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ABSTRACT

Early and accurate detection of plant leaf diseases is essential for improving crop yield and ensuring
sustainable agricultural practices. Traditional Convolutional Neural Network (CNN) models often process
entire leaf images without emphasizing disease-affected regions, leading to misclassifications, poor
interpretability, and reduced performance under real-world conditions. This study introduces LeafHealthAl,
a novel deep learning framework integrating Grad-CAM-based Region of Interest (ROI) attention with a
weighted categorical cross-entropy loss to enhance precision in disease localization and classification. The
proposed LDDNet-WROI model leverages ROI-guided learning to focus on disease-relevant features while
dynamically addressing class imbalance. Experiments conducted on the benchmark PlantVillage dataset,
comprising 54,000 images across 38 disease classes, demonstrate that LeafHealthAl achieves a classification
accuracy of 98.46%, surpassing baseline models such as VGGI16, ResNet50, and EfficientNetBO.
Visualization using Grad-CAM heatmaps confirms the framework’s interpretability by clearly highlighting
disease-affected areas. The results validate that ROI-driven attention and weighted optimization significantly
improve model robustness, making LeafHealthAl suitable for real-time precision agriculture applications and
scalable deployment in IoT-enabled crop monitoring systems.

Keywords - Plant Disease Detection, Deep Learning, Region of Interest, Weighted Loss, Precision
Agriculture

1. INTRODUCTION Traditional Convolutional Neural Network

) ) (CNN) models have demonstrated high accuracy
Plant diseases are a serious challenge to global in plant disease classification on curated datasets
agricultural productivity, particularly in crops like PlantVillage. However, most conventional
such as tomato, potato, and corn, where early and CNN approaches process entire leaf images,
accurate detection is crucial for preventing yield treating both healthy and background regions
losses and ensuring sustainable farming practices. equally. This often results in reduced model
Precision agriculture is an emerging approach that performance, misclassifications, and limited
leverages advanged ' technologies .like sensors, interpretability, especially under real-world
ToT-enabled monitoring, and Al-driven analytics conditions with noisy, cluttered, or occluded data

to optimize crop management and resource [3]. To address these limitations, our study
ut1l1zat.10n [2]. W1th}n this context, deep learning- introduces the concept of Region of Interest
based image analysis has emerged as a powerful (ROT), which represents specific portions of an
tool for automating plant disease .detecqon, image containing critical features—such as
reducing the dependency on manual inspection, disease-affected areas of a leaf—while ignoring

which is often time-consuming and prone to irrelevant background information. The ROI in

human error. our framework is generated using Gradient-

e
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weighted Class Activation Mapping (Grad-
CAM), a visualization method that produces
heatmaps highlighting image regions most
influential in the model’s decision-making
process [4]. Furthermore, to manage class
imbalance and improve learning from disease-
prone regions, we employ a Weighted Loss
Function, which assigns higher penalties to
misclassified disease areas while reducing the
influence of less important background pixels [5].

Recent literature highlights a critical gap: the lack
of spatial attention to disease-affected areas and
inadequate interpretability in deep models.
Additionally, existing methods often ignore class
imbalance and environmental variability, which is
standard in practical farming scenarios. These
limitations emphasize the need for a more focused
and intelligent learning framework. To address
these challenges, the present study proposes a
Region of Interest (ROI)-optimized deep learning
framework named LDDNet-WROI, which
enhances conventional CNN performance by
integrating ROI attention and weighted
categorical loss. The main objective is to improve
disease classification accuracy by guiding the
network to concentrate on the most relevant
regions of the leaf image while compensating for
the varying class distributions through dynamic
loss weighting.

The proposed research introduces several
novelties: (i) utilization of Grad-CAM to generate
class-specific ROI heatmaps; (ii) generation of
binary ROI masks that are integrated into the
feature learning process; (iii) formulation of a
custom weighted loss function that emphasizes
disease-relevant regions; and (iv) enhancement of
the base LDDNet architecture to form LDDNet-
WROI, capable of delivering interpretable and
robust predictions. The research contributions
also include extensive evaluation using the
PlantVillage dataset, comparative analysis with
existing models, and an ablation study to isolate
the impact of each innovation.

The remainder of the paper is structured as
follows. Section 2 provides a comprehensive
literature review, analyzing key deep learning
approaches for plant disease detection. Section 3
presents the proposed methodology, detailing the
architecture of LDDNet-WROI, the ROI
extraction process, and the training configuration.
Section 4 discusses the experimental setup,
performance metrics, and visualization results.
Section 5 offers an in-depth discussion, interprets
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the results, and outlines the study's limitations.
Finally, Section 6 concludes the paper and
outlines directions for future research, including
deployment possibilities in real-world innovative
farming applications and integration of multi-
modal data sources.

2. RELATED WORK

This section reviews recent advancements in deep
learning models for plant leaf disease detection
across various crops and diagnostic approaches.
Ritharson et al. [1] presented a deep learning-
based bespoke VGG16 model that can accurately
detect 99.94% of rice leaf illnesses. Dependency
on massive datasets and possible overfitting are
drawbacks. The model will be extended to
additional crops, and instruments for diagnosing
diseases will be improved for wider agricultural
use. Bouacida et al. [2] improved generalization;
however, the deep learning model must be more
resilient and adaptable. It diagnoses plant illnesses
with 97.13% accuracy. Simhadri et al. [3]
examined deep learning techniques for detecting
rice leaf disease, pointing out shortcomings in
current models and recommending further
advancements. Rashid et al. [4] demonstrated
MMF-Net, a CNN-based model that can identify
maize leaf diseases with 99.23% accuracy. Data
processing and complexity are two limitations.
Future research will focus on digesting various
environmental data and enhancing model
flexibility. Alaa et al. [5] presented a 98.80%
accurate feature extraction technique for tomato
leaf disease detection that uses conformable
polynomials. One of the limitations is dataset
reliance. Subsequent research endeavors will
refine feature extraction methodologies and
broaden the model's relevance to diverse crops.

Polly and Devi [6] created a deep learning-based
system with 99% damage detection and 97%
classification accuracy for plant leaf disease
diagnosis. The following study attempts to
increase the system's versatility and broaden its
use to include more crops. Umar et al. [7] created
a 98.8% accurate improved YOLOv7 model to
identify seven tomato leaf diseases. Constraints
on the dataset are examples of limitations. The
improvement of adaptation to diverse field
circumstances and illnesses will be the main focus
of future studies. Sujatha et al. [8] compared and
found that DL approaches are superior to ML
methods for identifying citrus plant diseases. In
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future studies, fuzzy logic and bio-inspired
approaches will improve accuracy with fewer
datasets. Zhang et al. [9] used ResNet101 and k-
means clustering to improve Faster RCNN for
identifying tomato leaf diseases. Single-leaf
detection is one of the limitations. The following
study intends to incorporate photos of actual
plants and other disease traits for increased
accuracy. Khan et al. [10] suggested a quick and
highly accurate approach for detecting cucumber
leaf disease. Among the limitations are difficulties
with segmentation and feature extraction. These
techniques will be refined in the future for better
detection and categorization.

Algani et al. [11] presented ACO-CNN, a very
accurate method for detecting plant leaf diseases.
Time and skill needs are two constraints.
Techniques will be refined in future work for
increased efficacy and efficiency. Ahmad et al.
[12] examined 70 deep learning studies on the
detection of plant diseases, pointed out knowledge
gaps, and recommended the creation of new tools
to increase precision and control. Panchal et al.
[13] achieved 93.5% accuracy in classifying
agricultural diseases using deep learning. Future
research aims to enhance data collection and
integrate recommended treatments. Moupojou et
al. [14] presented FieldPlant, a dataset including
5,170 field photos annotated by experts that
enhances PlantDoc's plant disease categorization.
Upcoming projects will involve using picture
segmentation and improving models. Shovon et
al. [15] presented PlantDet, a deep ensemble
model that improves earlier techniques for
classifying betel leaf disease and rice disease.
Future research will examine more datasets, better
explainability, and optimization strategies.

Kotwal et al. [16] examined the transition of plant
disease diagnosis from conventional to deep
learning methods, pointing out accuracy and data
shortages. Upcoming projects will enhance illness
severity recognition, dataset variety, and model
efficacy. Shewale and Daruwala [17] enhanced
accuracy and efficiency over manual approaches
for diagnosing tomato leaf disease by utilizing
deep learning. Extending datasets and improving
the model are tasks for the future. Nikith et al. [18]
identified CNN as the most accurate model at 96%
when comparing SVM, KNN, and CNN models
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for leaf disease identification. Expanding the
dataset will be a future project that might increase
SVM and KNN accuracy. Ahmad et al. [19]
evaluated the extension of DL models for
identifying corn disease using different datasets.
Future research needs to incorporate various
environmental factors and further enhance
generalization. Datta and Gupta [20] created a
Deep CNN with potential IoT integration to
accurately classify tea leaf diseases, with 96.56%
accuracy.

Dahiya et al. [21] used the PlantVillage dataset,
researchers compared deep learning architectures
for identifying plant diseases and found that
ResNet50 and ResNetl01 performed better.
Umamageswari et al. [22] created software with
98.43% accuracy on Kaggle data for real-time leaf
disease diagnosis using FCM, SIFT, and LSTM.
Jackulin and Murugavalli [23] examined and
contrasted deep learning and machine learning
techniques for identifying plant diseases,
emphasizing the superiority of deep learning. Rao
et al. [24] deployed AlexNet on an app and
achieved 99% and 89% accuracy in classifying
illnesses of grape and mango leaves, respectively.
Zhong and Zhao [25] achieved an accuracy of
93.51% to 93.71% while using DenseNet-121 to
suggest apple leaf disease diagnosis techniques.

Noon et al. [26] examined 45 deep learning
methods for determining plant leaf stress,
emphasizing difficulties and accuracy gains.
Tiwari et al. [27] created and thoroughly tested a
deep learning model for plant disease detection
with a high % accuracy rate of 99.2% and quick
processing. Yadav et al. [28] created a CNN-
based model with a 98.75% accuracy rate in
identifying peach leaf bacteriosis, meaning that
UAV integration and multi-disease detection
might be possible. Li et al. [29] emphasized the
use of deep learning in plant disease diagnosis
while pointing out the requirement for real-
condition data and issues with dataset stability.
Atila et al. [30] examined how well Efficient Net
performs compared to other deep learning models
for categorizing plant diseases, adding that future
work will increase datasets and implement models
for mobile use.




Journal of Theoretical and Applied Information Technology
15" November 2025. Vol.103. No.21 ~J
© Little Lion Scientific

d

SATIT

ISSN: 1992-8645

www jatit.org

E-ISSN: 1817-3195

Table 1: Comparative Summary of Deep Learning-Based Approaches for Plant Leaf Disease Detection

Ref | Approach Technique Algorithm Dataset Limitation / Future Scope
[1] | Deep CNN R-CNN Custom Extend VGG16 to other crop
Learning dataset diseases; develop more
effective diagnostic tools.
[3] | Deep CNN Improved Kaggle Develop adaptable systems
Learning Backtracking dataset suited for actual field
Search (IBS) conditions.
[5] | Deep Al techniques KNN, SVM PlantVillage | Study multi-infection types
Learning for improved practical
application.
[13] | Deep CNN DL algorithms PlantVillage | Collect disease data across
Learning stages using multi-sensors;
integrate cure suggestions
and outcome validation.
[14] | Deep + SVM + Feature | Xception PlantDoc Apply optimization to
Machine Extraction mitigate overfitting; explore
Learning additional datasets for early
diagnosis.
[24] | Deep CNN SGDM PlantVillage | Expand classification to
Learning more disease classes;
develop a farmer-oriented
recommendation system.
[27] | Deep + ML + DL DL algorithms Custom Expand the dataset with
Machine techniques dataset more diverse leaf images for
Learning robust field deployment.
[28] | Deep + Augmentation | DL +ML PlantVillage | Train on varied leaf disease
Machine algorithms images to support multi-
Learning disease detection in peach
crops.
[30] | Deep CNN LAB-based PlantVillage | Increase plant diversity and
Learning hybrid the number of classes in
segmentation future datasets.
[31] | Deep Deep CNN Back- ImageNet Extend the model to assess
Learning propagation disease severity and apply
transfer learning to other
crops.
Thangaraj et al. [31] created a model for detecting Future research should tackle real-world

tomato leaf disease using transfer learning and
discovered that the Adam optimizer produces the
best results. In the future, the model will be
applied to different plants, and the severity of the
illness will be evaluated. Ngugi et al. [32]
discussed deep learning and image processing for
diagnosing plant diseases, highlighting excellent
accuracy but inconsistent results across datasets.
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deployment issues. Abed et al. [33] suggested a
deep learning system that achieves excellent
accuracy for early bean disease detection utilizing
U-Net and several CNN models. Further research
may enhance robustness under various
circumstances. Lakshmi and Savarimuthu [34]
presented an improved version of the EfficientDet
model that offers 74.10% mAP and efficient
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performance on low-end hardware to detect plant
diseases. Future research may examine more
practical applications and optimization. Hu et al.
[35] improved deep learning to analyze the
severity and detection of tea leaf blight, increasing
accuracy but requiring more extensive tissue

coverage.

Table 2: Mapping of Public and Custom Datasets Used in Deep Learning-Based Plant Leaf Disease Detection Studies

Dataset

References

Custom dataset

[11, [11], [27]

PlantVillage dataset

[2], [4], [5), [6], [7], [12], [13], [15], [17], [19], [21], [24],
[26], [28], [29], [30], [32], [33], [36]

Rice Leaf Dataset (Kaggle) [3]

Al Challenger 2018 | [9], [37]
(https://challenger.ai/competition/pdr2018)

PlantDoc dataset [14]

ImageNet dataset [16], [29], [31], [35]
Soybean dataset [18]

CDA&S dataset [19]

Kaggle dataset [20], [22]
DeepWeeds dataset [33]

COCO image dataset [34]

Image Database (unspecified) [39]

LWDCD2020 dataset [40]

Sachdeva et al. [36] suggested a Bayesian-
enhanced DCNN with 98.9% accuracy for plant
disease  identification; nevertheless, other
illnesses need to be investigated in future
research. Zhou et al. [37] showed a reorganized
residual dense network with the possibility for
more improvement that can detect tomato leaf
disease with 95% accuracy. Divakar et al. [38]
used SMOTE and an ensemble algorithm to detect
plant leaf disease and eliminate incorrect
predictions; EfficientNetB7 is shown to be the
best solution. Jiang et al. [39] enhanced VGG16
for multi-task learning in leaf disease detection,
attaining excellent accuracy for illnesses of wheat
and rice. Goyal et al. [40] described a unique deep
learning model with higher accuracy that
outperforms VGG16 and RESNETS50 in
classifying wheat illnesses. Table 1 compares
deep learning-based leaf disease detection
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approaches, outlining techniques, algorithms,
datasets, and limitations, focusing on accuracy,
adaptability, and future improvements. Table 2
lists datasets used in reviewed studies,
highlighting PlantVillage's dominance and the
role of custom and benchmark datasets in training
deep learning models effectively. Recent studies
demonstrate the effectiveness of deep learning
models like VGG16, ResNet, and EfficientNet in
detecting leaf diseases with high accuracy.
Despite their success, dataset dependency,
generalizability, and real-world deployment
persist. Future directions focus on dataset
diversification,  environmental  adaptability,
severity analysis, and practical agricultural
integration. 42-50. Literature explores Al in
healthcare, agriculture, and smart grids, focusing
on deep vein thrombosis diagnosis, irrigation,
disease classification, and electric vehicle
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charging. Techniques include ensemble learning,
heuristic strategies, and bio-inspired optimization,
enhancing efficiency, predictive accuracy, and
intelligent decision-making across domains.

3. PROPOSED FRAMEWORK

One such follow-up of this research is the
production of LeafHealthAl, a novel, ROI-
optimised deep learning model that transforms
such detections into attacks of plant leaf disease.
It combines Grad-CAM-based region localization
with a weighted loss adjustment approach to
emphasize diseased regions. Based on the
LDDNet architecture, the framework achieves
high accuracy while being interpretable and
robust, which is suitable for deployment in real-
world agricultural monitoring systems.

3.1 System Overview: LeafHealthAl

Herein, we present LeafHealthAl, a novel Al-
based framework (as depicted in Figure 1) that
addresses the issues of accuracy and robustness in
identifying leaf diseases in crops. Leveraging the
publicly available LDDNet model, the system
enhances the model by incorporating the Weight-
Based Region of Interest (ROI) Optimization
strategy, leading to the improved model known as
LDDNet-WROI. Conventional profound learning
algorithms master entire leaf images without
focusing on the affected part, which decreases the
system's efficiency, especially in complex
backgrounds or  variable  environmental
conditions. The ROI-guided approach proposed
here learns to leverage disease-relevant sections
of the leaf images while rejecting irrelevant
background information to overcome these
limitations.
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Input Data Data Preprocessing ROI Extraction Module
Plant Village Dataset Resize to 224x 224 Grad-CAMI Heatmaps >
54,000+ Images > Normalize pixel values >
Thresholding >
38 Disease Classes
Data Augmentation:
Healthy + Diseased Leaves Rotation+25, Flipping, Zoom Binary ROI Mask
Model Training & LDDNet-WROT Model Weight-Based ROI
Tuning : Optimization
Adam Optimizer Inception Block
P Assign High Weights to
Hyperparameter Tuning: ROI-modulated Feature Maps | ROI Pixels
. Learning Rate (1e-5 to Global Average Pooling Weighted Lcorssss-Entropy
le-3
SoftMax Output
. Batch Size (16,32,64) ROI Attention Layer

. Dropout Rate (0.2-0.5)

. ROI Weight Factor
(1.5t0 3.0

:

Model Evaluation

Accuracy, Precision, Recall,
F1-Score

Grad-CAM Visualization
Over Test images

Comparison with Baseline
Models

Figure 1: Overall Architecture Of The Proposed Leafhealthai System For ROI-Optimized Leaf Disease Detection In
Precision Agriculture

LeafHealthAlI is built on three core components.
The ROI Extraction Module generates heatmaps
that highlight the areas affected by the disease in
each leaf image using Gradient-weighted Class
Activation Mapping (Grad-CAM) [53]. They are
processed to get the ROI mask through
thresholding, which helps identify important
regions of interest for classification. The Weight-
Based ROI Optimization strategy is proposed to
apply a weighted loss function in the training
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process to exploit the detected ROI better. It
increases the weights for the disease-related areas,
allowing the model to learn the discriminant
features in these regions, which improves
classification performance. LDDNet-WROI:
Enhanced Deep Learning Model — ROI-based
attention mechanisms and a weighted categorical
cross-entropy loss enhance the original LDDNet
architecture. First, the attention mechanism in the
feature maps ensures that the features in the ROI
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regions are more emphasized. Then the weighted
loss heavily penalizes misclassification in these
important critical regions. In summary,
LeafHealthAl can provide high-accuracy, reliable
leaf disease detection, enabling early intervention
and effective crop management in precision
agriculture.

3.2 Dataset Preparation

3.4.1. PlantVillage dataset. The dataset for
developing and evaluating the proposed
LeafHealthAl system is the PlantVillage dataset
[41]. This data is commonly used in agriculture
due to its completeness, quality, and variety. The
images include over 54k high-resolution images
of healthy and diseased leaves, 14 crop species,
and 38 classes. Electric images in the dataset are
accurately labeled, representing various diseases
or healthy leaf conditions, thereby making it
highly suitable for supervised learning tasks.

Before any dataset can be used to train any model,
data cleaning is performed so that all datasets are
consistent and reliable. This means filtering out
duplicate photos, poor-quality samples, and any
ambiguous/ corrupt entries. Moreover, to ensure
uniformity among all input samples, the image
formats and resolutions are standardized.

Preprocessing the data helps clean up noise and
create a dataset from which the model can learn.

The dataset is split into training and testing data
for model training and evaluation. Notably, 80%
of the images are used for model training, and
20% are used for validation and testing. The split
is followed in a stratified fashion so that all classes
of the disease are represented in proportion in both
subsets to maintain the class balance.

There are multiple reasons for choosing the
PlantVillage dataset. Its large diversity of crop
species and disease types provides a good testing
ground for whether the proposed framework is
generalizable. The dataset is also well-labeled and
balanced, making it suitable for effective
supervised deep learning models. The high-
dimensional aspect of the images also allows the
use of ROI-extraction techniques, which is a core
part of the LeafHealthAl system. The framework
is comprehensively trained and tested based on
the PlantVillage data set for practical transfer of
the framework to real agricultural precision
agriculture. Notations in the proposed system are
described in Table 3.

Table 3: Notations Used In Leafhealthai System

Notation Description
D Input dataset (PlantVillage dataset)
Daug Augmented dataset after preprocessing

Dtrain s Dtest

Training and testing subsets of Dy, 4

I Input leaf image

Lyug Augmented image obtained after applying transformations

Ak Feature map output from the k" channel of the last convolutional layer

a_yc Gradient of predicted class score y© w.r.t feature map A*

Ak

ay Weight for feature map A* in Grad-CAM
Grad—CAM Grad-CAM heatmap for class ¢

ROI(, j) ROI mask value at pixel location (i, j), 1 for ROI region, 0 otherwise
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Fijg Feature map value at location (i, j), channel k
F'ijk ROI-modulated feature map value at location (i, j), channel k
W ; Weight assigned to pixel at (i, j) based on ROI
Aror Weight assigned to ROI regions
Agc Weight assigned to background regions
n Learning rate
B Batch size
D Dropout rate
N Total number of test samples
Neorrect Number of correctly classified test samples
Z Total number of pixels in the feature map
3.3 Preprocessing Stage Random transformations are performed on each
LeafHealthAl leverages the importance of training image, including horizontal flipping,

preprocessing, looking into the input data, and
getting ready to learn efficiently. This process
includes multiple transformations performed on
the raw images to maintain consistency, enhance
the visibility of features, and augment the dataset
to achieve better model generalization. For
consistency, all images input from the
PlantVillage dataset are resized to a standard of
224 x 224 pixels. This reduces the leaf images to
an appropriate size for the input layer of the
LDDNet-WROI model using the minimum
amount of data required to maintain key leaf
features.

Normalization is then performed to bring pixel
intensity values into the range of [0, 1]. It speeds
up convergence model training by removing the
influence of pixel ranges. Mathematically, we
normalize each pixel value in an image as in Eq.
1.
_ P Pmin

Prorm = Pmax~Pmin (1)
where ppin and P, are the minimum and
maximum  pixel intensity values. Data
augmentation techniques are also applied to
enhance the model's rigidity and avoid overfitting.
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rotation within a range of £25 degrees, random
zooming up to 20%, and brightness. Let I be the
original image and T The transformation function,
the augmented image 4,4 is written as in Eq. 2.

Iaug =T)
(2)

where T is composed of a combination of rotation
R(0), flipping F, zooming Z(s), and brightness
adjustment B(P) functions. This augmentation
strategy ensures that the model is trained on
images that misbehave, in a realistic sense.

Last but not least, if the images do not come in
RGB mode, we convert them, making sure the
input channels are consistent across datasets. The
images that we end up preprocessing are what go
into the next steps of ROI Extraction and Model
training. In this way, the preprocessing pipeline
guarantees that the dataset is clean, diverse, and
formatted correctly for the best performance of
the LeafHealthAl system.

3.4 ROI Extraction Process

ROI Extraction: The ROI extraction is one of the
most critical steps in the LeafHealthAl
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architecture. It removes all information from the
image except for the disease-affected area. This
allows the model to focus on the most relevant
regions rather than processing the entire image
equally, thus improving classification accuracy
and efficiency.

This is done using Gradient-weighted Class
Activation Mapping (Grad-CAM). Grad-CAM
uses the target class's gradients flowing into the
model's last convolutional layer to generate a
localization heatmap, highlighting the important
areas that affect the class decision of the model.
Given an input image, the feature maps extracted
from the final convolutional layer are denoted as
AF and the gradients of the predicted class score

ay°© .
y© w.r.t. A are denoted as ﬁ. The importance
weight for each feature map is calculated as in Eq.

3.
(€)

c _ 1 ay°
o = EZi )X j;;i(j
where X, and Z indicates the number of pixels in
the feature map, and i and j Index the spatial
dimensions. We can use this information to
generate a heatmap with Grad-CAM. LG .4—-cam>
which is the weighted combination of the feature
maps as in Eq. 4.

Lrad—cam = ReLU (X aj; A¥)
4)

This is ensured by using the ReLU activation,
which allows heatmaps to show only positively
affecting areas. These heatmaps are then
normalized, thresholded, and cropped, producing
binary ROI masks. An empirically chosen
threshold 7 yields the following thresholding
measure as in Eq. 5.

oo (1 ifLGrag—cam(B)) =T
ROI(, j)= @
0) ()] {0’ Otherise
(%)

(where ROI(i, j) is 1 if the pixel at location (i, j)
belongs to the ROI). Afterward, these binary ROI
masks are used in the next steps to apply local
learning. In particular, the ROI masks play a
guiding role in both attention mechanisms in the
improved version of the LDDNet-WROI model
and the weighted loss function, which not only
provides rewards to the disease-affected areas of
images but also reduces the interference of the
background area on the model.
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3.5 Weight-Based ROI Optimization Strategy

A Weight-Based Region of Interest (ROI)
Optimization strategy is proposed to further
improve LeafHealthAl's classification
performance. We refer to the optimization
technique that refines the model to emphasize the
delineated disease-relevant areas during training,
while the ROI extraction process identifies these
areas from leaf images.

The overall concept is to adapt the conventional
categorical cross-entropy loss function, as seen in
the typical segmentation methods, by adding a
new term calculated from the Region of Interest
(ROI) masks. The Grad-CAM process outputs a
Region of Interest (ROI) mask for each input
image, where higher weights correspond to
disease-affected regions and lower weights
correspond to background regions, thus making
the heatmap ascertainable. (4)and let w; ; denote
the weight assigned to the pixel in position (i, j)
of the image as in Eq. 6.

- {AROI, ifROI(i,j)=1 ©6)

" Apg if ROI(i,j) = 0
Where Agp; is the weight applied to ROI regions
and Agg, is the weight applied to the background.
Generally, Agpp; > Agg to augment the ROL
Cross Entropy Loss with Equal Representation for
all a Image having C classes as in Eq. 7.

L=, 2w, 2, v P log (91)
(7

Here, H and W stand for the height and the width

of the image, yifjc.) is the ground truth label for

37}_? is the predicted

probability for class ¢ at the same position.
Besides changing the loss function, an attention
mechanism is also introduced in the LDDNet-
WROI model to further exploit the ROI
information. An attention module leverages the
ROI masks to modulate the feature maps such that
features originating from disease manifesting
areas receive a more significant emphasis when
the network is trained.

class ¢ at (i,j) and

By using a weight substantially greater than or
equal to other labels for training, this method
effectively guides the model to learn and adapt to
the features of input that correlate most strongly
with the presence of disease. This, in turn,
enhances the accuracy, precision, and robustness
of the leaf disease classification process,
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especially in the presence of diverse elements model to pay greater attention to the regions of
such as  Dbackground interference and diseases that are affected, thus increasing its
environmental fluctuations. classification precision and interpretability.
3.6 Enhanced Deep Learning Model — LDDNet- The core of the LDDNet architecture is a sequence

WROI of convolutional processes extended by an

inception-type block of custom designs that
achieves multi-scale feature extraction. This
block enables the model to learn fine-grained and
coarse-grained details that are critical to
accurately detecting diseases for a diverse range
of leaf types and states.

The foundation of the LeafHealthAl framework is
an improved deep learning model called LDDNet-
WROI (shown in Figure 2). This model expands
upon an earlier LDDNet architecture by
incorporating Region of Interest (ROI)
information. This integration aims to allow the

Conv + MaxPooling Block Custom Incention Block
(Feature Extraction)
Parallel Filters: 1x 1,3x 3,5x 5
Concatenation of Multi-Scale

Features

Input Layer Block

Inception Block (1x 1,3x 3,5x
SFilters, Multi-Scale Features

. Input Image (224x 224x 3

\ 4

Dense + Dropout Layers Global Average Pooling ROI Attention Module Block

Block Block ROI Attention Module (ROI
Dense Layers+Dropout(0.4) Global Average Pooling Maskx Feature Maps
Dense Layer (128 units) Inout:ROI Mask
Reduces feature Map
Dropout Rate:0.4 dimensionality Modulation: Element-Wise

Multiplication With feature
maps (equation 8)

4 III
A
4

Output Layer Block

Softmax Output (38 Classes)

Softmax activation

Output:38 disease classes

Figure 2: Architecture of the Enhanced LDDNet-WROI Model with ROI Attention and Weighted Loss for Leaf Disease

Classification
The proposed LDDNet-WROI realizes ROI contribution of irrelevant background regions. In
optimization via two modifications. To begin mathematical terms, denoting Fj;, the feature
with, the addlthI’l of the ROI Attention Module map output at spatial location (l,_]) and channel k
after the IIlCCpthl'l block. The ROI masks as, the ROI-modulated feature map F,i,j,k is

generated in the preprocessing stage are used to
modulate the feature maps in this module, which
helps to enhance the feature representation of F'ijx = ROI(i,)) X Fy j i
disease-affected regions and reduces the ®)

calculated as in Eq. 8.
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where ROI(i,j) represents the value of the
corresponding ROI mask (1 if the size is in the
disease region, 0 otherwise). Second, the model
enters training on the Weighted Categorical
Cross-Entropy Loss function outlined previously,
which highlights correct classification in areas of
ROI. This loss function is combined with the
attention mechanism to the learning process
further, where more significant penalties are
applied to misclassifications within the disease-
affected regions.

The final LDDNet-WROI layers are a global
average pooling layer, followed by fully
connected layers and a softmax activation
function to classify the class probability. To
prevent overfitting, dropout regularization is used,
and batch normalization layers are added to
stabilize the training.

Overall, the proposed modifications in LDDNet-
WROI allow the model to effectively utilize ROI
information, which improves classification
performance and thus highlights its readiness for
precision agriculture deployment in the real
world.

3.7 Training and Hyperparameter Optimization

The LDDNet-WROI is trained in the
LeafHealthAI framework. The model is trained on
the pre-processed and augmented PlantVillage
dataset to create models with clean representative
ROIs and ROI masks generated through Grad-
CAM.

Because of the leverage of adaptive learning rate
for deep learning architectures, which is the case
for this problem, we have picked the Adam
optimizer. A base learning rate of 1x107* is
preferable because it is either too slow to converge
or blows up, so it yields a good model. We used a
batch size of 32, which provides a good balance
in terms of training efficiency versus memory
usage.

Next, to avoid overfitting and improve
generalization, dropout regularization is used on
fully connected layers, with a dropout rate of 0.4.
Next, batch normalization is applied at each
convolutional layer to boost convergence speed
and enhance training stability.

Hyperparameter Search is done via Bayesian
Optimization, which efficiently searches the
hyperparameter space to find the best
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configuration. These are the hyperparameters to
tune:

Learning rate () € [1x107°5,1x1073]
Batch size (B) in {16, 32, 64}

Dropout rate (d) between [0.2,0.5]

ROI weight scale factor (Agg;)) in [1.5,3.0]

It trains the model for 100 epochs but uses the
EarlyStopping callback to stop the process if the
validation loss stops improving, which prevents
overfitting. The training process minimizes the
Weighted Categorical Cross-Entropy Loss
function defined above to encourage the model to
focus on learning from areas affected by the
disease.

To evaluate performance, we measure the
accuracy, precision, recall, and Fl-score for the
trained LDDNet-WROI model on the test set. To
show the effectiveness of the proposed ROI
optimization strategy, we compare the evaluation
results with the baseline models and the original
LDDNet model.

3.8 Proposed Algorithm

The algorithm presents a step-by-step process for
implementing the LDDNet-WROI framework. It
outlines the stages from image loading and
preprocessing to ROI extraction, weight map
generation, model training with weighted loss,
and final disease classification. This structured
workflow ensures that the model learns from
disease-specific regions effectively, enhancing
detection accuracy and enabling interpretable
predictions in precision agriculture.
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Input: PlantVillage dataset D

S

*®

Algorithm: LeafHealthAl — Weighted ROI-Based Leaf Disease Detection

Output: Predicted classes R, Performance metrics M
1. Preprocess D: resize images, normalize pixel values, and apply augmentation to obtain D, .
2. Split Dgyg into training set Dyyq;n, and test set Dygq; .
3. For each image in Diy4in and Dipqin, compute Grad-CAM heatmaps and generate ROI masks.
4. Initialize LDDNet-WROI model with ROI Attention Module.
5. Assign higher weights to ROI regions and define weighted categorical cross-entropy loss.

Tune hyperparameters using Bayesian Optimization.

Train LDDNet-WROI on Dy, 4, Using ROI masks and weighted loss.

Evaluate the model on D,,;;Compute accuracy, precision, recall, and F1-score.

9. Visualize Grad-CAM heatmaps; compare results with baseline models

Algorithm 1: LeafHealthAl — Weighted ROI-Based Leaf Disease Detection

Algorithm 1 summarizes the main stream of the
LDDNet-WROI  framework  for  accurate
classification of leaf diseases. The process starts
with reading the input image dataset and applying
data augmentation to enhance the training
diversity. The Grad-CAM technique is utilized on
the trained LDDNet to produce class-specific
heatmaps, and the resulting images are
subsequently thresholded to obtain Region of
Interest (ROI) masks. These ROI masks create
weight maps that allow the model to concentrate
on areas germane to disease learning. The
proposed LDDNet architecture is subsequently
trained, with a weighted categorical cross-
entropy loss function that gives higher penalties
for misclassifying pixels that belong to regions of
interest (ROI). The trained model is then
employed for classifying new images, outputting
disease predictions, and interpretable areas of
interest (ROI) visualizations. Overall, it results in
better detection ability (focusing), interpretability,
and accuracy based on signatures of different
plant leaf diseases using this pipeline.

3.9 Evaluation Metrics and Analysis

The evaluation of the model, ie., the
LeafHealthAl system proposed based on the
LDDNet-WROI model, is done through several
metrics, and the system performance is analysed
based on them. These metrics provide better
insights into the system's accuracy, robustness,
and generalization capabilities across multiple
disease classes.
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We are mainly concerned with classification
accuracy, i.e, the fraction of correctly classified
images over the number of pictures in the test set.
During testing, let N be the total number of
samples and N.yrect b€ the correctly classified
samples. The formula for computing the accuracy
isin Eq. 9.

Accuracy= % x 100 (9)

Besides accuracy, precision, recall, and F1-score
are calculated to give a more insightful analysis,
especially when working with problems with
class imbalance. Precision (P), Recall (R), and F1-
Score (F1) for each class are defined in Equations
(10) through (12).

TP

P=rrirr (10)
TP
" TP+FN (11
- PXR

Fl=2 x <k (12)

TP, FP, and FN are the true positives, false
positives, and false negatives, respectively. Grad-
CAM heat maps are superimposed on the test
images to enhance interpretability and visualize
how well the ROI optimization performed. These
heat maps indicate the areas the model focuses on
in generating predictions, demonstrating the
influence of the weight-based ROI methodology.

In addition, LDDNet-WROI is compared to the
baseline models, including VGG16, ResNet50,
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and the original LDDNet models. The
comparative results signify the excellence of the
devised LeafHealthAl technique in accuracy,
precision, recall, and Fl-score and assert the
contribution of the ROI optimization approach.

4. EXPERIMENTAL RESULTS

The  experimental results validate the
effectiveness of the proposed LDDNet-WROI
model using the PlantVillage dataset. Extensive
evaluations, including performance metrics,
ablation studies, and confusion matrix analysis,
demonstrate significant improvements over
baseline and state-of-the-art methods.
Visualization of ROI maps and data augmentation
further supports the model’s robustness, accuracy,
and potential applicability in real-time plant
disease detection systems.

4.1 Experimental Setup

The experimental setup used a high-performance
computing environment configured with an
NVIDIA RTX 3080 GPU (10 GB VRAM), 64 GB
RAM, and an Intel Core i9 processor. The
experiments were implemented using Python 3.9
with the TensorFlow 2.11 and Keras 2.11 deep
learning frameworks. All experiments were
executed in a Jupyter Notebook environment
running on Ubuntu 20.04. The dataset used was
the PlantVillage dataset, which includes high-
resolution images of healthy and diseased leaves
across 14 crop species and 38 classes. The dataset
was partitioned into 80% training, 10%
validation, and 10% testing sets using stratified
sampling to preserve class distribution across all
subsets.

All images were resized to 224x224 pixels to
ensure reproducibility and normalized to the [0, 1]
range. Data augmentation was applied to the
training set with horizontal flipping, rotation
within £25 degrees, zoom range up to 20%, and
brightness  shifts to simulate real-world
conditions. The model was trained using the
Adam optimizer. The initial learning rate was set
to 0.0001 and decayed using a
ReduceLROnPlateau strategy with a patience of 3
epochs and a reduction factor 0.2. A batch size of
16 was used for all training iterations, and the
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number of training epochs was fixed at 50, with
early stopping enabled if no improvement in
validation loss was observed for five consecutive
epochs.

To configure the prototype application for
replicability, the base LDDNet model was first
trained using standard categorical cross-entropy
loss. This model was then used to generate Grad-
CAM heatmaps for the training and validation
images. Thresholding was applied to the heatmaps
(threshold = 0.4) to extract ROI masks. These
masks were resized to match the spatial resolution
of intermediate feature maps and fed into the ROI
attention module of the enhanced LDDNet-WROI
model. The attention-modulated feature maps
were passed through the remaining architecture,
which included global average pooling and dense
layers, followed by a softmax classifier.

To replicate the model training, researchers
should first train the base LDDNet model on the
same dataset and use its intermediate
convolutional layer (e.g., conv2d 2) to extract
Grad-CAM activations. The resulting heatmaps
should be used to compute binary ROI masks,
which are passed as a second input to the
LDDNet-WROI model alongside the original
images. A weighted categorical cross-entropy loss
function must be defined such that pixels within
the ROI are given a higher loss weight (Aro=2.0)
than background regions (Azg=1.0). The entire
training pipeline, from ROI extraction to
attention-based training, is modular and can be
easily adapted by other researchers for different
leaf disease datasets or extended to other crops.

4.2 Exploratory Data Analysis

This part provides some exploratory data analysis
(EDA) for the PlantVillage dataset used in this
research. It introduces class distributions, shotgun
spectra by disease category, and sample
visualization. We performed Exploratory Data
Analysis (EDA) on the dataset. It helped us
understand its structure and decide whether to use
weighted loss functions and data augmentation to
give the model a balanced learning environment
to achieve good prediction classification
performance.
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Figure 3: An Excerpt from the PlantVillage Dataset

Figure 3 shows a snapshot of the PlantVillage data
set showing diverse segments of crops like
pepper, potato, and tomato leaves. Columns
highlight diverse healthy and diseased samples

diseases.

featuring symptoms from bacterial spot, late
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blight, leaf mold, and mosaic virus. This species
diversity enables intense training and testing of
deep learning models for classifying plant




Journal of Theoretical and Applied Information Technology

P
15" November 2025. Vol.103. No.21
© Little Lion Scientific AT
ISSN: 1992-8645 www.jatit.org E-ISSN: 1817-3195

Distribution of Images Across Categories

2500

2000

Number of Images

=3 = E = = g = = = = = = =1 @ 3
5 § 2 5§ £ & £ §$ £ 58 & & & £ §
= = ! = ! ] >! =, o' E = = ‘g 2 =
E 0§ J 8 £ § ¢ 8 & - % B & 3§
s B I B 8 g 5 g € & g & 5 3
J & g #®# 8§ g & °©- E &5 &% £ £ & £
2 5 = 2 E = " s % 5 5 2
2! 2 = 2 o e
= - «' = =
5 g E
Z £
2
=3
Categories
Figure 4: Image Distribution in the Plant Village Dataset by Category
Figure 4 shows the distribution of images across categories  like  “Potato  healthy” and
the 17 classes in the Plant Village dataset, where “Tomato_mosaic_virus” are less represented. Due
a clear class imbalance is observed. For instance, to this imbalance, weighted loss and augmentation
the “Tomato_YellowLeaf Curl Virus” category strategies are needed to learn all classes with
has the most samples. On the other hand, equity.
Original Horizontal Flip Vertical Flip Rotation 30°

Brightness- Gaussian Blur

Zoom

Figure 5: Augmentation Variants of a Real Leaf Image Used for Enhancing Model Generalization

Some augmentation examples applied on a real generalization. Currently, this is a fundamental
pepper leaf infected with Bacterial spot are shown step to train deep learning models where they can
in Figure 5. Role of data augmentation: flipping, adjust themselves dynamically to the agricultural
rotation, zooming, brightness variation, and and real environment variability [14].

blurring. These augmentations imitate different
environmental contexts, contribute variability to
the dataset, and improve the model's

e
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4.3 Results and Performance Comparison to
Baselines

The following two sub-sections provide the
results and performance comparisons of the
proposed LDDNet-WROI with a series of
baseline and recent state-of-the-art approaches. In

addition, the model also has high accuracy,
precision, recall, and F1-score. Tables and graphs
also show the comparative effectiveness of ROI
learning and weighted loss. In these
circumstances, the new framework is more robust
and reliable than existing methods used in real-
world cases of diseases.

Disease Detection and
Classification

Pepper_bell__
Bacterial_Spot

Potato__ _healthy

Tomato
Early_blight

Tomato
Leaf_Mold

Target_Spot

Figure 6: Visualization Of Leafhealthai Results Showing Input Leaf Images, Extracted ROI Regions, And Predicted
Disease Class Labels For Different Crops

Figure 6 shows the end-to-end output of the
LeafHealthAl system, which includes the
authentic image input of leaves, the disease-
specific ROIs obtained via Grad-CAM, and the
predicted disease class. These visualizations

illustrate the model’s capacity to accurately
localize disease-affected regions of leaves and
deliver interpretable, class-specific predictions for
different crops, including tomato, potato, and
pepper leaves.

Training vs Validation Accuracy Dynamics of LDDNet-WROI
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Figure 7: Training And Validation Accuracy Trends Of The Lddnet-WROI Model Across 20 Epochs

9061




Journal of Theoretical and Applied Information Technology
15" November 2025. Vol.103. No.21

d

R

© Little Lion Scientific

raY Ll

ISSN: 1992-8645

www.jatit.org

E-ISSN: 1817-3195

The training and validation accuracy for the
LDDNet-WROI model are shown in Figure 7 over
20 epochs. We can see that the model is learning
stably and consistently, and both curves converge
upward. Training and validation accuracy closely
follow each other, indicating that the model

performs generalization without overfitting. The
achieved final accuracy is 98.46%, demonstrating
the significance of using various techniques for
improving classification results by ROI based
optimization and attention-enhanced learning.

Training vs Validation Loss Dynamics of LDDNet-WROI

Loss

0.3
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=— Validation Loss

10.0

15.0 20.0

Epochs

Figure 8: Training and Validation Loss Trends of the LDDNet-WROI Model Over 20 Epochs

Figure 8 shows the LDDNet-WROI's training and
validation loss curves over 20 epochs. Both losses
show a steady decrease, implying the model
converged without overfitting. The validation loss
tracks the training loss very closely, indicating
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good generalization. The metric presents values
for a low loss, indicating that the model could
learn  discriminative  features adequately,
leveraging ROI-based attention and weighted
optimization.
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Figure 9: Confusion Matrix Of The Proposed Lddnet-WROI Model Demonstrating Accurate Multi-Class Classification
Across 15 Selected Plantvillage Classes

Figure 9 shows the confusion matrix of the
LDDNet-WROI model on fifteen selected classes
on the PlantVillage dataset. The matrix has high
diagonal dominance with low off-diagonal values,
which implies highly accurate predictions with

9062

minimal  misclassifications.  The  model
distinguishes between visually similar leaf
diseases with an overall accuracy of 98.46%,
demonstrating that ROI-guided learning and
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weighted loss optimization improve classification
accuracy more effectively.

Table 4: Performance Comparison Of Lddnet-WROI With Baseline Models On Plantvillage Dataset

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%)
VGG16 95.12 94.86 94.92 94.89
ResNet50 96.48 96.22 96.40 96.31
EfficientNetBO 96.87 96.65 96.74 96.69
LDDNet 97.54 97.41 97.48 97.44
Proposed LDDNet-WROI 98.46 98.38 98.42 98.40

Table 4 shows a complete comparison of the
proposed LDDNet-WROI model with baseline
architectures. The proposed model dominates in
terms of accuracy, precision, recall, and F1—
score. Its 98.46% accuracy is better than the

original LDDNet's 97.54% accuracy. These
findings demonstrate the efficacy of ROI
optimization in improving the classification
performance for identifying plant leaf diseases.

Performance Comparison Based on Table 3
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Figure 10: Comparative Graphs Illustrating Accuracy, Precision, Recall, And F1-Score Of Lddnet-WROI Against
Baseline Models On The Plantvillage Dataset

The comparative visualization of proposed
LDDNet-WROI along with baseline architectures
(VGG16, ResNet50, EfficientNetBO, and
LDDNet) is shown in Figure 10 for four crucial
performance metrics, namely accuracy, precision,
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recall, and Fl-score. The model yields: 98.46%
for accuracy, 98.38% for precision, 98.42% for
recall, and 98.40% for fl-score, hence
outperforming all 4 four alternative models
consistently and in all respects. This emphasizes
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the benefits ROI ROI-based attention and
weighted loss optimization. Despite this
component, LDDNet achieves robust overall
performance; however, including ROI-specific
learning in LDDNet-WROI makes the model
more sensitive to disease-affected regions and
more consistent in classification. With the lowest
precision and recall, VGGI16 gives low scores,
indicating it may be under-fitted and less
generalized.  The  proposed  architecture
outperforms in terms of absolute accuracy, while
EfficientNetB0 and ResNet50 provide similar but
slightly worse results. Overall, LDDNet-WROI
achieves better generalization and robustness than
LDDNet-HROI, which suggests its higher
potential for real-world leaf disease detection in
precision agriculture.

4.4 Ablation Study

In this section, via an ablation study, we analyze
the individual contributions of the ROImodule
and weighted loss function in the LDDNet-WROI
model. The study shows how the components
contribute positively to the overall performance
by systematically enabling them one by one. This
means that the proposed modifications
successfully improved disease classification
accuracy and robustness; thus, the combined
configuration achieves the highest precision.

Table 5: Ablation Study Of Lddnet-WROI Showing The Contribution Of ROI Attention And Weighted Loss To
Performance Improvement

Model Variant ROI Weighted Accuracy Precision Recall F1-Score
Module Loss (%) (%) (%) (%)

LDDNet (Baseline) | 3¢ X 97.54 97.41 97.48 97.44

LDDNet + ROI -4 97.92 97.82 97.86 97.85

Attention

LDDNet +1 X 98.07 97.96 98.01 97.96

Weighted Loss

LDDNet-WROI 98.46 98.38 98.42 98.40

(Proposed)

Table 5 shows the ablation study of ROI attention
and weighted loss on the LDDNet model.
Individual incorporation of each component leads
to marginal improvements, whereas working
together gives the highest accuracy (98.46%) with
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a balanced performance overall metrics. The
findings validate that ROI adaptive focus,
alongside class-reactive learning, cooperatively
improves the disease classification of plant leaves.
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Ablation Study Results of LDDNet-WROI Model

— (a) Accuracy

98.5

Percentage
o
®
=)

©
N
7

96.5

x \
\OONE Loonet + i ponet ¥ W

(c) Recall
99.01

Percentage

96.5

DNev\N“O\

woonet oowet ¥ W

\
Looner * L

\
\D DNe"\N RO

(b) Precision
99.0

Percentage

96.5

e \
N ROV oner ¥ W

(d) F1-Score
99.0

Percentage

96.5

v \
oownet ¥ W \_DDNe"\NRO

Ad \
LOONE Lponet x RO

Figure 11: Ablation Study Graphs Illustrating Accuracy, Precision, Recall, And FI1-Score For Different Variants Of
The Lddnet-WROI Model

In Figure 11, we demonstrate the ablation study
results for the proposed LDDNet-WROI model,
comparing the individual and combined
contributions of the ROI Attention module and the
Weighted Loss function. The subplots (a) to (d) of
the figure, corresponding to four model types (the
basic LDDNet, LDDNet with ROI Attention,
LDDNet with Weighted Loss, and LDDNet-
WROI), include performance metrics for
Accuracy, Precision, Recall, and F1-Score.

Upon adding only the ROI or the Weighted Loss,
the accuracy improvements reach 97.92% and
98.07% from the baseline LDDNet, respectively,
as shown in sub-plot(a). The best accuracy of
98.46 occurs when combining in the proposed
LDDNet-WROI, demonstrating their
complementary advantage. In subplot (b), we
illustrate how it affects precision. The base model
obtains a precision of 97.41%, which increases to
97.82% using ROI Attention, and finally to
97.96% using Weighted Loss. The full model
achieves the best accuracy of 98.38%, which
suggests that the model makes correct predictions
more often and avoids false positives more often.

These trends in recall can also be observed in
subplot (c), where values range from 97.48%
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(LDDNet) to 97.86% (LDDNet + ROI), 98.01%
(LDDNet WL), and culminate in 98.42%
(LDDNet-WROI). This result shows the
improved ability of this model to detect true
positives and avoid false negatives, which is
important during the stage of a plant disease
detection system. Subplot (d) indicates the
aggregated performance through the F1-score that
balances precision and recall. The baseline
sensitivity and specificity around 97.44%
progressively increase to 97.85% and 97.96% for
the two mid-variants and peak at 98.40% for the
entire  model, suggesting substantial overall
improvements across both sensitivity and
specificity dimensions.

In general, the ablation study verifies the
effectiveness of the ROI Attention module and the
Weighted Loss function in the model's
performance. Adding these elements alone leads
to better learning from relevant places or
enhancing class weighting, but merging methods
in LDDNet-WROI gives the best achievement.
This endorses the architectural design and
application of the proposed model for accurate,
real-time, and interpretable leaf disease
classification in precision agriculture.
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4.5 Performance Comparison with Existing
Methods

Here, we present a comparative evaluation of the
proposed LDDNet-WROI model with some
existing state-of-the-art deep learning methods
that have been reported to be of lower accuracy.

Experimental results demonstrate that LDDNet-
WROI is superior to all compared models with
98.46% accuracy. We have also compared the
performance of ROI-guided attention and
weighted loss on classification performance for
various plant leaf diseases.

Table 6: Comparative Performance Of Lddnet-WROI With Existing Methods

Study Year | Method Dataset Accuracy
(%)
Bouacida et al. [2] 2024 | Generalized CNN Multiple Crops 97.13
Simhadri et al. [3] 2024 | Survey of CNN Models Rice Leaf Dataset 96.40
(Kaggle)

Polly & Devi [6] 2024 | DL Classification + PlantVillage 97.00
Segmentation

Panchal et al. [13] 2023 | CNN + Image-based PlantVillage 93.50
Classification

Dahiya et al. [21] 2022 | ResNet50/101 Comparison | PlantVillage 96.80

This Work (LDDNet- 2025 | CNN + ROI + Weighted PlantVillage 98.46

WROI) Loss

As seen in Table 6, LDDNet-WROI outperforms
some recent studies with lower accuracy. Most
current models are based on CNN architectures
and diverse datasets; however, they do not
achieve high classification accuracy. The

proposed model outperforms these works and
achieves 98.46% accuracy through ROI-based
learning and weighted loss, demonstrating the
proposed model's effectiveness for robust leaf
disease detection.

Figure 14: Accuracy Comparison with Recent Methods

This Work (LDDNet-WROI)

Dahiya et al. [21]

Panchal et al. [13]

Polly & Devi [6]

Simhadri et al. [3]

Bouacida et al. [2]

90 92

94 96
Accuracy (%)

o8

Figure 14: Accuracy Comparison Of The Proposed Lddnet-WROI Model With Selected Recent Deep Learning Methods
For Leaf Disease Detection

Figure 14 shows the accuracy of comparing the
proposed model LDDNet-WROI with five
research studies in the table for plant leaf disease
detection. Several approaches were adopted,
including using generalized CNNs, segmentation
followed by classification, and adaptations of
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ResNet as deep learning techniques. The selected
works have been evaluated using PlantVillage,
Kaggle Rice Leaf, and multi-crop collections
datasets. As shown in the Table above, we can
observe that the proposed LDDNet-WROI model
achieves the best accuracy of 98.46%,

100
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outperforming other competing methods. The
nearest performance among the references is from
Bouacida et al., two, and Polly & Devi 6, while
Panchal et al. Fang 2023a no. 12 reports the
lowest at 93.50%. These variations are attributed
to dataset complexity, model architectures, and
lack of attention-guided feature learning. The
better performance of LDDNet-WROI can be
attributed to incorporating region of interest
(ROI) attention and optimizing weighted loss
when training the LDDNet-WROI model, leading
to the model's capacity over the area of interest
with higher precision. The substantial margin of
improvement across the datasets further signifies
the robustness and generalizability of the
presented framework for practical large-scale
agriculture  applications, in addition to
overcoming issues of class imbalance and visual
variability among plant leaf classes.

5. DISCUSSION

In summary, the detection and classification of
plant leaf diseases based on deep learning have
been of significant interest due to their potential
impact on advancing precision agriculture.
Several existing works on Convolutional Neural
Networks and transfer learning techniques have
focused on automatic disease recognition,
achieving much success, particularly on standard
datasets such as PlantVillage. Nevertheless, most
of these models are designed to operate on fully
covered leaf images with little emphasis on
disease-struck regions. Consequently, overfitting,
misclassifications under complex backgrounds,
and under-generalization to operational setups are
observed. A review of existing literature reveals
some drawbacks observed in a majority of state-
of-the-art models. The commonalities include
insufficient focus on discriminative features,
under-exploited region-wise learning, and poor
model explainability upon predictions. Moreover,
the models that report high accuracies heavily rely
on well-preprocessed datasets and fail when faced
with highly overlapping symptoms, inter-class
similarity, or imbalanced data distributions.
Accordingly, this study proposes LDDNet-
WROI, an ROI-optimized deep learning model
that enriches the standard CNN model with two
critical improvements: ROI guided learning using
Grad-CAM and weighted learning loss. As a
hybrid, the approach allows the model to learn
data patterns around leaf regions where disease
has struck harder and punishes the model to make
severe errors on such decisions. The experimental
results indicate a significant improvement in the
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overall model relative to state-of-the-art, as
LDDNet-WROI achieves 98.46% accuracy,
closely outperforming recent models. In

conclusion, the work effectively bridges the gaps
in the literature by increasing the model’s
sensitivity to disease-related patterns, which
results in improved feature localization and
classwise performance. The contributions
demonstrate that ROI focused inspired learning,
coupled with the attention module+ loss
optimization, mitigates a scalable and
interpretable solution to the problem of crop
disease  detection and recognition. The
implication of the research for operation lies in
real-time agricultural monitoring systems and
decision-making tools for farmers. These can be
more reliable, intelligent, and responsive disease
recognition systems. Section 5.1 justifies the
limitations covered by the present study.

6. CONCLUSION AND FUTURE WORK

In this research, a novel DNN framework,
LDDNet-WROI, is introduced to facilitate the
plant leaf disease detection on ROIs while
overcoming the key weaknesses in the traditional
CNN-based frameworks. The model incorporates
Grad-CAM-based region attention and a weighted
loss strategy to emphasize the affected disease
region, thereby improving classification
performance. We present the proposed
methodology that exceeds state-of-the-art models
compared with the accuracy score to reach an
astounding level of 98.46% on the PlantVillage
dataset. By prioritizing regions relevant to
disease, the framework can be more robust,
interpretable, and generalizable, which is
favorable in precision agriculture applications.
Although the results are promising, the study also
acknowledges three significant limitations of this
approach: its dependence on a laboratory-quality
dataset, applying a constant threshold in the ROI
mask  generation, and not integrating
environmental or multi-modal data. Reading: 10
min. Contents: Addressing these challenges could
further increase the model’s applicability in a real-
world setting. In the future, we will validate this
model using images of fields acquired in different
conditions of the environment and investigate
methods for adaptive region of interest extraction.
Besides, combining information from multi-
source data, like weather, soil, and temporal
information, can contribute to more context-
aware predictions. This framework can be
potentially applied in real time when integrated in
IoT-enabled crop monitoring systems for timely
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diagnosis and intervention strategies in innovative
farming systems.
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