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Abstract

Background/Objectives: Enhancing agricultural productivity is crucial for fos-
tering economic growth. Plant diseases significantly threaten crops, necessi-
tating timely detection to mitigate adverse impacts on quality, quantity, and
overall productivity. This research addresses the importance of early disease
detection in agriculture and proposes an innovative method utilizing Jacobian
Polynomial and Laplacian Function for precise identification. Methods: Effi-
cient monitoring of large-scale crop farms with minimal workforce is essen-
tial. To achieve this, an automatic method for plant disease detection is pro-
posed. The method leverages Jacobian polynomials to expand input features,
mitigating correlation issues among input vectors. The expanded Jacobi poly-
nomial is the input vector for a backpropagation algorithm with a novel acti-
vation function based on the Laplacian function. Findings: The efficacy of the
proposed JPLF model is demonstrated through the accurate identification of
leaf diseases, achieving a high testing accuracy of 92.07%. Comparative analy-
sis with existing models, such as CNN with MobileNet V2 (85.38%) and the loU
model (83.75%), highlights the superiority of the JPLF model in plant disease
detection. Novelty: To overcome the limitations of existing approaches, the
incorporation of Jacobian polynomials plays a pivotal role in expanding input
features. This expansion aids in eliminating correlations among input vectors,
enhancing the efficacy of disease detection. The proposed model, Jacobi Poly-
nomial and Laplacian Function (JPLF) introduces a unique activation function
based on the Laplacian function, improving accuracy.

Keywords: Plant Disease Detection; Jacobi Polynomial; Laplacian Transform;
Deep Learning Model; Feature Expansion
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1 Introduction

In India, agriculture is a key source of economic growth. Agriculture-related industries constantly look for effective ways to
safeguard crops from harm and improve food output. This drives researchers to look for novel, highly productive, and precise
technologies. Crop diseases reduce output and financial losses for farmers and the agricultural sector. Disease identification
is one of the key components of a successful farming system. In general, a farmer can spot disease symptoms in plants that
require ongoing inspection by using eye observations. Various diseases can cause a plant’s leaves to die. Farmers encounter
extra challenges in diagnosing these illnesses. With photographs of plant leaves, image processing techniques are appropriate
and effective for disease detection.

The traditional method of identifying plant illnesses involves direct eye observation and memory of the specific set of diseases
according to the climate, season, etc. These techniques were time-consuming and imprecise. The most recent approaches for
finding plant diseases need a variety of laboratory tests, knowledgeable personnel, well-equipped laboratories, etc. These items
are not always accessible, especially in rural areas. Automatic disease detection is advantageous because it lessens the laborious
task of keeping an eye on vast agricultural farms and identifies disease symptoms at an extremely early stage before they manifest
on plant leaves. There are many methods to detect plant diseases!~>). If the disease has no external symptoms or appears only
when it is too late to take measures, a complex examination is required.

The main technique for detecting plant diseases in practice is visual inspection by a trained specialist since most diseases
show some form of visible manifestation. The variability of diseased plant symptoms can lead to misdiagnosis, as it can be
more difficult to detect for experienced plant pathologists than for novice gardeners and hobbyists. Both hobby gardeners and
professional experts would greatly benefit from an automated system that detects plant diseases based on plant appearance
and visible symptoms as a validation system for disease diagnosis. The market for computer vision applications in precision
agriculture is growing as a result of the development of computer vision ). These methods can be improved and extended.

Sharanya and Prashant ) offer an effective way to determine if a tomato leaf is healthy or sick by extracting the leaf’s texture
using GLCM and extracting the colour of the histogram. A support vector machine (SVM) is trained using the gathered features
in order to classify various plant diseases into communicable and non-communicable categories. After training, the model is
installed on a Raspberry Pi, which uses a pi camera to record video and the classifying model to identify plant diseases in real
time. The created system has an accuracy of 97.29% on the plant disease SVM model, which identifies two prevalent ailments,
mold, and bacterial spot.

Regarding the identification and prediction of potato leaf diseases, Hritwik et al. ”) provide a thorough comparison and
assessment of three cutting-edge CNN models: VGG19, DenseNet121, and ResNet50. It used a large dataset of pictures of
potato leaves, with both healthy and diseased specimens, to train and evaluate the effectiveness of the selected CNN models.
The variety and generalization capacities of the dataset were improved by the use of extensive data augmentation techniques. To
identify the best model for practical applications, the models are assessed based on their accuracy, precision, recall, F1-score,
and computing efficiency. The outcomes show that all three CNN models performed well in detecting and forecasting illnesses
of the potato leaf, with VGG19 appearing as the best performer and DenseNet121 and ResNet50 following closely behind.

A new framework has been proposed by Chug et al. ®) that combines the advantages of both machine learning and deep
learning. The framework contains 40 different hybrid deep learning models, which contain a combination of eight different
pre-trained deep learning architecture variants, namely EfficientNet (B0O-B7) as a feature extractor, and five machine learning
techniques, viz. k-nearest neighbors. (kNN), AdaBoost, Random Forest (RF), Logistic Regression (LR) and Stochastic Gradient
Boosting as classifiers. The Optuna framework was used in this study to optimize the hyperparameters of these classifiers. Real-
time image data on tomato early blight was collected by the Indian Agricultural Research Institute for this study. The proposed
HDL models perform exceptionally well on the IARI-TomEBD dataset and achieved high accuracy levels ranging from 87.55%
to 100%. In addition, validation of the proposed approach was performed using two publicly available plant disease datasets,
viz. PlantVillage-TomEBD and PlantVillage-BBLS. Finally, Friedman’s statistical test was also performed to calculate the mean
of the HDL models. The results show that EfNet-B3-ADB and EfNet-B3-SGB achieved the highest rank among all three plant
disease datasets.

Another study presents an innovative deep learning technique for disease detection and classification called Ant Colony
Optimization with Convolutional Neural Network (ACO-CNN) developed by Yousef et al. ) The efficiency of plant leaf disease
diagnosis was investigated using ant colony optimization (ACO). Color, texture, and geometry of plant leaf arrangement are
extracted from the provided images using a CNN classifier. Some performance metrics used to analyze and propose the
proposed method show that the proposed approach performs better than the existing techniques, and precise measures are used
to implement these approaches. These steps are used in the stages of disease detection: image acquisition, image extraction, noise
reduction, and classification.
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Since DCNN has focused on agriculture fields in recent years, Gardie ') applied an autonomous method in this research that
employs CNN model to identify leaf diseases in tomato leaves. 18160 photos of tomato leaf diseases were used that were gathered
from the Plant Village data collection. The dataset has been divided, with 40% designated for testing and 60% designated for
training. By utilizing three color channels by applying various dropout values, augmentation, and segmentation approaches,
the model obtained an accuracy of 96.8% for the dataset of 10 classes.

The advantages of the proposed JPLF method are as follows:

« This method automates non-contact observation of the health and development of herbs by using morphologic, textural,
and time-based herbal features.

o The current work includes more diseases in plant species like cherries, corn, grapes, etc.

o This method uses Jacobian polynomials to expand the input feature in order to decrease the correlation between the input
vectors.

o The expanded Jacobian polynomial serves as the input vector for the backpropagation algorithm, which makes use of a
proposed activation function based on Laplacian polynomials.

o The application of Jacobian and Laplacian improves validation accuracy whereas

« Findings from conventional approaches are less accurate.

The rest of the paper is organized as follows: The dataset used for leaf disease classification and the proposed method is explained
in section 2, while experimental setup and results are discussed in section 3. Finally, we draw our conclusion in section 4.

2 Materials and Methods

Deep learning is part of the algorithm of machine learning and artificial intelligence, where its layers are closely related to each
other '), The result of the first layer is used as input to the next layer. In the plant disease detection experiment, a convolutional
neural network is a suitable learning technique in deep learning, where it can accurately detect plant diseases!?). This section
describes the category of leaves that were the focus of this study as well as the methods used to get the images. Also, detailed here
is the system configuration. An open-source resource called the plant village dataset !> has 54,306 labeled images of healthy
and sick leaves from 14 different plant species. Six distinct breeds of plants representing 18 different types of leaf diseases were
used in this study’s data collection. CNN prototypes were trained and tested using 17,103 images of both healthy and diseased
plants. Dividing the total number of images arbitrarily so that 80% of them were considered as a training set and 20% as a test
set, the complete database was divided into two datasets, a training set and a test set!!*). Table 1 summarizes the dataset, and
some sample images of magazines used in this work are shown in Figure 1.

Table 1. Dataset Summary

Leaf Disease No. of Images
Powdery mildew 1052
Cherry Healthy 854
Cercospora leaf spot 513
Corn Common rust 1192
Northern leaf blight 985
Healthy 1162
Leaf blight 1076
Grape Black rot 1180
Esca 1383
Healthy 423
Bacterial spot 2297
Peach Healthy 360
Bacterial spot 997
Pepper Bell Healthy 1477
Early blight 1000
Potato Late blight 1000
Healthy 152
Total 17,103

In the realm of training machine learning and deep learning models, traditional algorithms have paved the way for various
techniques aimed at optimizing model performance. Two commonly utilized loss functions include hinge loss and squared

https://www.indjst.org/ 1452


https://www.indjst.org/

Janes & Chithra / Indian Journal of Science and Technology 2024;17(14):1450-1463

(a) Powdery mildew Healthy
Cherry Diseases
3 W\

(a) Bac(eriél (b) Healthy

Pepper Bell Diseases

(b) Common rust (c) Northern leaf blight (d) Healthy

Corn Diseases

(b) Late blight
Potato Diseases

(a) Early blight

©Healthy

(b) Black rot (c) Esca (d) Healthy
Grape Diseases

(a) Leaf blight

(a) Bacterial spot (b) Healthy
Peach Diseases

Fig 1. Healthy and Diseased Leaf Images

hinge loss, each providing distinct perspectives on measuring the efficacy of a model. Additionally, binary cross-entropy loss
and softmax classifiers have gained prominence in the landscape of deep learning models, playing crucial roles in evaluating
the classification accuracy of the dataset’s data points.

Among the traditional algorithms, the backpropagation (BP) algorithm stands out as a foundational and widely adopted
approach for implementing supervised learning tasks. This algorithm simulates a unidirectional mapping from an input space
with r dimensions to an output space with s dimensions, where r and s represent the total number of input and output variables,
respectively. At its core, the backpropagation algorithm leverages error feedback from training samples to iteratively update the
weight links between layers, facilitating the learning process across the neural network. In the weight updation rule of the BP
algorithm, the concept of the learning rate” plays a crucial role. This hyperparameter influences the rate at which the network
converges during training. The choice of an appropriate learning rate is pivotal; a too high value may risk overshooting the
global minima, while an excessively low value can significantly slow down the network’s learning pace.

To address the challenges posed by traditional algorithms, the proposed Jacobi Polynomial and Laplacian Function (JPLF)
algorithm offers a novel solution. Traditional algorithms, such as those employing hinge loss, squared hinge loss, binary cross-
entropy loss, and softmax classifiers, have their merits but may encounter issues related to convergence rates and the risk of
getting trapped in local minima. The JPLF algorithm introduces a unique combination of Jacobi polynomials and Laplacian
functions to mitigate these challenges (Figure 2).

2.1 Proposed Methodology

This JPLF method uses Jacobian polynomials to expand the input property to reduce the correlation between the input vectors.
The extended Jacobian polynomial serves as the input vector to the back propagation algorithm, which uses a proposed
activation function based on Laplacian polynomials.

2.1.1 Jacobi Polynomial
Mathematical analysis and real-world applications frequently make use of the classical Jacobi polynomials. The Legendre
and Chebyshev polynomials in particular have been crucial to the development of spectral methods for partial differential
equations (19
quations ‘.
Jacobian polynomials are a system of complete and orthogonal polynomials in mathematics that have a wide range of features
that are helpful in numerous applications. Because of the problem’s recurring relationship, Jacobian Polynomial based Neural
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Fig 2. Block Diagram of Proposed Model JPLF

Networks were suggested in the field of artificial intelligence for function approximation. Compared to trigonometric equations,
it requires fewer calculations. Figure 3 describes the structure of Jacobi polynomial.
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Fig 3. The Structure of Jacobi Neural Network

Definition: The definition of the Jacobi polynomials is introduced in this section.
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Let £ (), g(t) € Ca,b], p (¢)be the weight function in [a,b], if
(£,8) = Ja (1) f (1) g (1) dx =0, (1)

It is said that in [a, b], weighted functions f(t) and g (t) are orthogonal ae),

2.1.2 Laplacian Transform
This method is used to resolve differential equations. Here, an algebraic equation in the form of a frequency domain differential
equation is first converted. To get at the differential equation’s final solution, the algebraic problem must first be solved in the
frequency domain and then the answer must be converted to time domain form. In other words, the Laplace transformation
can be thought of as nothing more than a quick way to solve a differential equation.

For any t 0, let f(t) be the function of t. If this is done, the Laplace transform of f(t), F(s) can be expressed as

F(s)= [ f(t).edt )

Provided that the integral exists, where the Laplace Operator, s = 6 + j®; will be real or complex j = 1/(-1).

The most well-known supervised machine learning algorithm is backpropagation (BP). The main issues with the BP
algorithm have been noted to be poor convergence rates and local minima entrapment. Numerous scholars suggested various
methods to address these issues. A novel algorithm (JPLF) is developed using both Jacobian polynomial and Laplacian
functions. Jacobian polynomials are used in this JPLF approach to expand the input property and lower the correlation between
the input vectors. The suggested activation function of the backpropagation method, which makes use of Laplacian polynomials,
is based on the expanded Jacobian polynomial as the input vector. The steps are described in the following section.

Algorithm : Jacobian Polynomial and Laplacian Function (JPLF).
« Initialization

Step 1. Generate random weight matrices U and V between the input to the hidden layer and the hidden to the output layer,
respectively

o Jacobian Polynomial Expansion

Step 2. For each training pattern set T = {X;,0; }
where X; is the input vector and O; is the output vector
Step 3. Expand the input vector using Jacobian Polynomial:
X = (a+ (a+b+2) (551),
where a and b are hyperparameters.

« Feedforward Process

Step 4. Feed the expanded input vector into the input layer.
Step 5. Calculate the net input h, for each hidden node:
hg = Z?izl}u{ig} * X
where j=1,2,...,g.
Step 6. Compute the output for each hidden node using the proposed Laplacian activation function:

_ hj
g(hg) - ((hi)2+((x)2)
where g(h,) is the Laplacian activation function.
Step 7. Apply the softmax activation function to calculate the output for nodes in the output layer.

« Backpropagation and Weight Updation

Step 8. Calculate the gradient of the output node:
§'(Z) = 8(2)* (1 - g(2)),
where k is the number of units in the output node.
Step 9. Compute the error at the output node:

https://www.indjst.org/ 1455


https://www.indjst.org/

Janes & Chithra / Indian Journal of Science and Technology 2024;17(14):1450-1463

& = (Ox— 8(Zk)) * &' (Zk)-

Step 10. Calculate the error at the hidden node:

6g = g/(Zk) * Zr{nkzl} 6k* V{gk}'

Step 11. Update the weights in the output layer:
ViE+1)=V(t)+ o * &* hg+ B * (V(r—1)),

where « is the learning rate, and 3 is the momentum.

Step 12. Update the weights in the hidden layer with momentum:
Ut+1)=U(t)+ a * §gx xi+ B+ (U(r—1)).

« Convergence Criteria

Step 13. Repeat steps 2-12 until the mean square error is reduced to 1 * 10,

The proposed Jacobian Polynomial and Laplacian Function (JPLF) algorithm begins with the initialization of random weight
matrices, denoted as U and V , connecting the input to the hidden layer and the hidden to the output layer, respectively. For
each training pattern set 7 = {X;, O;}, where X; represents the input vector and O; is the corresponding output vector,
the input vector is expanded using Jacobi polynomials in the Jacobian Polynomial Expansion step. The expanded input X; is
computedas (a+1)(a+b+2)((x;—1)/2),with a and b as hyperparameters. The feedforward process involves propagating
the expanded input through the network, calculating the net input &, for each hidden node and determining the output for each
hidden node using the Laplacian activation function g(h,) = h;/ (((h)* + (a)?)) . The softmax activation function is then
applied to calculate the output for nodes in the output layer. Subsequently, backpropagation and weight updation steps involve
computing gradients, errors, and updating weights in both the output and hidden layers using a combination of learning rate
and momentum f . The algorithm iteratively repeats these steps until the mean square error is reduced to 1 x 10173} serving
as the convergence criterion. This comprehensive process integrates Jacobi polynomials and Laplacian functions to enhance the
network’s learning and classification capabilities. The architecture of the algorithm is given in Figure 4.

(@ 1) Boas2)x-142) E

(1) Bras2)(xz-1/2)

(@10 Brai2lixn-1/2)

l_} L{Mzn)

Fig 4. Proposed Architecture

3 Results and Discussion

The research employs Python and OpenCV due to their user-friendly nature and seamless integration, making them suitable
for inclusion in OpenCV applications. The investigation utilizes a dataset consisting of 17,104 images from the Plant Village
dataset. The proposed system’s performance is evaluated based on accuracy.

The Table 1 presents a comprehensive overview of the distribution of leaf images across different plant species and
their corresponding health conditions. The dataset encompasses four plant categories: Cherry, Corn, Grape, and Peach,
each associated with specific diseases and a healthy state. For instance, in the Cherry category, images are categorized into
Powdery Mildew and Healthy conditions. Similar categorizations are observed for Corn (Cercospora Leaf Spot, Common Rust,
Northern Leaf Blight, and Healthy), Grape (Leaf Blight, Black Rot, Esca, and Healthy), and Peach (Bacterial Spot and Healthy).
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Additionally, there are entries for Pepper Bell and Potato, featuring Bacterial Spot and Healthy, and Early Blight, Late Blight, and
Healthy, respectively. The total number of images in the dataset amounts to 17,103, providing a diverse and extensive collection
for plant disease detection and analysis.

3.1 Neural Network Architecture

The architecture adopts the VGG16Net design, featuring three fully interconnected levels: FC6, FC7, and FC8. FC6 returns
4096 features, FC7 returns 2622 features, and FC8, responsible for global characteristics, contains 1000 features. FC6 and FC7
focus on local characteristics, providing detailed pixel information, with FC7 contributing to reduced compilation complexity.
The achieved maximum accuracy is documented in Table 2.

Table 2. Simulation Results for Proposed JPLF and BPN

Methodology Level of Feature Training Accuracy Testing Accuracy
Raw Input with BPN FC7 (Local) 80% 74%

Prop. Jacobian Expanded Input with BPN FC7 (Local) 85% 82%

Raw Input with Laplacian Activation Function FC7 (Local) 84% 82%

Prop. Jacobian Expanded input with Laplacian Activa- FC7 (Local) 96.32% 92.07%

tion Function

3.2 Feature Transformation

The normal input raw data undergoes transformation using Jacobian polynomial, rendering features independent of each other.
Additionally, Laplace transform, an integral transform converting real-variable functions into complex-variable functions, is
applied. The activation function in hidden layers is based on the Laplacian sigmoid activation method (proposed), while the
output layer employs softmax activation, given the multiclass nature of the problem.

3.3 Gradient Function and Error Handling

The activation function’s expansion, treated as a Laplace transform, and the gradient function are collinearly aligned with 13
different output classes, functioning as an error function. This approach ensures effective handling of errors in the neural
network.

The detailed integration of Python, OpenCV, VGG16Net, Jacobian polynomial, Laplace transform, and the proposed
activation functions contributes to the system’s overall accuracy and performance in plant disease detection.

Figure 5 shows the intermediate feature maps for the first convolutional layer of a VGG16 model trained on a plant disease
detection dataset. The feature maps are arranged in a grid, with each square representing a single feature map. The feature maps
for the first convolutional layer typically detect simple features in the input image, such as edges and corners. In Figure 5, we
can see that some of the feature maps are more active than others. This suggests that the model has learned to detect certain
features in the plant images that are more important for disease detection.

Figure 6 shows the intermediate feature maps for the second convolutional layer of a VGG16 model trained on a plant disease
detection dataset. The feature maps are arranged in a grid, with each square representing a single feature map. The feature maps
for the first two convolutional layers typically detect more complex features than the feature maps for the first convolutional
layer, such as combinations of edges and corners. In Figure 6, we can see that some of the feature maps are more active than
others. This suggests that the model has learned to detect certain features in the plant images that are even more important for
disease detection than the features that are detected by the first convolutional layer.

Figure 7 shows the intermediate feature maps for the third convolutional layer of a VGG16 model trained on a plant disease
detection dataset. The feature maps are arranged in a grid, with each square representing a single feature map. The feature maps
for the third convolutional layer typically detect even more complex features than the feature maps for the first two convolutional
layers, such as combinations of edges, corners, and textures.

Figure 8 shows the intermediate feature maps for the fourth convolutional layer of a VGG16 model trained on a plant disease
detection dataset. The feature maps are arranged in a grid, with each square representing a single feature map. The feature
maps for the fourth convolutional layer typically detect even more complex features than the feature maps for the first three
convolutional layers, such as combinations of edges, corners, textures, and shapes.

Figure 9 shows the intermediate feature maps for the fifth and final convolutional layer of a VGG16 model trained on a
plant disease detection dataset. The feature maps are arranged in a grid, with each square representing a single feature map. The
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Fig 5. Intermediate Feature Maps Blockl_Convl

Intermediate Feature Maps: block2_conv2

Fig 6. Intermediate Feature Maps Block2_Conv2
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feature maps for the fifth convolutional layer typically detect the most complex and abstract features in the input image, such
as the overall shape of the leaf, the distribution of leaf veins, and the presence of certain types of leaf lesions.

Intermediate Feature Maps: block5_conv3

Fig 9. Intermediate Feature Maps Block5_Conv3

The analysis of the intermediate feature maps revealed that the VGG16 model is able to learn important features for plant
disease detection. The model pays attention to changes in leaf color, texture, shape, vascularity, and lesion patterns, which are
all important indicators of plant disease. This information can be used to develop new and improved plant disease detection
systems.

3.4 Performance of the Proposed JPLF

The performance of the two algorithms, existing BPN to the proposed JPLF on a single dataset is represented in Figure 10.
The comparison depends on the accuracy. Existing techniques and proposed method were applied to the singular dataset
that contains enormous features for prediction. Based on accuracy, the proposed algorithm performed better than the existing
techniques.

The output parameters utilized in this work is grounded on the complete categorization accuracy, the precision, the recall,
and the F1-score. Accuracy is regarded as one of the significant measures exhibiting the output of a classifier. The realization ratio
is calculated as the rate of the number of perfectly categorized attempts to the complete number of attempts for a true positive
TP (a hit), a true negative TN (correct rejection), a false positive FP is said to be the end result which is falsely predictable to be
certain, e?nd a false negative FN is said to be the end result which is falsely predictable to be low however it occurs to be truly
positive. 17)

3.4.1 Accuracy
The % of true expectations for the trial dataset is referred to as accuracy. This is easy to calculate by dividing the total number
of forecasts by the number of correct guesses depicted in Equation (12).

TP+TN
Accuracy = + (12)
TP+FP+TN+FN
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Fig 10. Comparative Chart of JPLF with BPN

3.4.2 Precision
Precision is referred to as the percentage of suitable models (true positives) amongst each and every model expected to be part
of a specific group as shown in Equation (13).

TP

=T (13)
TP+FP

Precision =
3.4.3 Recall

The division of models expected to be part of a group compared to each and every model which genuinely be part of a group is
known as recall represented in Equation (14).

TP
Recall = ——— (14)
TP+FN

3.4.4 F1 - Score
The F1 score is defined as the harmonic mean of precision and recall presented in Equation (15).

Fl— 2 X Precision X Recall

— (15)
Precision+ Recall

The results in Table 2 reveal the effectiveness of different methodologies in the plant disease detection system, assessed based on
training and testing accuracy. The conventional approach utilizing raw input with Backpropagation Neural Network (BPN) and
FC7 (Local) features achieved a moderate training accuracy of 80% but showed a lower testing accuracy of 74%. Introducing
the proposed Jacobian expanded input with BPN improved both training and testing accuracy to 85% and 82%, respectively.
Similarly, utilizing the raw input with a Laplacian activation function for FC7 (Local) features demonstrated competitive
training and testing accuracies of 84%. However, the most notable performance was observed with the proposed Jacobian
expanded input coupled with the Laplacian activation function, achieving a remarkable training accuracy of 96.32% and
impressive testing accuracy of 92.07%. These results underscore the efficacy of the proposed feature extraction methodology in
significantly enhancing the accuracy of plant disease detection compared to traditional approaches.

It has become ever growing trend over the past few years to combine increasingly "deep” networks with advanced Legendre
Polynomial techniques to create solutions that perform steadily better. Single networks can now perform better by getting
around some of their existing constraints by combining deep learning networks with more conventional methods!®). The
performance metrics in Table 3 demonstrate the efficacy of the proposed plant disease detection system, showcasing a
remarkable accuracy of 96.32% during training and 92.07% during testing. The precision, recall, and F1-score further emphasize
the system’s robustness in accurately identifying and classifying instances of plant diseases. During training, the model achieved
a precision of 98.88%, indicating a low false-positive rate, and a recall of 94.83%, highlighting its ability to capture a high
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proportion of actual positive cases. The balanced F1-score of 96.81% underscores the model’s overall reliability. In the testing
phase, the system maintained a high precision of 94.57%, recall of 90.56%, and a balanced F1-score of 92.52%, confirming its
effectiveness in providing accurate and well-rounded predictions on new, unseen data. These metrics collectively attest to the
robust performance of the proposed methodology in plant disease detection.

Table 3. Performance Analysis of Proposed JPLF
Accuracy Precision Recall Fl1 - Score
Training 96.32 98.88 94.83 96.81
Testing 92.07 94.57 90.56 92.52

3.5 Performance Analysis with the existing work

Table 4 provides a comparative analysis of the accuracy of the proposed plant disease identification model with that of other
models in the literature. The models include LeafNet by Chen et al.!®) comprising 7 classes provided an accuracy of 90.16%,
whereas the CNN with MobileNet V2 by R. Surya et al. ?*) with 5 classes gave an accuracy of 85.38% and ELM by Xian TS.
et al.®! yielded an accuracy of 84.94% incorporating 10 classes. The model ToU by Guo et al. ??) using 4 classes resulted with
an accuracy of 83.75%, and K means and SVM by Bhange et al. >® obtained an accuracy of 82% using 2 classes. The proposed
model, JPLE, introduced in 2023, surpasses these models with an expanded class range of 17 and achieves a notable accuracy of
92.07%. This comparison positions the proposed model as a highly effective and advanced solution for leaf disease identification,
outperforming several contemporary models in the field.

Table 4. Comparison of the accuracy of the proposed model with that of the latest published Leaf Disease Identification model

Name Year No, of classes Model Accuracy in %
Chen J, et al. 19 2019 7 LeafNet 90.16

R. Surya. et al. @9 2020 5 CNN with MobileNet  85.38

V2

Xian TS. et al. 1) 2021 10 ELM 84.94

Guo, et al. ??) 2020 4 IoU 83.75

Bhange et al. (?» 2015 2 K means and SVM 82

Proposed Model 2023 17 JPLF 92.07

4 Conclusion

The paper highlights the growing academic interest in deep learning techniques due to their powerful learning capabilities
and effectiveness in handling intricate patterns ?¥. In response to the challenges of classification, detection, and segmentation
problems, the study introduces a method for leaf disease detection using a convolutional neural network (CNN) with Jacobian
Polynomial and Laplacian Function (JPLF). The approach involves utilizing a pre-trained CNN model to expand input vector
characteristics into Jacobian polynomials, subsequently employing a modified Backpropagation Algorithm with a Laplacian-
based activation function.

Comparative analyses against existing models such as LeafNet, CNN with MobileNet V2, IoU, and K Means with SVM
reveal the superior performance of JPLF in recognizing leaf diseases. The paper suggests that JPLF holds promise for future
applications, offering improved efficiency and accuracy in plant disease diagnoses. The reported high accuracies of the proposed
method compared to other models affirm its capability in accurately identifying and categorizing various plant diseases within
the dataset. Additionally, the paper acknowledges the potential for further enhancement by increasing the epoch value, albeit
at the expense of processing time, and suggests expanding the dataset to accommodate a broader range of plants and diseases,
thus enhancing the adaptability of the plant disease identification procedure.
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