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Abstract: The main goal of this study are to develop a highly accurate and
computationally efficient model for the early detection of plant leaf diseases,
ensuring timely mtervention and effective crop management. The approach focuses
on enhancing image quality through bilateral filtering for noise reduction, thereby
improving clarity for precise feature extraction. It further aims to leverage transfer
learning using ResNet-101, EfficientNet-B0O, and MobileNet-V3 Large to capture
detailed disease features. Additionally, the study seeks to optimize classification
performance by itegrating a CNN-Dense classification system with Bayesian
optimization for hyperparameter tuning, thereby boosting model robustness and
precision. Ultimately, the research aims to contribute to global food security by
enabling reliable and early disease detection, which is essential as the world’s
population continues to grow.

Keywords: Plant Leaf, Filter, Convolutional neural network (CNN), Resnet,
Efficient Net, Mobile Net, Bayesian Optimization.

1. INTRODUCTION

Agriculture in India is critical to economic growth, with farmers selecting crops
based on soil type, local weather, and crop economic value [1]. Regardless of the
circumstances, the industry attempts to boost productivity. Precision agriculture
(PA) is a modern technique that increases agricultural output and can contribute to
economic development [2]. PA can identify plant pests, weeds, and illnesses,
lowering pest populations and increasing crop yields [3, 4]. Pesticides are used to
control pests and illnesses, however, the predominance of crop diseases in industrial
agriculture creates problems such as decreased yields, financial losses, and negative
effects on production [5]. Early diagnosis of plant diseases is vital for agricultural
production management and decision-making, Identifying them has become a
critical issue in recent years [6].

Identifying crop diseases effectively is critical for timely treatment and
minimizing further harm [7]. Precision agriculture and management are
increasingly relying on artificial inteligence and machine learning to identify
patterns and structural analogies in photographs [8]. Plant diseases are identified
and classified using general image processing techniques such as color analysis and
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thresholding. Several standard and novel strategies for detecting plant diseases can
be used with other image pre-processing methods to improve feature extraction [9].
The agricultural sector research uses machine learning (ML) to diagnose crop
diseases using a variety of techniques, including fuzzy logic, SVM, sporadic forest,
and K-means system [10]. It is essential for plant pressure testing and the
identification, detection, and prediction of crop diseases [11]. Accurate strategy
selection in plant disease (PD) requires space data. Plant diseases are detected by
ML techniques, which also classify PD into various stages or types [12]. Fine
development, an mfectious organism that affects harvest varieties' yield, is subject
to ML counts. However, the extent of their work is restricted to determining the
crop's disease type [13].

DL models have been employed to obtain varying degrees of accuracy on lab
photos, with the highest accuracy reached when exact classification models are
verified on data identical to the training data [14]. Despite their high success rate,
some limitations preclude them from being used as a universal tool for real-time
plant leaf disease identification [15]. Previous research employed DL models to
diagnose illnesses on the Plant Village dataset, which has low variability [16].
Recently, the efficiency of DL models during training on individual lesions and
locations was exammned. To expand the dataset size, image segmentation and
augmentation were employed. As a result, dealing with plant leaf disease requires
a comprehensive approach.

Problem statement

Key drawbacks in preprocessing for plant leaf disease detection include high
computational demand, occurring due to complex operations requiring large
parameter sets, making models unsuitable for resource-constrained applications.
Another drawback is the maccurate isolation of diseased regions, occurring when
segmentation techniques lack sensitivity to subtle or overlapping disease patterns,
causing misclassification. Additionally, cross-crop applicability and resolution
limitations arise as some preprocessing methods rely on crop-specific texture
patterns, making them less adaptable to diverse conditions. Lastly, dependency on
large traning datasets occurs when models require extensive data to learn
hierarchical features, limiting practical use with smaller datasets.

Focus of the work

= Detection of plant leaf disease by introducing an advanced method that
combines transfer learning and revolutionary image processing techniques.

* The improvement of image clarity through noise reduction through the use
of a bilateral filter.

» Using modern algorithms like ResNet-101, EfficientNet-BO, and
MobileNet-V3 Large, transfer learning is implemented to effectively extract rich,
pertinent features from cleaned images.

» Integration of a CNN-Dense classification system that classifies different
plant leaf diseases accurately by wusing feature fusion. Utilizing Bayesian
optimization to optimize hyperparameters ensures high model accuracy and
efficient use of computational resources.
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»  Together, these developments improve plant leaf disease detection's
accuracy, dependability, and efficiency and offer a strong basis for early disease
prediction.

The structure of this article's remaming portions follows Section 2, which
specifies the numerous previous studies conducted in this field. Section 3 presents
the current work's methodology and then goes on to explain the transfer techniques
that are mentioned. The results and a thorough discussion are presented in section
4 and Section 5 concludes the paper.

2. RELATED WORKS

Identifying leaf diseases through image processing has been extensively researched
and continues to be a significant area of interest for researchers. Various methods
exist for detecting crop diseases based on their occurrence i different plant parts,
such as the leaf, node, or stem. This paper focuses on identifying crop diseases by
analyzing their effects on leaves.

Ashwin Kumar et.al [17] the article presents an automated methodology that
uses an OMNCNN to identify and categorize plant leaf diseases. The model consists
of four stages: pre-processing, segmentation, feature extraction, and classification.
Bilateral filtering and Kapur's thresholding are employed to identify afflicted areas,
and the emperor penguin optimizer algorithm enhances disease identification.
However, the method's precision reduces detection efficiency.

Perveen et.al [18] A dual-branch apple leaf disease diagnostic system (DBNet)
has been created to deal with lesion similarities and complex surroundings. The
system includes a multiscale joint branch with an attention branch with several
dimensions, which improves identification accuracy while reducing lesion
similarities, but it can be computationally and resource-heavy.

Rahman et.al [19] article describes an image processing method for recognizing
and managing leaf illnesses in tomato crops, which employs the Grey Level Co-
Occurrence Matrix (GLCM) algorithm to generate 13 statistical features from
tomato leaves and classify them into distinct diseases. However, the method has
disadvantages such as low image resolution, detection failures caused by lighting
conditions and acquisition angles, and restricted applicabilty due to disease
manifestation variances.

Mahum et.al [20] A deep learning algorithm has been designed to divide potato
leaves into five categories: healthy, verticillum-wilt, leaf roll, late blight, and early
blight. The "Plant Village" dataset serves as the model's training source, with other
classes obtained manually. Diseases are classified effectively using the Efficient
Dense Net model, which employs a reweighted cross-entropy loss function and
dense connections to reduce overfitting. This is the first technology that has
successfully identified and classified four illnesses i potato leaves.

Peng et.al [21] A novel image retrieval method for leaf disease localization and
identification has been suggested, which combines classification prediction and
metric learning. The system detects leaf objects using YOLOvSs and extracts
features with ResNet50. Mobius enables rapid vector searches. However,
combining advanced models may raise computational complexity and resource
requirements, thereby mmpacting training and processing times.
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Kotwal et.al [22] suggested a hybrid approach for plant leaf disease classification
(PLDC) based on optimal automatic deep learning (DL). The proposed model first
performed preprocessing by shrinking images and applying Gaussian filtering. The
UNet technique was then utilized to segment the disease-infected zone to obtain the
pertinent region and improve the accuracy of disease classification. The hunter-prey
optimization (Hunt-PO) algorithm was employed to adjust the weight of the UNet
model during segmentation. For feature extraction, essential features were extracted
using the gray level co-occurrence matrix (GLCM), scale-invariant feature
transform (SIFT), and a Gabor fiter. Fmally, artificial driving-EfficientNet (AD-
ENet) was used to perform PLDC based on the derived features. However, the
image was misclassified due to a small amount of noise present in the sample
images.

Aldakheel etal [23] created sophisticated agricultural disease prediction
systems. The dataset was enhanced and the resilience of the model was reinforced
through the use of data augmentation techniques such as horizontal flip and
histogram equalization. The YOLOv4 algorithm was thoroughly evaluated, and its
performance was contrasted with that of well-known target recognition techniques
including Densenet, Alexanet, and neural networks. The main drawback is the high
dependency on diverse and extensive datasets, which occurs due to the model's need
for robust generalization across various plant species and environments, leading to
challenges i data collection and processing.

The evaluation of approaches for identifying and detecting plant leaf diseases
has made progress, however, there are limitations. The DBNet model increases
accuracy but is computationally demanding. The OMNCNN model struggles to
isolate disease areas accurately. The tomato disease technique employs GLCM and
SVM but has limitations in cross-crop applicability and image resolution. The
DenseNet-based technique classifies potato leaf diseases using a vast amount of
training data. Transfer learning improves model accuracy and efficiency while
lowering training data and increasing model flexibility.

3. PROPOSED METHOD

The research proposal suggests an upgraded method for detecting plant leaf diseases
through image processing techniques. It employs a bilateral filter for pre-processing
to elimmnate noise from leaf images, hence boosting clarity and precision. Transfer
learning models such as ResNet-101, EfficientNet-B0O, and MobileNet-V3 Large
are used to recover rich features from cleaned photos. As seen in the block diagram,
this method is highly accurate, and eflicient, and requires minimal computer
resources.
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Figure 1: Block Diagram of the proposed Method

After feature extraction, the features are fused using a CNN-Dense classification
system. Bayesian optimization is utillized for hyperparameter tuning, optimizing
performance, and managing computational resources, while enhancing accuracy
without significantly increasing computational demands. This ensures that the
classification model is finely tuned for high accuracy and robustness in detecting
different plant leaf diseases.

3.1 Bilateral Filter

The BF technique takes a plant leaf image as mnput and improves image quality by
removing noise. It is a nonlinear filter that smoothest and maintains edges. The BF
weight is calculated using Euclidean distance and a weighted average of ambient
pixel brightness and intensity. This method is a weighted average for Gaussian
filters calculated by calculating the distance between two pixels, as shown by eq.
(1):

Y. 8,af(8,a)w(B,y.0,a)
GF =
(ﬁ Y) Y Saw(By.6,a) (1)

serves as basis for the weighting coeflicient w(f,y,d,a). The source of the
domain kernel is given as Eq. (2):

DK(B,y,8,a) = exp (- L2100 @)
Additionally, the range kernel can be found in Ezl.kz@)
rk(B,, 8,a) = exp (- /L0TCD @)
Eq. (4) is used to create the BF weight ﬁmctionsgd;’[er the two kernels are
multip lied.
w(B,y,8,a) = exp (- (B-8)*+(-a)? _ f(ﬁ,y)—f(&a)z) @)

204)2 204)2
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The bilateral fiter effectively reduces noise while mamtaining crucial edge
details, improving the quality of plant leaf images. This method helps to preserve
the fine details of the texture and structure of the leaf by smoothing pixel values
based on both spatial distance and mntensity similarity. Clearer and more consistent
images are obtained by applying the bilateral filter, which reduces noise levels and
variations in leaf image quality. This enhanced image quality serves as a useful
preprocessing step for a strong and dependable plant leaf disease classification,
enabling more precise feature extraction and disease detection.

3.2 Transfer learning based Feature Extraction

Deep learning models must be trained from the beginning, which takes a lot of time
and computing resources, such as powerful GPUs and millions of training instances.
Transfer learning, which makes use of CNNs that have already been trained, can
help to overcome these difficulties. Pre-trained on large datasets, models such as
ResNet-101, EfficientNet-BO, and MobileNet-V3 Large, may effectively extract
features from cleaned images, hence lowering training time and processing needs.
Thus, transfer learning achieves high accuracy while overcoming the shortcomings
of high resource needs and delayed training processes. Preprocessed data is sent
into each of the networks listed below to extract features.

3.2.1 ResNet-101

Batch normalization and ReLU activation come next. Next, a 3x3 pool size max
pooling layer is added. This series of actions is carried out in the convS step. The
network can learn and extract essential features more effectively by suppressing
features with less information and concentrating on features with significant
mformation. This method enhances the models overall feature extraction
capabilities and sensitivity to important characteristics. Figures 2 and 3 show the
ResNet 101 Architecture and residual Node Structure given below
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Figure 2: ResNet 101 Architecture
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Figure 3: Residual Node Structure

3.2.2 EfficientNet-B0
A series of architectures called Efficient Net was created to determine the most
effective way to scale CNNs and enhance model performance. The authors
developed the CNN architecture by employing this method. The eight models in the
efficient net model group are numbered BO through B7; higher-number models
have more parameters and are more accurate. By changing the network depth,
CNNss can capture features that are richer and more complex. Nonetheless, network
training becomes increasingly challenging because of the vanishing gradient issue.
The network's width may be changed to gather more detailed details. Additionally,
training is simple and the starting point of the EfficientNet-BO model is capable of
receiving input images that provide the dimensions of the image as well as its width
and height. To capture features across layers, this technique employs a mobile
mverted bottleneck convolutional and numerous convolutional layers with a 3 x 3
receptive field. Eq. (5) below illustrates how to scale the width, depth, and
resolution. Figure 4 depicts the architecture of Efficient net BO given below
w=a? d=yrr=p? ()
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Figure 4: Efficient Net BO Architecture

where a grid search on a smaller starting model is used to identify the constant
coefficients «, y, and f. are used to scale the network's width, depth, and resolution.
Efficient Net can systematically modify these parameters due to its compound
scaling technique, which guarantees a balanced increase in both computing
efficiency and network capacity. Efficient Net can efliciently capture a broad
variety of features in this way, from high-level abstractions to low-level details. On
the other hand, because of their shallow depth, large and shallow networks
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frequently miss high-level mnformation, which Limits their capacity to learn
complicated representations. A complete feature extraction process is made
possible by Efficient Net’s thoughtfully designed architecture, which captures both
high-level and fine-grained features that are essential for precise predictions.

3.2.3 MobileNet-V3 Large
One of the components of MobileNet V3's stem block is the convolutional layer or

conv. In this case, the spatial information from nput [—data is captured by the
learnable filters. A BN layer comes immediately after the convolution layer and
before the ReLU activation layer. Figure 5 illustrates the architecture of mobile net
v3 large and Eq. (6) is given below
Blockstem = Conv([Blocknorm[ReLuConv(I)]]) (6)
Squeeze and excitation operations, separable convolutions, and a linear
bottleneck are the components of the model's significant blocks, also known as
mverted residual blocks, which are based on the idea of depth-wise separable
convolutions given as Eq. (7)

BlOCkInvres = LBottleneck ([Depthsep[xstem]]) (7)
To calculate the average of each feature map in the final layer for a latent
feature vector, the acquired feature maps are pooled using the Global Average
pooling function given as eq. (8)
POOl(avg,global)(BlOCk(resinv)) (8)
The following is the feature vector that was retrieved from MobileNet V3 is

given as eq. (9)
FV1i= [mimg,..., mny] 9)

| Preprocesser Image |

Com 3x3

B

Rel.u

i

2 s
- 2 g — — =
[} w e 4 [ &}
— ] g - 3 - -
£ 5 = 2l & g E
S il HIE S 3
8 =
2 o
1x1 Convolution Depthwise SE module Point
Convolution Convolution

Figure 5: Mobile Net V3 Large Architecture
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3.3 CNN Dense Classification Layer
The study suggests creating a module that combines down-sampling feature maps
from fused convolution blocks with output maps from the averaging pooling layer.
This feature fusion module minimizes feature loss while increasing feature
mnformation. The module improves target pest visbility by increasing the contrast
between pest features and backdrop and decreasing similarity in feature maps.
Which is the result of the linear and nonlinear transformation in the fused-
convolution block. The formula F(A) can be represented as eq. (10)
F(A) =TATn[T1(A)]} (10)
where Tidenotes linear transformation and Tn stands for nonlinear
transformation. The feature map that results from the average pooling layer's linear
transformation is X(A). It has a wide perceptual field and no redundant information.
It can be stated concisely as eq. (11)
X(A4) = Ti(A) (11)
It can be explained by Equation (12).
Z = add[T{Tnu[T(A)}TiI(A)] (12)
Finally, the classification process includes Global Average Pooling to reduce
dimensionality, folowed by a sequence of three dense layers for complex feature
representation. The output is then flattened before passing through a Softmax layer,
which accurately categorizes the different plant leaf diseases.

3.4 Bayesian Optimization for Hyperparameter Tuning
Bayesian optimization is an algorithm made up of four parts: an objective function,
an optimizer method, and a hyperparameter space search. The goal function is only
specified after the model has been set up, defined, allocated, trained, and tested,
therefore it is considered random. The Bayes theorem is used in the optimization
approach, hence the name Bayesian. This method optimizes the models
performance using a collection of hyperparameters and alternative solutions.
In this case, given the proof that data D provides, the posterior probability
P(m|D), defined by Eq. (13), where m is a model proportional to the probability
P(D|m)) of overserving D given model m multiplied by the prior probability of
P(m).
P(mip) = MO (13)
Gaussian Process (GP) was employed as the probabilistic model i this
investigation. The hyperparameters are the domain in which the data generated by
the GP model are located.
As a result, Bayesian optimization is more efficient than random and grid searches.

4. RESULT AND DISCUSSION

This section includes the findings and information from the suggested model's
evaluation. The section goes ito detail about the dataset and shows a depiction of
the testing setup. Many tests to assess the efficacy of the proposed method have
been reported.
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4.1 System Configuration

The system configurations for applying the Transfer learning model with Python
3.9. For basic computing, an Intel Core i5 processor and 16 GB of RAM are
suggested. Nvidia GPUs can accelerate computations in Python frameworks such
as TensorFlow and PyTorch. Python programs, libraries, and datasets can all be
kept on a 1 TB HDD, resulting in quicker read/write speeds and better system
performance. The Windows 10 operating system supports Python and related
libraries.

4.2 Dataset description

The Plant Village collection, generated by researchers at Pennsylvania State
University, includes over 50,000 photos of healthy and damaged plant leaves from
14 different species. It helps to build computer vision algorithms for automated
plant disease identification. The dataset is utllized in a variety of programs and
mvestigations. Eighty percent of the dataset was used for testing, with the remaining
20% used for training. The suggested framework showed good optimization and
learning with a batch size of 64 and 16 subdivisions.

Number of Images per Class

1000 4

750

Figure 6: Dataset distribution
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4.3 Result Obtained from the Proposed Method
This section provides the result of preprocessed output and Prediction output will
be discussed below.

Original image Filtered image Original image Filtered image

(a)Apple Scab (b)Apple Cedar Apple rust

(c)Apple healthy (d) Cherry(including sour)Powdery
mildew

orn (maize)Northern Leaf Blight

(g)Potato Late Blight (h)Strawberry Leaf Scorch

()Tomato Bacterial Spot (j) Tomato Septoria leaf spot

Figure 7: Preprocessed Output

BRADLEYA -



ISSN:0265-086X Vol. 43 (n. 3, 2025)

Figure 7 depicts the preprocessed output using a bilateral fiter. The bilateral
fiter in the preprocessed output effectively reduces noise while maintaining
important edge details, improving the images of plant leaves. By using spatial and
intensity similarities to smooth pixel values, this method preserves the leaf's
primary features and textures. Consequently, the images exhibit enhanced clarity
and consistency, thereby furnishing a robust basis for precise feature extraction and
disease classification. Enhancing the overall quality and dependability of plant leaf
disease detection requires this preprocessing step.

Actual: Apple Cedar apple rust Actual; Cherry Powdery mildew Actual; Corn Morthern Leaf Blight Actual; Potate Early blight
Predicted: Apple Cedar apple rust  Predicted: Cherry Powdery mildew  Predicted: Corn Northemn Leaf Blight Predicted: Potato Early blight

Actual: Tomato Bacterial spot
Predicted: Torata Bacterial spet

Actual: Apple Apple scab
Predicted: Apple Apple scab

Actual: Potato Late blight
Predicted: Patate Late blight

Actual: Strawberry Leaf scorch
Predicted: Strawberry Leaf seerch

Actual: Tomato Septoria leaf spot Actual: Apple healthy
Predicted: Tomate Septeria leaf spat Predicted: Apple healthy

Figure 8: Prediction Output

The prediction output from a CNN-based dense classifier that used the Plant
Village dataset to facilitate transfer learning is shown in Figure 8. Plant leaf images
are classified with high accuracy into distinct disease categories by the model,
which has been fine-tuned using pre-trained weights. The CNN architecture
processes each image by first extracting features using convolutional layers and
then classifying those using dense layers. Plant leaf conditions are illustrated by the
output, which is represented graphically in terms of predicted disease labels and
related confidence scores.

4.4 Performance Evaluation

The proposed approach's performance is assessed using a confusion matrix, which
is a table that summarises the effectiveness of a classification algorithm. Figure 9
shows the confusion matrix for the proposed transfer learning classifier. It
indicates the model's performance when comparing predicted and real labels, such
as TP, TN, FP, and FN.
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Figure 9: Confusion Matrix for Transfer Learning

Assessing a transfer learning technique's performance and identifying potential
issues like underfitting and overfitting mvolves mterpreting training, accuracy, and

loss.
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Figure 10: Training and Validation Accuracy

The suggested method represents the actual and expected classes with a matrix,
where each row represents the ground truth and each column represents the
predicted class. The matrix members contain information about the classifier's
performance. Figure 10 depicts training and validation accuracy, with training and
validation losses discernible. The model's traning graph shows that it is still
learning, and a constant decreasing trend in error loss is required as accuracy

improves.
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Figure 11: Training and Validation Loss

The model has learned everything it can from the traming set of data when the
loss plateaus. The research employs both original and upgraded datasets, yielding
an enormous total dataset that can yield important results that serve as both proof
of concept and insights into the viability of a method i practical settings.
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Figure 12: RoC Curve

Figure 12 depicts the transfer learning model's ROC curve and performance at
various threshold levels. TPR and FPR plots demonstrate therr ability to
discriminate plant leaf disease groups. The curve's shape and AUC reflect its ability
to classify diseases, with a larger AUC suggesting better overall performance. The
model obtains a high TPR while maintaining a low FPR, indicating superior
prediction accuracy.

4.5 Comparative Analysis:

The transfer learning typical with existing models such as Resnet [21], Squeeze-
and-Excitation deep block (SSD) [24], Yolo v5 [25], Alexander [26], SVM
Classifier [27], DenseNet-121 [28] and Convolutional Neural Network (CNN)[14].
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Figure 13: Accuracy Comparison

Figure 13 shows that the transfer learning model outperforms conventional

techniques in classifying plant leaf diseases, with a consistently higher accuracy of
99.9%.

Table 1: Accuracy Comparison of proposed transfer learning with existing

models
Models Accuracy (%)
ResNet 97.84
SSD 92.20
Yolo V5 86.5
Alexander 97
SVM 95
DenseNet-121 91
HCNN 98.02
Proposed 99.9

The proposed transfer learning model surpasses existing models in classifying
plant leaf diseases with an outstanding accuracy of 99.9%, surpassing many
techniques, this highlights the efficacy of the transfer learning technique, which
uses pre-traned networks to boost classification accuracy. The model's ability to

change and update existing knowledge of specific plant leaf disease traits improves
disease detection precision and dependability.
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5. CONCLUSION

The study proposes a unique method for detecting plant leaf disease using advanced
mmage processing and the TL Method. Bilateral filtering is used to remove noise
from leaf images, resulting in greater precision and clarity. Transfer learning is
combined with advanced algorithms such as ResNet-101, EfficientNet-B0O, and
MobileNet-V3 Large to extract detailled features, which improves detection
performance. When the CNN-Dense classification system is combined with
Bayesian optimization for hyperparameter adjustment, its accuracy improves even
further. The proposed method demonstrates a high classification accuracy of 99.9%
while maintaining computational efficiency, making it a reliable tool for plant leaf
disease detection. This performance surpasses all existing approaches, with HCNN
achieving 98.02%, ResNet and Alexander models reaching 97.84% and 97%,
respectively, SVM attaining 95%, SSD at 92.20%, and DenseNet-121 at 91%.
YOLO VS5 records the lowest accuracy at 86.5%. These findings align with recent
research that emphasizes the effectiveness of mtegrating advanced transfer learning
models and optimized -classification systems for plant disease detection. The
proposed model's superior results further wvalidate this trend, highlighting its
robustness and adaptability compared to traditional and contemporary approaches.
Future research will concentrate on enhancing feature extraction methods and
mcorporating more data sources into the model.
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