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Abstract - Crop leaf disease predic i insufficient generalization over different crop species, the lack of
differentiation between similar diseas ptoms, and variable environmental conditions affecting image quality. Poorly
labelled datasets, model ove 3 I-time deployment issues all affect the accuracy and reliability of detecting
illnesses in agriculture appli PlantVillage dataset, the Random Graph Diffusion Dual Channel Temporal
Convolutional Network wi Fibroblast Optimization (RGD-DCTCNet-SFO) is employed to resolve these

S Pn. The pre-processing by the Blind DE-blurring based Light Weight Wiener Filter
e process, which enhances image quality by reducing noise and blurring. Return-
(RADT) provides accurate boundary definition to enable segmentation through

methods, recording 99.9% efficiency and 99.8% sensitivity, based on experimental outcomes of a
udy. The approach provides a robust and reliable solution for agricultural analysis by significantly
accuracy of crop leaf disease diagnosis.

Keywords - Crop leaf disease, PlantVillage, Return-Aligned Decision Transformer, Synergistic Fibroblast Optimization,
\Wiener Filter.
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I. INTRODUCTION

Maintaining the world's growing population depends heavily on agriculture. To fulfil the rising demand for food,
agricultural productivity must be maximized while losses are minimized. Modern agriculture relies heavily on cro
growth forecasts and analysis, and machine learning is becoming a potent tool for achieving these goals [1]. Precisi
agriculture, sometimes known as "smart farming," utilizes advanced technologies to enhance agricultural productivi
and eliminate waste [2]. The goal of this strategy is to boost agricultural output while preserving resources like fertilizer
water, and energy. Since the agricultural and industrial revolutions coincided, agriculture is regarded as the corne
of any country. Human survival depends on crops, and food security and economic stability depend on crops re
healthy [3].

Crop diseases are one of the main causes of food insecurity, which is still one of the most urgent igg
world today. In addition to endangering the world's food supply, plant diseases have a major detrimgial infl
daily living and the state of the economy. The growth and state of a crop's leaves are among the mggk iNgRortant
of its general health [4]. Important information about a variety of plant diseases can be glea
leaves. A significant amount of money is lost annually due to the high susceptilyj
potatoes, tomatoes, and peppers to a variety of illnesses. There are two types of g i
early blight, which is brought on by a fungus, and late blight, which is broug tain bact®ria. Waste and
financial loss can be avoided with early identification and efficient treatment of tfN esses [5]. Furthermore, this
study explores how the integration of advanced deep learning techniques and optimiZSgmage processing workflows
can enhance accuracy and efficiency, particularly in real-time medical appllcatloli dis
there will likely be more than 9 billion people on the planet in the next % productlon must rise by 70% to

i i Orarian and rural areas. Since potatoes

are the most consumed vegetable in the world, infections affecting jaergirg ly concerning, but diseases affecting
tomatoes and peppers also pose a significant risk [7]. By co Ao -affie algorithms, tools, and approaches
smart farming significantly depends on deep learning riculturaractivities such as feature extraction, data
transformation, pattern recognition, and image cl sed by machine learning [8]. The integration of
artificial intelligence and machine learning tech ection enables early, accurate identification of
infections, thereby reducing crop losses and enhan sion-making to support sustainable agro-business practices

[9].

Novelty and contribution

The Novelty and contribution of this p below:

Graph Diffusion Dual Channel Temporal Convolutional Network
with Synergistic Fibro RGD-DCTCNet-SFO) is used to identify crop leaf diseases.

= The Blind DE-blurring i eight Wiener Filter (BDE-LWWF) is used in pre-processing to improve

the "Return-Aligned Decision Transformer (RADT) carries out segmentation,
delineation for accurate crop leaf disease identification.

*ntation, the Random Graph Diffusion Dual Channel Temporal Convolutional
TCNet) efficiently recovers characteristics and categorizes agricultural leaf diseases.
diction errors and streamlining the search for sick regions, Synergistic Fibroblast
SFO) improves classification accuracy.

Il. LITERATURE REVIEW

4, Naralasetti et al. [10] have presented, Using sophisticated deep feature representations to improve plant
af ase prediction: a transfer learning strategy. Using the PlantVillage dataset and transfer learning, this work
duces a unique method for predicting plant diseases. The pre-processing, feature extraction, classification, and
post processing phases are all part of the framework. Using deep feature extraction, VGG16 extracts complex
disease-related patterns from leaf photos. A deep neural network is used to classify the retrieved features, with
96.56% accuracy. Prediction performance, F1 score, and Kappa score are all improved by this technique. Despite
its great accuracy, it may over fit on small datasets and necessitates significant computational resources.

In 2024, Joseph et al. [11] have presented creation of real-time plant disease datasets and deep learning-based
plant disease detection. The goal of this research is to create specific rice, wheat, and maize datasets for the detection
of plant illnesses, including bacterial and fungal diseases. Xception and MobileNet performed the best for maize



(0.9580, 0.9464), MobileNetV2 for wheat (0.9632), and Xception for rice (0.9728) using the PlantVillage dataset and
eight fine-tuned deep learning models. Higher accuracy was achieved on all datasets by a new CNN model trained
from scratch. The approach can have over fitting issues and is computationally intensive, even though it is very
accurate.

In 2024, Pacal et al. [12] have presented employing a massive dataset and a sophisticated vision transforme
model to detect maize leaf diseases to enhance agricultural production and sustainability. This study employs t
PlantVillage, PlantDoc, and CD&S datasets to provide a high-end Multi-axis Vision Transformer (MaxViT) mode
for detecting maize leaf diseases. The ConvNeXtV2-based Global Response Normalization (GRN)-based MLP an
adding a Squeeze-and-Excitation (SE) block to the Stem enhance the model. It surpasses 28 CNN and 36,
transformer models with a high inference speed and 99.24% accuracy. Although extremely accurate, th

accuracy of the disease diagnosis. For all its diversity, however, the datg
complicated backgrounds might be challenging for model generalization.
@the problem of crop leaf disease

are time-consuming and error-prone.
broductivity using deep learning and

Problem Statement:

Proper identification and classification of various plant diseases fro
prediction to ensure food security and prevent yield loss. Traditio
Detection of disease at an early stage can enhance crop well-beg
machine learning algorithms to develop an automated, effici

I. PR OLOGY

The schematic block diagram of the suggested -DCTCNet-SFO in Figure 1 illustrates the procedure for
illage dataset.
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Fig 1. Block diagram of proposed RGD-DCTCNet-SFO



Pre-processing with the Blind DE-blurring based Light Weight Wiener Filter (BDE-LWWF) is the initial step in the
process, which enhances image quality through noise reduction and blurring. Segmentation is then performed by the
Return-Aligned Decision Transformer (RADT), which identifies areas with high accuracy through deviation analysis. The
Random Graph Diffusion Dual Channel Temporal Convolutional Network (RGD-DCTCNet) analyzes the segmented data
to extract features and classify it. With enhanced search for sick regions, Synergistic Fibroblast Optimization (SF
increases the classification accuracy. Black Rot, Bacterial Spot, Early Blight, Late Blight, and Leaf Mold diseases
identified by the system.

A. Data collection

54,305 images of 14 crop types and 38 disease categories, such as healthy leaves, comprise the PlantVillage d
predicting crop leaf disease. Photos of various crops, like potatoes, tomatoes, maize, and peppers, are collected in co
environments. This dataset is often utilized to train and evaluate deep learning and machine learning mo
illness detection.

B. preprocessing using Blind DE-blurring based Light Weight Wiener Filter (BDE—LWW

In the case of predicting crop leaf disease, the PlantVillage dataset undergoes the app
Light Weight Wiener Filter (BDE-LWWF) [14], which is used to remove noise 4
accuracy, remedies spatial distortions, and enhances image quality by incorporating
Wiener filter in a CNN-based model.

1) Deep Learning-based Image DE-blurring ,

Deep learning-based picture de-blurring based on neural network
PlantVillage dataset and enables crop leaf disease identification. The Imag

Q,~P*Q,+v

E-blurring based
It e ces diagnostic
arped kernels into a light

s”the sharpness of images from the
aon Model is given by equation (1).

1
where, Q, represent the blurry image. Qs ill d@nlurred ifMage. P represent the blur kernel. * represent
the convolution. U represent the noise. Other mode M as CNNs, learn to minimize errors. Equation (2) can be

represented by it.

O]

De-blurring images from the Pl using deep learning enhances the image quality and enhances the
accuracy of crop leaf disease detectio

2) Wiener Filter

In an attempt to identify
the PlantVillagg dat

pase, the Wiener Filter minimizes the noise and distortion in images acquired from
cing the signal-to-noise ratio. Equation (3) is the formula for the Wiener Filter.

H (. j)

D= HE TG0 -

L | represent the power spectrum of the signal. T(, J) reflect the power spectrum of the noise. Equation
uency domain multiplication is used to improve the images of the PlantVillage dataset for convolution-
disease diagnosis.

EQG, j)=H(, ))*G@, ))+T(, ) @)

where, E( J) represent the convolution of the signals. One of the common and effective methods of reducing noise
in PlantVillage dataset images for diagnosing crop leaf diseases is the Wiener Filter. In the process of extracting features
and enhancing accuracy in providing the image as input to the segmentation block, this pre-processing step enhances the
image quality immensely.

C. Segmentation using Return-Aligned Decision Transformer (RADT)



Through better border demarcation and feature extraction, the Return-Aligned Decision Transformer (RADT) [15]
enhances crop leaf disease segmentation on the PlantVillage dataset. By addressing the problems with attention allocation
in conventional transformers, it guarantees accurate interpretation of context and greatly improves segmentation quality for

accurate disease diagnosis and identification in smart agriculture applications. The return-to-go sequence Zr and the stat

action sequence Asaare expressed in equations (5) and (6),

lr 2(21’22""'Zt) (5)

Xsa :(X1’Y11X2’Y2""’ Xt’Yt) (6)

where, Z, reflects the parts of the pattern at that instant t, Xt’Yt represent the components ofgth

currentstate t | respectively. The inquiry is the state-action sequence. Xsa , and the key and

Xr This can be expressed in terms of equation (7).

Vn = Xsan Dv’ Sm :Zr‘mDS' Fm :Zr,mDF

\
where, Vi is the query matrix is derived from the projection matrix. D" pased ol state-action sequence Asan . The

Arm

key matrix Sm is obtained from the return-to-go sequence using

F
projection matrix D" . Fo symbolizes the value matrix obtaine m th
Decision Transformer (RADT) enhances boundary demg d re extraction in PlantVillage picture segmentation,
ensuring precise crop leaf disease identification by effs ating extual and geographical information for precise

The Random Graph Diffusion Dual oral Convolutional Network (RGD-DCTCNet) effectively extracts
important features from segmented pj disease prediction using the PlantVillage dataset. While the random
graph diffusion attention network ick, high-resolution feature extraction, the dual-channel temporal
convolutional network impro ifi accuracy, allowing for accurate disease identification across a variety of leaf

samples.
ntion Network (RGDAN)

iseases, characteristics are extracted from the PlantVillage dataset using the Random Graph

atena linear layers, attention, and fusion are the processing and prediction methods used by the RGDAN
ncodeg@isdfformation is given by equation a (8).

F(z)=y(Mz +1) ®

where, Vs symbolizes the activation role, M s symbolizes the variable parameter. Uis suggests that the bias term is
n extra variable that can be found and applied to change the result.

= A spatial-temporal generator for embedding

The spatial-temporal embedding generator encodes day-of-week and time-of-day information by processing
spatiotemporal data using embedding techniques (9).



Ghe) _ 5 (Conca (Géij?"), Kp)) ©)

(H+b)
where, ~OUT s represents the initial encoder layer signal. Ke is represents the future's temporal and spatial

embedding. Z is shows the function, this is most likely an activation function or layer of a neural network. CONCa ;

(G+D) M

represents merging the results of  OUT and " Ralong a certain dimension.

These recovered PlantVillage images are then used by the classification block to differentiate between the vario

disease categories.
ntendey
g two te

2) Channel Temporal Convolutional Network (DCTCNet)

or the
poral

Using the PlantVillage dataset, the Dual-Channel Temporal Convolutional Network (DCTCNet) [17] §
classification of crop leaf diseases. In order to extract spatial and temporal information, it analyzes d
routes (10).

where, TC‘ is illustrate the concealed condition. h” is represent the kernel Weight?" i esent the input sequences

and b is represent the bias. The final categorization is performed using so vation. It can be seen in equation (11).
eMC+a
O(X/Z) = Z eMgC+a
‘ (11)
where, O(X/ Z) is represent the class's odds. His™ Patial data architectures are used by DCTCNet to effectively
improve classification results.
Categorical Cross-Entropy (CCE) loss: The Categorical -Entropy (CCE) loss is frequently used to assess how well
a model performs in diagnosing various cro iseases. It is described by the equation (12), which follows:
(12)

where, f” is symbolize t % s label. f“ is reflect the expected probability for the class n, Synergistic Fibroblast
Optimization i te, ™ he RGD-DCTCNet classification loss function.

Step2: Random Generation

By boosting search diversity, avoiding premature convergence, and enhancing crop leaf disease detection, Random
Generation improves Synergistic Fibroblast Optimization (SFO).

Step3: Fitness Function



According to equation (13), the RGD-DCTCNet fitness function guarantees convergence, minimizes misclassification
errors, and strikes a balance between energy minimization and classification accuracy to provide optimal performance.

FF = Min{-3" 1, og(7, )] (13)

—i f,log(f,)

where, =l is represent the RGD-DCTCNet loss function.
Step4: A statistical model describing the behaviour of fibroblasts %
il

Affected areas are used to establish the direction of propagation in crop leaf disease detection. Equation
how it is calculated by calculating a weighted mean of the direction of previous travel and the sickness pattg
location.

K "(-7)
000.) = X500 £
=0T (14),
where, 7 is a lag in time. K is the sum of each one. q“(y’ 1) is the function rela eight. It is described by the
equation (15).
q,(y,l)=bb. bfmax{lfmo ,
n yV 1¥21 S L 1 (15)-

where, L is the dimension of a fibroblast that migrates; its typg 1004m .
Step 5: Termination
Until the target accuracy, fitness level, or maxi of iterati®ns is reached, the crop leaf disease recognition
algorithm continues to run. By keeping an eye on accu d fitness and ceasing execution when progress stabilizes, the
termination mechanism guarantees efficiency.
LTS AND DISCUSSION
Following its implementation an luatio e Python platform, the proposed method is contrasted with existing

analysis techniques. A thor
in Table 1.

ex tion of the simulation's parameters and an analysis of the outcomes are given

BLE I. SIMULATION SPECIFICATIONS

ecifications Description
gramming Python
Language
Version 3.7.14
(OF] Windows 10
Dataset PlantVillage
Diseases e Early Blight
e Late Blight
e Bacterial Spot
e Leaf Mold
e Black Rot
Training network Random Graph Diffusion Dual Channel
Temporal Convolutional Network (RGD-
DCTCNet)
Algorithm Synergistic Fibroblast Optimization (SFO)




A. Description of the Dataset
PlantVillage dataset

The 54,305 annotated photos of both healthy and diseased crop leaves in the PlantVillage dataset are made publica
available and are used to train and assess machine learning models for the identification and categorization of crop diseas

B. Performance Analysis of PlantVillage dataset
1

AUROC = 0.991 _geood” ’

=
)

=
)

True Positive Rate
o]
=

0.2 ¢

€ H own in Figure 2: ROC curve for PlantVillage dataset. The
Under the ROC Curve (AUROC) value of 0.991.

Model performance in identifying crop leaf diseas
classification accuracy is outstanding, as indicated by the A

1

Average
Precision = 0.99

0.2
’—%
0 - -
0.4 0.6 0.8 1
Recall

Fig 3. Performance matrices of PlantVillage dataset

The precision-recall curve is displayed in Figure 3: Performance matrices of PlantVillage dataset and the model’s high
ccuracy in identifying crop leaf diseases are indicated by an average precision of 0.99.

Table 2: Performance Analysis of RGD-DCTCNet-SFO shows improved detection performance by comparing the
proposed RGD-DCTCNet-SFO model with current techniques (VGG16-DNN, Xception-MNet, MaxViT-SE, CV-DLM) for
crop leaf disease detection. The proposed model achieves superior accuracy (99.9%), precision, recall, sensitivity,
specificity, and F1-score for Early Blight and Late Blight.



TABLE Il PERFORMANCE ANALYSIS OF RGD-DCTCNET-SFO

(V- Proposed
(VGG16- (Xception- | (MaxViT- DLM) Technique
Metrics Diseases DNN) [8] MNet) [9] SE) [10] [11] (RGD-
DCTCNet-SFO)
Early
Accuracy% Blight 87.4 84.9 89.3 83.4 99.8
Late Blight 87.8 88.2 86.5 87.4 99.9
Early
. . 825 89.1 88.3 89.9
Precision% Blight
Late Blight 84.7 91.9 84.2 86.8
Early
Recall% Blight 83.1 89.7 84.4
Late Blight 84.8 89.4 85.8
Early
Sensitivity% Blight 86.4 83.5 89.1 99.8
Late Blight 86.6 89.2 85.9 99.7
Early
. 2 2.4 .
Specificity%o Blight 86 8 %88
Late Blight 82.9 86.7 98.8
Early
F1-score% Blight 82.3 84.5 99.9
Late Blight 89.1 84.6 97.8

Crop leaf disease detection problems, suc
variability, are successfully addressed b
the method guarantees precise regiggi
(RADT) and improves picture g

or generalization, identical symptoms of the illness, and environmental
ed RGD-DCTCNet-SFO technique. Using the PlantVillage dataset,
by segmentation using the Return-Aligned Decision Transformer
rocessing with the Blind DE-blurring based Light Weight Wiener
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