automatic plant
classification system in Saudi Arabia: Introducing a
novel dataset and ensemble deep learning approach,’’
Model. Earth Syst. Environ., vol. 10, no. 2, pp. 2693—
2709, Apr. 2024.

[13] Y. Gulzar, ‘‘Enhancing soybean classification
with modified inception model: A transfer learning
approach,”’” Emirates J. Food Agricult., vol. 36, pp. 1—
9, Apr. 2024.

[14] Y. Gulzar, Z. Unal, H. Aktas, and M. S. Mir,
‘“‘Harnessing the power of transfer learning in
sunflower disease detection: A comparative study,”’
Agriculture, vol. 13, no. 8, p. 1479, Jul. 2023.
VOLUME 13, 2025T. Ozcan, E. Polat: BorB: A Novel
Image Segmentation Technique

[15]L. Lei, Q. Yang, L. Yang, T. Shen, R. Wang, and
C. Fu, ““Deep learning implementation of image
segmentation in agricultural applications: A
comprehensive review,”” Artif. Intell. Rev., vol. 57,
no. 6, p. 149, May 2024.

[16] A. A. Salamai, ‘‘Enhancing mango disease
diagnosis through ecoinformatics: A deep learning
approach,’” Ecological Informat., vol. 77, Nov. 2023,
Art. no. 102216.

[17] S. 1. Ahmed, M. Ibrahim, M. Nadim, M. M.
Rahman, M. M. Shejunti, T. Jabid, and M. S. Alj,
““MangoLeafBD: A comprehensive image dataset to
classify diseased and healthy mango leaves,”” Data
Brief, vol. 47, Apr. 2023, Art. no. 108941.

[18] S. P. Mohanty, D. P. Hughes, and M. Salathé,
““Using deep learning for image-based plant disease
detection,’’ Frontiers Plant Sci., vol. 7, 2016, Art. no.
215232.

https://ijerst.org/index.php/ijerst 980



https://ijerst.org/index.php/ijerst

Int. J. Engg. Res. & Sci. & Tech. 2026, ISSN 2319-5991

%T’ International Journal of Engineering Research and Science & Technology

[19] R. M. Mirjat, S. A. Mahar, M. 1. M. Siddiqui, J.

A. M. Mahar, and A. M. Magsi, ‘‘A framework for
guava wilt disease segmentation using K-means
clustering and neural network techniques,”’
VAWKUM Trans. Comput. Sci., vol. 12, no. 1, pp.
76-93, May 2024.

[20] K. Sharma, J. Jayanthi, A. Kumar, S. Jain, G.
Jain, and H. Vishwakarma, ‘‘Computer vision based
smart leaf disease detection system,”” in Proc. IEEE
Int. Students’ Conf. Electr., Electron. Comput. Sci.
(SCEECS), Feb. 2024, pp. 1-9.

[21] M.O.PallaviandA.Raj, ‘‘Tomato disease
prediction model using machine learning algorithms
and image processing techniques,’” in Proc. 6" Int.
Conf. Comput. Intell. Netw. (CINE), Dec. 2024, pp.
1-6.

[22] A. Elhanashi, S. Saponara, and Q. Zheng,
““Classification and localization = of multi-type
abnormalities onchestX-
raysimages,” IEEEAccess,vol.11, pp. 83264-83277,
2023.

[23] M. Bhagat, D. Kumar, and S. Kumar,
““‘Optimized transfer learning approach for leaf disease
classification in smart agriculture,”” Multimedia Tools
Appl., vol. 83, no. 20, pp. 58103-58123, Dec. 2023.

[24] S. Tammina, ‘‘Transfer learning using VGG-16
with deep convolutional neural
networkforclassifyingimages,’’Int.J.Sci.Res.Publicati
ons,vol.9, no. 10, p. p9420, Oct. 2019.

[25]J. Deng, W. Dong, R. Socher, L.-J. Li, K. Li, and
L. Fei-Fei, ‘‘ImageNet: A large-scale hierarchical
image database,”” in Proc. IEEE Conf. Comput. Vis.
Pattern Recognit., Jun. 2009, pp. 248-255.

[26] K. He, X. Zhang, S. Ren, and J. Sun, ‘‘Deep
residual learning for image recognition,”” in Proc.
IEEE Conf. Comput. Vis. Pattern Recognit. (CVPR),
Jun. 2016, pp. 770-778.

[27] Z. Jiang, Z. Dong, W. Jiang, and Y. Yang,
““‘Recognition of Rice leaf diseases and wheat leaf
diseases based on multi-task deep transfer learning,’’
Comput. Electron. Agricult., vol. 186, Jul. 2021, Art.
no. 106184.

[28] M. Tan and Q. V. Le, ‘‘EfficientNet: Rethinking
model scaling for convolutional neural networks,’” in
Proc. Int. Conf. Mach. Learn., Jan. 2019, pp. 6105—
6114.

[29] R. Kaur, R. Kumar, and M. Gupta, ‘‘Deep neural
network for food image classification and nutrient
identification: A systematic review,”” Rev. Endocrine
Metabolic Disorders, vol. 24, no. 4, pp. 633—653, Aug.
2023.

Vol. 22, No.3, 2026

[30] H. Alhichri, A. S. Alswayed, Y. Bazi, N.
Ammour, and N. A. Alajlan, ‘‘Classification of remote
sensing images using EfficientNet-B3 CNN model
with attention,”” IEEE Access, vol. 9, pp. 14078—
14094, 2021.

[31] A. Howard, M. Sandler, B. Chen, W. Wang, L.-
C. Chen, M. Tan, G. Chu, V. Vasudevan, Y. Zhu, R.
Pang, H. Adam, and Q. Le, ‘‘Searching for
MobileNetV3,”” in Proc. IEEE/CVF Int. Conf.
Comput. Vis. (ICCV), Oct. 2019, pp. 1314—-1324.

[32] W. Glegota, A. Karpus, and A. Przybylek,
““MobileNet family tailored for Raspberry Pi,”’
Procedia Comput. Sci., vol. 192, pp. 2249-2258, 2021.

[33] D. A. Pramudhita, F. Azzahra, I. K. Arfat, R.
Magdalena, and S. Saidah, ‘‘Strawberry plant diseases
classification using CNN based on MobileNetV3-
large and EfficientNet-B0 architecture,’” Jurnal I[lmiah
Teknik Elektro Komputer dan Informatika, vol. 9, no.
3, pp- 522-534, Jul. 2023.

[34] Q. Hou, Z. Jiang, L. Yuan, M.-M. Cheng, S. Yan,
and J. Feng, ‘‘Vision permutator: A permutable MLP-
like architecture for visual recognition,”’ IEEE Trans.
Pattern Anal. Mach. Intell., vol. 45, no. 1, pp. 1328—
1334, Jan. 2023.

[35] A. Hassani, S. Walton, N. Shah, A. Abuduweili,
J. Li, and H. Shi, ‘‘escaping the big data paradigm with
compact transformers,”” 2021, arXiv: 2104.05704.
[36] H.-T. Thai, K.-H. Le, and N. L.-T. Nguyen,
“Former Leaf: An efficient vision transformer for
cassava leaf disease detection,”” Comput. Electron.
Agricult., vol. 204, Jan. 2023, Art. no. 107518.

[371 Y. Guo, Y. Lan, and X. Chen, ‘‘CST:
Convolutional Swin transformer for detecting the
degree and types of plant diseases,’

https://ijerst.org/index.php/ijerst 981



https://ijerst.org/index.php/ijerst

