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Abstract

In agriculture, plant leaves are the most obvious indicators of the state of the crops, showing the earliest symptoms of
any biotic or abiotic stress and indicating the specifics of the stress and the condition of the crops through changes in
texture, color, and structure. To resolve these issues, the present study proposes a unique, multi-stage, DL-based
framework that incorporates methodologies to enhance both the accuracy and robustness of the system. The Deep
Attention Guided Noise Filtering (DAGNF) framework enhances the leaves’ images by removing noise and disease-
unrelated features, thereby making the image more relevant to the disease of interest. HyperVision U-Net (HV-UNet)
accomplishes targeted lesion segmentation from the image through multi-scale attention and transformer-based
contextual learning. Cross Attention Vision Transformer with Particle Swarm Optimization (CA-ViST-PSO) extracts
relevant discriminative features from the image in both the global and local frames, optimized through metaheuristic
algorithms. In smart agriculture, this integrated system guarantees higher reliability and sensitivity for the detection
of diseases affecting plants on a large scale.
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Introduction

Plant leaves are crucial biological parameters in
crop production as they indicate the general
condition, growth phase, and physiological stress of
crops and give early indications of an infection with
diseases. Early detection of leaf color, texture and
morphological abnormalities is still significant
towards preventing loss of yield and providing
sustainable production of crops. Deep learning (DL)
has become one of the most effective methods of
identifying plant leaf disease with the rapid
development of computational intelligence and
provides automated, scalable, and high-precision
analysis at the scale of big agronomic data. The
current literature shows that the DL architectures
are capable of producing hierarchies on complex
leaf images and attaining higher recognition
accuracy in a variety of disease categories (Xu et al.
2022; Panchal et al. 2022). The performance of the
conventional machine learning is worse than that of
the DL methods because the latter is able to discover
discriminative spatial patterns on raw data without
having to design feature engineering manually
(Sujatha et al. 2021). Nevertheless, even having
these merits, DL models also have limitations in
real-world application to image processing of
agriculture. The local differences in illumination,
background noise, occlusions, overlapping
symptoms, class imbalance can lead to lower
prediction stability and visually similar disease can
be misclassified despite being treated by higher-
order convolutional networks (Chowdhury et al.
2021; Wani et al. 2022).

These difficulties indicate the necessity of stronger,
noisy-resistant, and biologically-informed DL
systems with the capacity to work with a wide range
of symptoms of diseases in multiple crops. This
study aims to come up with a more efficient deep
learning-based plant leaf disease detection model
that  incorporates  superior  preprocessing,
segmentation, feature extraction, and classification
systems in enhancing reliability in the dissimilar
vegetable datasets. This study will address the
limitations of the usual DL process by using
DAGNF to enhance refined input and HV-UNet to
perform lesion segmentation with high accuracy,
CA-VIT-PSO to extract features optimally, and a
MAC-CNN-SVM to do high-margin classification.
The suggested system will provide a high-accuracy,
scalable, and robust disease detection that can be

applied in the complex agricultural settings and
eventually endorses precision farming and data-
driven crop protection solutions.

Deep learning is a revolution in contemporary
agricultural disease detection, which is able to
detect plant pathogens accurately by automated
analysis of images. In grape leaf disease detection,
Praveen et al. (2023) proposed an attention-based
deep learning model whereby several Attention
Mechanisms have been combined to spot regions of
critical lesions. Although this approach greatly
enhanced classification accuracy, it was more
architecturally complex and hence training time and
computation time were increased. In a similar
manner Eunice et al. (2022) has put forward a deep
learning-based detection system on the basis of
Convolutional Neural Networks (CNNs) to identify
the crop leaf diseases. Despite the high performance
of the model in controlled conditions, the lack of
consistency of lighting and changes in
environmental conditions associated with real world
fields negatively influenced the accuracy of the
model.

The techniques of advanced optimization have also
been investigated to increase the learning
capabilities. Abd Algani et al. (2023) created an
Optimized Deep Learning (ODL) model through
hyperparameter optimization to enhance the
extraction and classification of leaf diseases.
Nevertheless, this method needed big and varied
datasets to avoid overfitting as well as it was
vulnerable to noises in the background. It adheres to
Shoaib et al. (2022) that is concerned with tomato
leaf disease detection with the implementation of a
Deep Learning Segmentation and Classification
Network. Although the method worked well in
segmenting disease regions correctly, it had
limitations in that it experienced overlapping
symptoms and multi-disease leaf conditions making
it less reliable on complex agricultural sceneries.
Nawaz et al. (2022) used a Region-Based
Convolutional Neural Network (R-CNN) to detect
and classify tomato leaf diseases, which provided a
great level of object detection, but its reliance on
manually constructed bounding-boxes to prepare
the dataset proved to be labor-intensive and time-
consuming.

The importance of transfer learning methods has
also increased as a result of the efficiency of this
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approach in taking advantage of pre-trained models.
Kaur et al. (2023) proposed a Transfer Deep
Learning Approach that uses pre-trained CNN
models to classify plant leaf diseases. Although this
strategy was better at improving learning efficiency,
it was prone to overfitting in the case of small or
extremely imbalanced data. Similarly Mahum et al.
(2022) suggested an Efficient Deep Learning Model
to detect potato leaf disease using a lightweight
CNN model. Although it was computationally
efficient, the model also exhibited low
generalization ability as its performance on images
of other potato growing varieties or other
environmental factors severely declined. Albattah
et al. (2022) improved multi-class disease detection
by using a deeper CNN in a Novel Deep Learning
Method, which uses more memory and processing
overhead due to the deeper layer of the model.

Hybrid and specialized architecture have been
explored in a number of studies. Atila et al. (2021)
employed the EfficientNet architecture which is a
systematic expansion of network size with enhanced
precision in leaf disease detection. EfficientNet was
however not performing well when the backgrounds
of the leaf images were cluttered or had very coarse
textures. Shovon et al. (2023) proposed the Multi-
Model Ensemble Method, which is named PlantDet,
which is a combination of multiple deep learning
models to increase robustness and predictive
stability. The ensemble solution was highly
effective, but it failed to achieve the same latency as
the inference since the ensemble method was very
high, and thus could not be easily applied in real-
time in an agricultural system. Ahmad et al. (2021)

adopted a classic methodology, which involved
Color and Texture Feature-Based Identification and
machine learning classifiers. Handcrafted features
were computationally cheap, but not as
representational as required to model disease
patterns that were difficult to capture,
compromising on difficult data.

Severity estimation and domain-specific detection
were further developed. Sharma et al. (2022)
introduced an elaborate Deep Learning-Based
Image Classification architecture in diagnosing
plant  diseases. Its performance however
deteriorated with time because the seasonal changes
meant that it had to be retrained on the model
regularly. Proposed a Deep Learning-Based
Damage Detection System Sai Reddy et al. (2022)
can detect the type and the severity of the disease,
but was less consistent in estimating the severity of
the disease in its early stages. Anandhakrishnan et
al. (2022) deployed Deep Convolutional Neural
Networks (DCNNSs) to identify tomato diseases with
good discriminative ability but with a slow
inferential rate that would not be efficient in
application at the edges. Yu et al. (2021) proposed a
hybrid Corn Leaf Disease Diagnosis technique that
utilized K-Means Clustering and Deep Learning in
order to improve the segments of the lesions. The
Table 1 gives a comparison analysis of the recent
deep learning models used in detection of plant
diseases in several varieties of crops. It shows the
heterogeneity of methods, crops of interest, and
main uses, as well as, the personal constraints which
drive the necessity to enhance and more generalized
frameworks of detecting plant diseases.

Table 1. Survey of various DL methods limitations and main purpose

Source Used methodology Observed Mgm. purpose Limitations
crop limitations
Kaur et al. (2022) g ter Tomato Identify infected Small lesions missed
R-CNN areas
Rashid et al. (2020) MUItI'_'LeV?I Deep Potato Cla§5|fy leaf High compute cost
earning diseases
Convolutional Neural . Identify multiple Needs continuous
Haque etal. (2022) Network (CNN) Maize diseases retraining
Pandian et al. (2021) Deep CNN Generic Detect_dlseases Lower accuracy on
Leaves quickly complex leaves
Hu et al. (2021) CNN-Regression Tea Disease severity Difficulty handling
scoring early-stage symptoms
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Deep learning models keep enhancing detection
accuracy and speed of plant diseases, which has
allowed to have more faithful agricultural
surveillance systems. Bari et al. (2021) introduced a
real-time rice leaf disease diagnosis method on the
Faster Region-Based Convolutional Neural
Network (Faster R-CNN). Through this framework,
the localization and classification of infected
regions were done with great accuracy. Its ability to
work almost in real time made it an ideal choice to
be used as a field-based disease surveillance. The
model was however very resource intensive in terms
of computational power and thus could not be
deployed on hand held, low power, or embedded
devices easily. Besides, Faster R-CNN was less
sensitive to detection in images with small lesions
or textures with complicated backgrounds.

The discussion of the problem of model
optimization to the needs of the agriculture sector
was carried out in which a Performance-Optimized
Deep Learning-Based Plant Disease Detection
Approach was introduced that is aimed mainly at
horticultural crops in New Zealand (Saleem et al.
2022). The study obtained a better inference time
and classification reliability through model
refinement and architecture tuning. Irrespective of
these developments, the model showed high
reliance on extensive, highly annotated datasets and
its extrapolation proved to be weak when used in
other geographical locations or crops. This raised
the long-standing constraints of transferability and
dataset-specific bias of plant disease recognition
systems.

Other more focused methods have been considered.
The DeepRice system with a combination of Deep
Learning and Deep Feature Extraction was created
by Robert et al. (2024) to fine-grained classify the
subtypes of rice leaf disease. This technique offered
greater discriminative strength of visually related
categories of disease. However, it failed in its
performance against imbalanced datasets, where
some classes of diseases had lesser number of
samples as compared to others. This meant that
equal training data or sophisticated augmentation
plans were required to ensure that there was a
consistent model performance. In the same way
Adem et al. (2023) suggested a framework of sugar
beet disease classification that integrates Image
Processing Techniques and Deep Learning
networks. Although this hybrid method was better

than using either handcrafted or learned features, it
had a weakness because it was difficult to predict
models with images under low light, shadows, or
object occlusions, which led to inconsistent
predictions.

More studies on the problem of environmental
complexity were done (Li et al. 2023) which
proposed an innovative deep learning approach to
identifying maize diseases that is designed to handle
small sample-sized datasets and intricate
background factors. This method showed high
recognition ability despite the fact that the leaf
pictures were with background noises or clashes, or
different lighting. Nevertheless, even with such
improvements, the system was sensitive to the
background distortions and it had to do a lot of
preprocessing to stabilize it.

Materials and Methods

The proposed system has offered a multi-step deep
learning model that is intended to obtain powerful
and precise detection of plant leaf diseases across
various crop types in the New Plant Diseases
Dataset. The first step of the system is DAGNF that
improves image quality, reducing the level of
illumination noise, background clutter and
irrelevant artifacts whilst maintaining fine lesion
details like rust pustules, blight rings and mosaic
textures. The refined output is then subjected to the
HV-UNet which is a sophisticated segmentation
model that takes into consideration the multi-scale
contextual features and precisely defines the regions
of disease-affected areas. After the segmentation,
the discriminative lesion features are selected with
the help of CA-VIiT-PSO. The cross-attention
mechanism enables the transformer to learn local
structure of lesions at the same time as global
structure of leaves and PSO finds optimal
hyperparameters to maximize class separability of
38 disease classes. Then, the high-dimensional
feature vectors are extracted and then classified by
the MAC-CNN-SVM, in which multi-attention
modules are used to filter the significant spatial
cues, capsule networks are used to encode the
representations of lesions that are resilient to poses,
and SVM is used to provide high-margin decision
boundaries by which the classification can be made
with high accuracy. These components combined
form an end-to-end architecture that alleviates
traditional issues with deep learning, including
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noise sensitivity, mis-segmentation, inter-class
similarity, or intra-class variation, to form a highly
reliable, scalable and biologically consistent disease
detection system that could be used in the real-world
agricultural environment.

The Fig. 1 displays the end-to-end deep learning
process of intelligent plant leaf disease detection,
and the processing (preprocessing), segmentation,
feature extraction, and classification are integrated
as one system. Raw plant leaf images are used as a
starting point of the process since they are collected
in the dataset, then they are first refined with the
help of DAGNF in order to suppress noise without

Input Image

G

damaging disease-related texture patterns. The
processed images are then sent to the HV-UNet
module which falls into the task of accurately
segmenting lesions, separating diseased tissue and
normal tissue. The CA-VIiT-PSO further analyses
the segmented outputs by extracting discriminative
deep features using hierarchical attention mapping.
These optimized characteristics are then inputted

into the MAC-CNN-SVM classifier, which
integrates  capsule  network  characteristics,
convolutional  learning and SVM  decision

boundaries to produce strong and precise disease
classification.

@

HV-UNet

Q,
N (o8
CA-ViT-PSO

3

Disease Label
Output

ERY
CEY

MAC-CNN-SVM

Figure 1. Architecture diagram of the proposed system to predict the plant leaf disease

The proposed system fully reflects the information
flow in all modules, diagrammatically illustrating
how each of the stages of the study leads to credible
plant disease detection.

Dataset description. The dataset in the current
system is the New Plant Diseases Dataset on Kaggle
(38 classes; 87,000+ images) that consists of high-
resolution leaf-images that are made in the field in
various crop species. It has healthy and diseased leaf
samples of over 15 crops which include potato,
tomato, grape, corn, apple, pepper and peach with
each disease class listing prevalent foliar diseases
such as early and late blight, rust, mosaic virus,
powdery mildew, leaf spot and scab. The images

differ in the backgrounds, the light, the orientation
and the severity of the disease, thus, providing a
difficult and realistic reference to the deep learning
systems. Within the framework of the proposed
study, this dataset can be taken as the basic input
that allows the noise-reduced preprocessing
segmentation, and feature  extraction to
classification that allow the research to be both
generalizable and practically applicable to various
crops. The following Fig. 2 provides a comparative
visualization of the healthy and diseased plant
leaves of various crop species that are contained in
the New Plant Diseases Dataset.

Thirumoorthy et al., 2026

A transformer-assisted deep learning framework for robust...

Page 5



Food Science and Applied Biotechnology, 202x, X(X), XXX-XXX

Diseased

Healthy

Disease

Tomato Healthy

Tomato

Figure 2. Sample images of new plant diseases
dataset (healthy / diseased)

Deep attention-guided noise filtering (DAGNF).
Deep attention-guided noise filtering (DAGNF) is a
specially designed preprocessing algorithm, which
produces fewer noises and enhanced quality of
images and more pronounced features in detection
of plant diseases of New Plant Diseases Dataset.
The data set uses wide variations of the images of
the actual-field leaves and the variations are
enormous in terms of light and background litter,
shadows as well as noise of the cameras and they do
not support the operation of the traditional deep
models. To meet the said needs, DAGNF employs
convolutional feature finding orients such as
channel-wise and spatial attention  when
highlighting disease-related areas and removing
unwanted visual noises. To generate cleaner and
texture-rich images of leaves, it is proposed that an
autoencoder refinement phase is cleaned up using
the model to prevent lesion patterns of blight spots,
mosaic spots, mosaic patches, and discoloration
markers. DAGNF provides a noise-free detail-
preserving contrast-enhanced image of all leaf
images which in its turn is significantly better than
the further coupling to segmentation feature-
extraction and classification models. This renders it
amajor step of preprocessing to robust, accurate and
generalizable plant leaf disease recognition in the 38
multi-crop disease categories of the dataset.

F=Conv(l) + € (D)

The equation 1 symbolizes the raw input leaf image
which has been moved through the New Plant
Diseases Dataset of potato, tomato, maize, pepper
and grape leaves together with various disease
conditions. These images usually have a backdrop
noise, disproportionate lighting, soil spots, and
shadows. Conv(-) extracts low level and mid-level
visual features of the leaf which include vein

patterns, lesion boundaries, texture anomalies and
color anomalies. The first feature map is the output
F which is a set of these extracted patterns. Where
€ is a variable representing the noise effect which is
automatically in field images- sensor noise, blur,
and environmental artifacts. The name assists the
DAGNF model to filter-out the useless and
irrelevant pixel information so that the disease-
associated features remain intact in the course of the
filtering.

Ag =0 (Ws*F), Ac = o(W:.GAP(F)) (2)

F is the feature map of input leaf images of the
dataset in this equation. Spatial attention map A; is
concentrated on the location of the disease on the
leaf surface by identifying the areas of pixels of
interest- fungal colony, yellow patch, rust pustule or
blight spot. In this case, Ws*F represents spatial
averaging of the feature map with learnable weights
Ws. The channel attention map A represents the
channels with the highest concentrations of the
discriminative disease information. The computer
GAP(F) calculates global average pooling in spatial
dimensions to represent the global texture and color
distribution of the image in the leaves. Learnable
W, aid in recognizing the channels which are
sensitive to diseases, and the sigmoid function o is
used to normalize the attention maps to the range of
0-1. These attention modules in combination ignore
the irrelevant backgrounds and highlight disease-
dominant patterns in the data.

F=AsOQF+A:.OF 3)

In this case, F once more is the map of the features
of the noisy leaf images. The attention maps As and
A are masks which enhance disease-informative
pixels selectively. The capital letter © is used to
denote element-wise multiplication. It can be used
to retain lesion areas, like mosaic textures, powdery
mildew, early blight rings, or leaf spot patterns but
to remove noise due to soil backgrounds, shadows,
clutter on the farmland, and camera induced
artifacts. The noise suppressed and disease
enhanced feature map is the output F’. With the data
in question, the step will guarantee the preservation
of disease-specific characteristics in 38 classes of
crops correctly to continue on to the subsequent
processing stages, enhancing the quality of
segmentation and classification.
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[=Decoder(Encoder(F’)) 4)

In this equation, F’ represents the noise-filtered
representation of the feature that is generated by the
DAGNF attention mechanism. The Encoder
condenses the filtered features to a latent vector that
preserves critical disease-specific patterns such as
lesion boundaries, color changes and texture
deformations. This is essential as in the New Plant
Diseases Dataset, there are numerous high-
resolution images of complicated disease
manifestations. This latent representation is then
decoded back to a refined and clean image of the
leaf I. The reconstructions can be done without any
undesirable noise and the original morphology of
the lesion is maintained. It is of high-quality output
that can be used as an input of the segmentation and
classification models and can be used to define
various types of diseases more accurately.

HyperVision U-Net (HV-UNet). HyperVision U-
Net (HV-UNet) is a high-tech structure that is
designed to accurately divide disease-affected
segments out of the pre-treated leaf images
generated by the DAGNF module. HV-UNet is an
extension of the classical U-Net design, which
encodes hyper-vision characteristics of the textures
and decodes multi-scale attention to complicated
lesion boundaries, multi-disease patterns, and
uneven lighting on complex lesion boundaries that
exist in the New Plant Diseases Dataset because the
leaf samples have complicated lesion boundaries.
After noise has been eliminated by the
preprocessing stage and the lesion refined with the
help of the preprocessing stage, the refined images
are presented to HV-UNet encoder where the
hierarchical convolutional layers learn fine-grained
structural details such as irregular edges of the spot,
mildew texture, necrotic patch boundary, and fine
color transition regions. This model involves hyper-
vision blocks which incorporates both the local and
global contextual information in a way that
segmentation network is able to adaptively learn to
the shapes of disease in the different leaf species and
types of diseases. At the decoder stage, the spatial
information  (high-resolution) is subsequently
transmitted through skip connections but the
upsampling of attention is performed, eliminating
the reconstruction of regions not of interest to
disease in the final segmentation mask. This makes
the HV-UNet identify the healthy leaf tissue and the
disease regions correctly even with small and

scattered lesions, or the lesion regarding their
appearance in various crops. Therefore, HV-UNet
produces optimal, noise-free and consistent
segmentation masks based on the classes that
significantly boost the performance of the
downstream feature extraction and classification.

x©= IpagnF (5)

Ipagnr 1S the image of the leaf that is left after the
noise reduction and texture increase at the DAGNF
processing stage. The boundaries of lesions, fungal
textures, rust pustules and color changes are visible
in these cleaned images as in the case of New Plant
Diseases Dataset. X(®) denotes the input to HV-
UNet the first, which is important to provide the
segmentation model with high-quality and noise-
free samples. Since the dataset is varied in terms of
crops and types of diseases, the step is justified by
the fact that HV-UNet starts processing with a
similar, improved visual representation.

E®=Down (ConvBlock® (E(~1)) (6)

In this equation, E® is the feature map of encoder
level 1. The input E(=Y) is the information about
the structure of the previous stage obtained in
respect of the preprocessed images of leaves. The
patterns that are extracted in each ConvBlock
include the shapes of the lesions, the texture of the
spots, blight rings, the spread of mildew, or color
decay. Down () operation is used to downsample
the spatial dimensions, which assists the model in
modeling large-scale disease structures on the New
Plant Diseases Dataset. Such hierarchical encoding
enables HV-UNet to encode fine and coarse lesion
features.

E®=uUpsample (E®,s)) ()

In this case, the features of encoders are scaled to a
common size by the name of £®. This is needed
due to the fact that the size of disease areas is very
diverse throughout the dataset since some lesions
can be tiny dots, whereas others can occupy the
majority of the leaf. Gap(.) derives a global
summary of vector U which is the overall texture
and intensity of color at every scale. The weights of
attention o®, representing the importance of
different levels of the encoder, are automatically
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decided to select which levels of the encoder hold
the most disease-relevant information. These
weights are based on the adjustable vector w which
adjusts to the disease types in other crops. The last
fused feature map is HV, which combines all the
scales so that the HV-UNet is able to detect both the
microscopic and macroscopic lesion features.

P = PatchEmbed (HV) (8)

PatchEmbed (HV) is used in these equations to
convert the combined hyper-vision feature map into
patch tokens to enable the transformer to extract
long-range dependencies. This aids in retaining
disease patterns that occur haphazardly on the leaf
surface. These tokens are processed by the
Transformer (-) to gain knowledge about the
connections between different parts of the world,
including detecting several small lesions that
represent the same group of diseases. The resultant
T, is restructured again into a spatial feature map,
this time with the contextual awareness. This
international modelling capacity is needed in crops
such as tomato or grape where the symptoms of
diseases can be scattered or linked.

DU-Y=Upsample (D D) 9)

In these equations, the DU) carries profound
semantic data of the lesion distribution. Its
upsampled form is denoted by the variable, in which
the spatial resolution has been lost in the coding
process and is denoted by the variable DY~ where
j is the upsampling level. The attention gate g{U=1
identifies the encoder features to be used in the
reconstruction process by integrating semantic
information in the set of features of the semantic
context, namely, DU=1 and spatial information in
EU=Y is known as the attention gate gU~b. This is
to make sure that HV-UNet is sensitive to the pixels
that are diseased and helps to suppress the healthy
tissue or noise. The attended feature SU~Y defines
the boundaries of lesions, and ConvBlock (.) fuses
this information into a focus decoder feature DU-1,
The step plays an important role in the correct
segmentation of the irregular shapes of lesions in the
dataset.

Z = Convyy, (D®) (10)

In this case, D is the decoder output with rich
spatial and disease specific features. The 1 x 1
convolution results in the segmentation logits Z,
which is used to predict high-dimensional features
to a one-channel probability map. Upon the use of
the sigmoid activation, M will be the pixel-wise
probability mask, and each element will represent
the probability that a given pixel is a part of a
diseased region. This mask is able to isolate lesion
areas in leaves of all 38 classes in New Plant
Diseases Dataset.

L=A;Lgcg(M,G) + A,(1 — Dice(M, G) (11)
The variables in this equation are M (predictive
mask of the disease) and G (ground-truth mask of
the disease). The binary cross-entropy (BCE) term
is accurate on a pixel-level and the Dice loss is used
to guarantee adequate segmentation of when lesion
shapes are small or imbalanced in diseased areas.
Their significance is determined by the weight of
the prototypes A,and A,. The combination of this
loss assists HV-UNet in acquiring correct
segmentation of a range of diseases and leaf
morphologies.

Cross attention vision transformer with particle
swarm optimization (CA-ViT-PSO). Cross
Attention Vision Transformer using Particle Swarm
Optimization (CA-VIiT-PSO) is a novel feature
extraction model that is capable of capturing highly
discriminative disease patterns using the HV-UNet-
segmented leaf regions of the New Plant Diseases
Dataset. As the dataset comprises 38 classes of crop
and disease with massive differences in the lesion
texture, shape, intensity of the color, and
development of disease, CA-ViT-PSO also enriches
the transformer architecture by encompassing the
cross-attention mechanism, which compares the
intra-leaf and inter-region relationships. The cross-
attention module enables the model to learn more
localized lesion cues at the same time, including rust
clusters, blight rings, and mildew spreads as well as
mosaic texture and how changes between the two
features that occur in the texture of the whole leaf.
This bilateral attention assists the transformer in
differentiating subtle disease variations which is
usually confusing in conventional CNN based
models. Particle Swarm Optimization (PSO) is then
used to optimize major Vision Transformer
parameters which include attention head weights,
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feature embedding dimensions, and patch-token
learning rates. The swarm is represented by each
particle as a possible configuration, and the search
process is repeated to find the feature-extraction
setting that gives a maximum separation of the
classes in all categories of leaves. The cross-
attention feature refinement in combination with the
optimization of the parameters using PSO results in
CA-ViT-PSO, which obtains robust, noise-resistant,
and biologically meaningful feature vectors. Such
vectors are able to retain vital lesion features under
complex conditions like overlapping disease spots,
low-light images, or visually similar disease classes,
and these vectors are able to guarantee better results
in the last stage of classification.
X = PatchEmbed (R) (12)
In this case, R will be the segmented leaf area of
HV-UNet, which will only isolate the diseased areas
of the leaf of the New Plant Diseases Dataset.
PatchEmbed operation splits this area into fixed
size patches and transforms each patch in to a
numerical embedding only vector. This is done to
enable the model to process local disease textures
like rust sporulation, blight rings, early scab spots,
mildew clusters or mosaic patterns, as input tokens
like those used in natural language processing. X is
a series of patch tokens, each of which represents a
different visual feature of lesions in different plant
species and types of disease.

SA = softmax (QTZ:) % (13)

Here the patch embeddings X are projected linearly
into Query, Key and Value matrices with weights
Wo Wi, W, which are learnable.  The
representations assist the model in identifying the
most relevant patches to each other. By way of
illustration, portions of the lesions of similar texture
or intensity of color have larger weights of attention.
The softmax-normalized scores of attention give out
the relations like the distribution of necrotic spots,
the number of rust lesions, or an early fungal
infection. The output SA is an output that can be
described as globally aware feature map in a manner
that each patch is contextualized with respect to
other disease patches within the same image.

Q, . T
LK}

Ta) Vo

In this equation, X; is a set of tokens, which are
disease susceptible regions (local lesion patches)
and x4 is a set of tokens (the whole leaf structure).
Both of these groups of tokens represent the
opposite information: local disease manifestations
and global imbalance in leaf color or texture. The
cross-attention mechanism provides the comparison
of the Queries of the lesion patches against the Keys
of the global regions to identify which larger leaf
patterns contribute to the local disease
manifestations. As an illustration, small rust spots
can be consistent with global yellowing and the
model can reduce the severity of the disease. The
final feature map CA is a fined feature map in which
each token lesion is boosted in light of the entire leaf
context.

CA = Softmax ( (14)

z = g (FW;+by) Wy+b, (15)
The heads H; are interpretations of various lesion-
leaf interactions which reflect the different patterns
of patterns of intensity gradients, color distortions,
or fungal texture complexity, or disease-edge
clarity. Since the size of New Plant Diseases Dataset
is 38 highly variant types of diseases in different
crops, multi-head attention will enable the model to
capture information of multiple feature views at the
same time. Wo concatenation and projection
produce a single feature map F which summarizes
all disease-relevant characteristics in a multi scale,
multi context manner.

pi = {hd,l Wy Wi Wy} | (16)
The fused cross-attention features F are worked out
in the feed-forward network using nonlinear
transformations with learned weights W;, W,. This
process enables CA-VIT to filter high-level disease
semantics like: lesion morphology, strength of
disease boundaries and intra-class variation. The
activation-function @, which is denoted by the letter,
produces nonlinearity that assists the model to
differentiate visually similar diseases - i.e,
distinguishing between early blight and septoria or
powdery mildew and downy mildew. Output Z is a
small though discriminative feature set.
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Fope = C A-V/T (FIPY) @an
Lastly P* as represents the most successful
parameter configuration of PSO. These optimized
parameters are now used with CA-ViT model to
produce the final feature F,,, which consists of
much-discriminative features that are resistant to
noise and specific to the dataset and associated
diseases. These streamlined characteristics play a
highly important role in increasing the classification
accuracy of all 38 species of plants and types of
diseases.

Multi-attention capsule convolutional neural
network-support vector machine (MAC-CNN-
SVM). Multi-Attention Capsule Convolutional
Neural Network -Support Vector Machine (MAC-
CNN-SVM) is a more specific classification model
that learns to detect various plant leaf diseases using
New Plant Diseases Dataset which was
preprocessed. Since the dataset has multiple crops
whose lesions have different textures, inconsistent
colour changes, and different lighting conditions,
MAC-CNN-SVM combines multi-attention
learning with capsule-based representation to
maintain spatial hierarchies, which are easily lost in
traditional CNNs. Multi-attention module also
emphasizes areas on the disease of greatest interest
like necrotic spots, mildew patches, boundary of
blight, rust pustules, and mosaic patterns by
weighting attention of both shallow and deep
feature maps. This makes sure that the important
fine-grained disease indicators are not lost to the
background or healthy areas. These attention-
refined features are then encoded into the capsule
network and pose, orientation, and deformation
information of disease structures across the dataset
are preserved. It is especially necessary due to the
fact that symptoms of a disease can be different in
relation to the 38-class dataset, with lesions being
rotated, scaled, and distorted. The capsules can help
the model to encode these variations in a way that
does not incur the loss of semantic meaning. Lastly,
the capsule embeddings with high dimensions are
then introduced to a Support Vector Machine
(SVM) that gives high generalization scores on the
basis of multi-class decision boundaries. SVM
separates the margin maximally between classes of
diseases and guarantees high quality classification
when the distributions of features overlap like
distinguishing between early and late blight or rust

and leaf spot. MAC-CNN-SVM can be used to
perform disease classification on the whole dataset
with high stability and accuracy through the
combination of attention guidance and capsule
representation with SVM decision boundaries.

sO=¢ <W2(”6 (Wl(l) GAP(FU)))> (18)

This equation calculates channel attention on
feature map F(, to assist the model in determining
channels that have strong disease signals like fungal
texture, rust pigmentation or mosaic color
distortions in the dataset images. Each of the feature
channels are summarized by global average pooling

and the MLP weights (Wl(l), Wz(l)) are learnt to find
which ~ channels  emphasize  disease-relevant
information in crops such as potato, tomato, maize,
and grape. The sigmoid o standardizes the
importance to give high weight to those channels
with high lesion indicators.

m® = o (77 ([Avge(FO); Max. (FO)])) (19)

The equation creates a spatial attention map, which
highlights significant pixel areas in every leaf
image, whether it is blight rings, necrotic areas or a
bunch of mildew. Using average and max pooling
of channels, the system records small and intense
patterns of lesions using different disease groups.
This information is summed up by the 7x7
convolution to identify the locations of the disease
regions that are most centralized.
FO =m® (S(l) 0] F(l)) (20)
In this case the spatial and channel attention maps
harmoniously optimize each feature map, in other
words, the pixels and channels with disease-
dependent structures are enhanced and the rest of
the background noise (e.g. shadows and soil and the
healthy areas of leaves) are suppressed. This results
in disease feature maps of each crop on a dataset.

Faee = ZZL=1 Bi FO (21)
This fusion equation is a composite of attention-
enhanced characteristics of both shallow (texture-
level lesions) and deep (shape-level lesions) layers.
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The symptoms of plant diseases depend on the size
and severity of the diseases and hence different
scales have different contributions. The weights are
used as the fine pesto spots or large patches of
mildew are highly discriminative, and therefore,
they get more influence.
U = ConvBlock (Fyt) (22)
This step uses convolutional refinement in order to
create a clean feature representation of the fused
attention map. In the case of the New Plant Diseases
Dataset, this assists in balancing out the differences
that occur due to lighting, quality of camera or in the
orientation of the leaf so that the downstream
capsules will receive the disease centered features.
u; = squash (Wi(p) * U+ bi(p)) (23)

Early disease structural patterns (ex: circular blight
lesions, spots delimited by veins) are coded in
primary capsules. Squash function squeezes each
capsule vectors such that length is an indication of
the strength of lesions presence. This allows the
consistency in the representation in cases where the
disease symptoms have different sizes or rotation in
images.

o bij®
c;j(t) = SRPLITO] (24)
This dynamic routing step defines the strength of the
information sent by primary capsules to every class
capsule. When trained on the dataset, the capsules
that represent fungal texture will generate more
probability on the classes of fungal diseases (e.g.,
rust), whereas those that represent bacterial patterns
generate more probability on the classes of bacterial
diseases.
Every primary capsule gives a prediction on what a
class capsule should appear like. As an example, the
capsules that spot the presence of the ring-like
damage generate votes that are associated with
early/late blight classes. This allows the model to
incorporate the part-whole disease structure
associations.

Uj(t) = Squash (Zl Cij(t) ﬁ]|l) (26)
This equation sums up the weighted votes of the
capsules in order to produce a final level of
classification. The length of the individual capsule
vectors is determined by the likelihood of that
disease being present in the input leaf (e.g. long
capsule vectors when powdery mildew has been
correctly identified).

Q= flatten([vl,...,vnc]) (27)
Class capsule vectors are all flattened to form a high
dimensional feature vector. The complete structural,
spatial, and orientation information of the diseases
in all 38 classes constituting the dataset is contained
in this vector, which makes it ideal in the SVM
classification.
Sk = Wi 0+ by (28)
The SVM evaluates a score value of the features
representing each disease group as linear. Due to the
encodings of invariant discriminating structures of
the disease, SVM is able to discriminate even
visually similar classes, e.g., healthy/early blight or
rust/leaf spot, with high margin and stability.
Lsyy = Xemax(0,1 = yps) + Allwy||? (29)
The hinge loss will guarantee that there is a
separation between diseases with similar visual
patterns by a large margin. Regularization helps to
avoid overfitting, which is particularly necessary
since a dataset has numerous categories that have
similar textures.

Loap = % [y max(0,m* = |l |[)* + 2,(1 -
y;)max(0, ||| - m_)Z] (30)

The margin loss is used to train the network to make
capsule vectors as long as possible with the correct
disease and as short as possible with everything
else. This assists in balancing the forecasts of
diverse sizes, shapes, and light scenarios of the leaf
in the dataset.

L= aLcap + BLsym (31)
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A combination of capsule loss and SVM loss will
guarantee that the whole system learns not only
good disease representations (through capsules) but
also crisp decision boundaries (through SVM). This
leads to better performance in multi-class on the
entire New Plant Diseases Dataset.

Result and Discussion

This study presents the performance of the proposed
MAC-CNN-SVM framework when compared to
three of the base deep learning models, namely: R-
CNN, PlantDet, and a traditional DCNN. The New
Plant Diseases Dataset was experimentally assessed
based on four major performance measures,
including accuracy, precision, recall, and F1-score.
The baseline models showed fair performance in
detecting the large disease classes, but they had
weaknesses in detecting complicated leaf textures,
resemblance symptoms, noisy background, and
visually close disease classes. Mac-CNN-SVM
model has shown superior performance to every
other baseline method in all measures attaining
higher classification scores, and also greater
accuracy in distinguishing closely related disease
categories. This confirms the usefulness of the
proposed system and proves that it is suitable in
practice to monitor the agriculture diseases. The
Table 2 presents the major experimental parameters
that will be adopted in the proposed research to
develop and test the proposed deep learning-based
plant leaf disease detection framework. The primary
benchmark was the New Plant Diseases Dataset
because it has a massive and a variety of leaf images
that reflect the real-life agricultural situation. The
total number of images used (87, 000) and the
variety of disease and healthy classes (38)
facilitated extensive training and testing to
guarantee that the models were trained on a big
variety in visual variation among crops. It was
trained over 20 epochs, which was enough to
optimize the features and avoid overfitting to the
large volume of data. The Python programming
language was used to implement the proposed
system because it has a broad range of deep learning
libraries and scientific computation. The model
simulations and the experiment were implemented
on the Spyder interface that offers a convenient
platform to work with code and debug it, as well as
have a visualization of the performance.

Table 2. Simulation parameters
Values

Parameters

Used dataset New plant diseases dataset

No of images 87,000
No of classes 38
No of epochs 20
Language Python
Simulation tool Spyder

The Fig. 3 shows the relative learning development
of R-CNN, PlantDet, DCNN and the suggested
MAC-CNN-SVM model. The MAC-CNN-SVM
model has better accuracy during the training
process. This is made possible by the help of
DAGNF preprocessing that eliminates complex
noise artifacts; HV-UNet segmentation that offers
cleaner regions extraction; CA-VIiT-PSO feature
extraction that reinforces cross-region interactions;
and multi-attention capsule classifier that augments
the class-specific feature representation. This
increased accuracy is employed to ability to
accurately categorize numerous plant leaf diseases
of the New Plant Diseases Dataset.

Accuracy Performance

0.95 /.= RCNN
—— PMantDet
— DCNN
0,90 + = MAC-CNN-5VM

Accuracy

0.70

0.65 1

0.60 7

2.5 5.0 13 10.0 12.‘5 15.0 17.5 20.0
Epachs

Figure 3. Performance analysis of accuracy based
on plant disease detection methods

The Fig. 4 illustrates the performance of each of the
models in the metrics of precision. R-CNN,
PlantDet, and DCNN baseline models are
characterized by variable yet consistent values of
precision as they rely on the traditional convolution
process and a weak cross-feature recognition. The
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trend of the proposed MAC-CNN-SVM model is
more progressive, and it indicates the capacity to
reduce the false positive rates because it will learn
disease-related patterns more efficiently. The built-
in PSO controlled transformer has perfected intra-
class detail, whereas the capsule-based
classification enhances the decision making at the
boundary. As a result of this, the proposed model is
more precise and thus it becomes strong in the
process of categorizing visually similar plant leaf
diseases.

Freclslon Performance

098
=— RCNN

= HantDat
0.90 = DCHN

= MAC-CNN-5VM

25 50 75 10.0 125 150 175 200
Epochs

Figure 4. Performance analysis of precision based
on plant disease detection methods

The recall performance measures the sensitivity of
each model as shown in Fig. 5, which is the degree
to which they are able to recognize all the pertinent
disease cases. The baseline models demonstrate fare
increases in recall, but frequently stop because they
struggle to represent the multifaceted pattern of
lesions and minor variations of the disease.
However, MAC-CNN-SVM also displays steady
and more continual growth, which implies its high
potential to identify the samples of the diseased with
minimum false-negatives. This is due to the fact that
HV-UNet segmentation maintains lesion edges,
CA-VIiT-PSO characteristics, which enhance
disease-region focus, and the capsule-based SVM
classifier which addresses more hierarchical
distinctions.

Recall Performance

— RCNN

~— FlantDet
— DCNN

= MAC-CNN-SVM

T T T T T
25 5.0 15 10.0 15 150 17.5 200
Epochs

Figure 5: Performance analysis of recall based on
plant disease detection methods

The Fig. 6 illustrates that the F1-Score performance
graph is the combination of the trend of precision
and recall to demonstrate the overall strength of the
prediction of each model. Inclusion of attention
modeling and reliance on the traditional
convolutional structures do not allow baseline
models to achieve steady but limited improvements.

F1-Score Performance

0.95
— RCNN

— PlantDet
0.90 = DCNN
— MAC-CNN-3VM

T T T T T
25 50 15 10.0 12.5 15.0 17.5 200

Epochs

Figure 6. Performance analysis of f1-score based
on plant disease detection methods

Contrarily, the MAC-CNN-SVM model has a much
better F1-score, and its superiority remains steady.
This is indicative of the balanced nature of the
model to detect and classify plant leaf diseases with
good degree of accuracy as well as dealing with
class imbalance. DAGNF noise removal combined
with HV-UNet segmentation offers high-quality
inputs, whereas CA-VIiT-PSO is guaranteed to

Thirumoorthy et al., 2026

A transformer-assisted deep learning framework for robust...

Page 13



Food Science and Applied Biotechnology, 202x, X(X), XXX-XXX

optimize feature learning. The SVM in the form of
capsule also increases boundaries of decisions.

Conclusion

The proposed plant leaf disease detection
framework is suitable in that it successfully
incorporates the more difficult deep learning and
optimization strategies to overcome the constraints
of current agricultural diagnostic systems. The
system provides excellent quality and noise-free
lesion segmentation of various and complicated leaf
images and is achieved by integrating DAGNF
preprocessing and HV-UNet segmentation. The use
of a CA-VIT that is optimized by PSO ensures that
there is a vast improvement in the feature
discrimination as the global-local dependencies are
captured and the transformer parameters are
optimized to represent multi-class diseases.
Moreover, MAC-CNN-SVM classifier enhances
hierarchical lesion identification and provides
accurate category distinction, which is better than
conventional models, including R-CNN, PlantDet
and DCNN. An analysis on the New Plant Diseases
Dataset shows that the accuracy, precision, recall,
and F1-score have been steadily improved, which
proves the effectiveness of the system and its ability
to generalize. In general, the system offers a very
dependable, scalable and computationally efficient
deep learning process, which can aid real-time
agricultural surveillance and be integrated with
sustainable crop protection measures.
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