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Abstract —Pepper, Hibiscus, and Basil are medicinal plants with a rich history in traditional medicine and health
benefits. They are essential in culinary and medicinal applications, contributing to natural health solutions.
Disease detection is crucial to protect their agricultural, economic, and medicinal value. Early detection minimizes
crop losses, maintains plant health, and ensures plant availability for traditional medicine and culinary uses. This
promotes sustainable and eco-friendly agricultural practices. Traditional logistic regression for plant leaf disease
detection struggles with imbalanced data and a fixed linear decision boundary, making it less effective in capturing
complex disease patterns. The modified logistic regression model with the One Half Constant improves
performance metrics and handling intricate features of leaf images by addressing class imbalance more effectively.
It adjusts the decision boundary to handle imbalanced datasets, enhancing classification accuracy for minority
classes while maintaining simplicity and interpretability. This study uses a dataset collected from Kaggle and
surrounding of Kadapa district AP, India. For the evaluation of the proposed model in disease detection, the
traditional logistic regression and other machine learning algorithms were used, and the corresponding key metrics
of accuracy, precision, recall, false positive rate (FPR) and F-Measure were assessed. A comparison with existing
methods show overwhelming improvement of 32.94% in accuracy, 17.64% in precision, 33.6% in recall, 86.91%
in FPR improvement, 34.6% in F-Measure. The proposed approach seeks to improve overall diagnostic accuracy,
thereby providing a reliable tool for early detection and treatment planning in clinical sectors.

Keywords-Accuracy, Dull intensity images, Disease detection, Plant leaf diseases, Logistic Regression, FPR.

1. Introduction

The agricultural domain is imperative for underneath global health and food security, medicinal plants had a
significant role in pharmaceuticals, traditional medicine, and diverse industries[1]. Ensuring the health and yield
of medicinal plants are crucial to meet the growing demand for natural medications [2]. Plant diseases pose a
considerable threat to crop yield and quality, making the appropriate detection and supervision of these diseases
important [3].

1.1 Healthy Versus Diseased Leaves
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Healthy and diseased leaf images of pepper, hibiscus and basil are shown in Fig.1 and Fig.2. Pepper leaves are
typically vibrant green, with a smooth texture and uniform shape. They are firm and free from any spots,
discoloration, or distortion. Diseased pepper leaves may show symptoms such as brown or black spots (indicative
of bacterial leaf spot), yellowing, curling, or a mosaic pattern of light and dark green areas (caused by viral
infections). Severely affected leaves may become brittle, wilt, or drop prematurely.

(a) (b) ()

(a) (b)
Fig. 2. a) Pepper Bacterial Leaf spot b) Basil Leaf spot c) Hibiscus turning yellow.

Hibiscus leaves are usually dark green, glossy, and slightly serrated along the edges. They are firm and resilient,
with no signs of yellowing or spots. When diseased, hibiscus leaves can turn yellow (chlorosis) due to nutrient
deficiencies or root problems. They may also exhibit spots, necrotic patches, or a generally wilted appearance if
suffering from infections or environmental stress. Diseased leaves may become limp, drop off, or develop
distorted shapes. Healthy basil leaves are bright green, smooth, and fragrant, with an even texture and a slightly
oily feel. They should be free from spots, discoloration, or any visible damage. Diseased basil leaves might show
dark brown or black spots, often with a yellow halo (due to fungal or bacterial infections). Leaves can also yellow
and become brittle or wilted. In severe cases, leaves may curl, dry out, or drop off, significantly reducing the
plant's vigor.

Conventional methods of disease recognition in plants often entail manual examination, which is labor-
intensive, sustained, and lying face down to human miscalculation [4]. The combination of machine learning
techniques in plant disease recognition has come up as a capable solution, offering the possible for automation,
precision, and effectiveness[5] . In this circumstances, logistic regression, a widely-used method, has shown
accomplishments in various fields, including medical diagnostics. However, utilizing logistic regression for the
meticulous and complicated patterns there in plant diseases needs adaption to enhance its usefulness.

The dataset worn in this study comprises a assorted collection of medicinal plant leaves images, each thoroughly
labeled with the equivalent disease class[6]. Leveraging image processing methods and refined feature extraction,
the proposed model aims to recognize subtle visual cues investigative of diseases, such as stain, lesions, and other
signs[7]. As there is a need for medicinal plants continues to rise, the proposed model holds the possible to
transform disease detection in a manner that aligns with supportable and accurate agriculture systems. This
research contributes to the extensive field of plant pathology by contributing an novel and effective methods for
plant health observation, eventually facilitates the production of quality medicinal plants and promising the
continuous availability of natural remedies for various infections.

In this research, the focus is on directing the challenges in identifying and classifying diseases in medicinal
plant leaves. The physical examination methods are cost effective and error-prone, prioritize the need for an
automated, precise, and proficient solution. The purpose of the research is to enhance the logistic regression
model, and conventional machine learning technique, to more successfully address the minutiae associated with
plant diseases. The proposed model will be intended to identify assorted disease patterns, with discoloration and
lesions, in various medicinal plant kinds and ecological conditions.

The motivation for the research on medicinal plant leaves disease recognition using modified logistic regression
(MLR) deceit in the vital substance of medicinal plants for pharmaceutical and conventional medicine industries.



The key motivations include improving exactness and competence in disease recognition, enabling automated and
timely mediation for disease management, optimizing resource consumption through meticulousness agriculture,
contributing to agricultural novelty, addressing global health needs by establishing the quality of medicinal plants,
and accommodating well-versed decision-making for farmers.

The key challenges contain adapting the model, improve feature engineering, obliging data multiplicity,
ensuring competence and extensibility, and validating the model's relevancy. Productively get control of these
challenges is estimated to result in a convenient and consistent tool for early disease identification in medicinal
plant leaves, contributing to exactitude agriculture and legitimate agriculture practices.

Highlighting the key contributions made in current study as, the study focuses on implementing modifications
to the traditional logistic regression algorithm, specifically tailored for images with uneven illumination. To
address the challenges posed by irregular intensity, a pre-processing technique is employed to reduce noise,
enhance contrast, and improve feature detection within these images. An effective disease detection framework is
also integrated into the system, enabling the accurate identification of various disease types. Experimental
validations are presented in the results and discussion section, where the performance of the proposed method is
evaluated using specific parameters. Additionally, the proposed approach is compared with baseline methods to
highlight its advantages and effectiveness.

The subsequent section of this paper investigates background study in section-2, proposed methodology in
section-3, experimental results in section-4, and finally conclusion and future scope in section-5.

2. Literature review

The inclusion of a wide-ranging literature study in this research is necessary for several crucial reasons. This
section is essential in guiding the appreciative of the background study of plant disease detection methods. Firstly,
the literature study aims in the recognition of established methods in the area. By reviewing past work, the pros
and cons of a variety of methods become apparent, contributes a initial knowledge base for further
implementations. Secondly, it provides benchmarking analysis of existing methods allows researchers to review
the proposed model against other learning algorithms or conventional methods, enhances its originality and latent
advancements. Furthermore, the literature review helps researchers realize the challenges and confines faced by
current disease detection methods. This understanding is crucial in identifying gaps in existing approaches.

The research by Mathew, Mahesh, et al.[8] uses deep learning, specifically the YOLOvS model, to identify
bacterial spot disease in bell pepper plants. This method, which collects images from various parts of the farming
area, uses a mobile phone to detect the disease by identifying visible symptoms on the plant leaves. The model is
quick and accurate, identifying even minute disease spots. The study's significance lies in its practical application
for farmers, enabling timely and effective measures to stop the grow of the disease and mitigate potential yield
losses. The model's utility is highlighted, enabling farmers to identify plant diseases as early as they appear,
contributing to improved plant health and agricultural production. The research aims to provide an effective
method for identifying bacterial spot infection in plant leaves of bell pepper.

Meenakshi et al. [9] have developed a method for automatically identifying diseases in medicinal plant leaves
using image processing, DL and ML. They use the Modified Logistic Regression(MLR) ML algorithm, adaptive
gamma adjustment, k-mean clustering, and GLCM for quality extraction and classification. The dataset is
categorized into different ratios for training and testing, and performance assessment compares the proposed
method to existing methods. Results show the proposed method outperforms the existing approach, indicating its
efficacy in disease recognition and classification. This research provides a potential solution for farmers for early
disease detection.

The study by S. Shreya, P. Likitha et al. [10] highlights the importance of agriculture in India, which employs
a large portion of the rural population and contributes significantly to the GDP. The research focuses on
identifying and organizing diseases affecting various types of leaves, such as Brown Spot, Late Blight, Bacterial
Spot, Septoria Leaf Spot, and yellow-curled. The authors propose a novel approach using image processing
methods and a convolution algorithm, employing the K-Means clustering method to partition the dataset into non-
overlapping clusters based on attributes. The study also emphasizes the consistency and competence of deep

learning models, particularly CNN, compared to statistical models during computation.
The automated approach to plant disease detection presented by V. Sathiya, M. S. Josephine, and colleagues

[11] will be particularly helpful for large agricultural operations in reducing demands for continuous monitoring.
The rapid and reliable diagnosis of leaf diseases is highly important, since the leaves are important for plant



nutrition. In this research, a convolutional neural network (CNN) based model is introduced for automating the
detection of diseases affecting Basil and Mint leaves. Advancements in CNN technology allow the study to
leverage better image processing than that afforded of traditional methods. In specific, the Adam Optimizer is
used for model training on the Istance V3 in order to classify disease affecting Basil and Mint plants. The results
show promise for the performance with an accuracy of 77.55% for Basil leaves and 70.89% for Mint leaves.

The study by Gong X, Zhang S. et al. [12] introduces a dataset featuring apple leaf diseases to address the
deficiencies in existing datasets. They train Faster R-CNN and YOLOv3 techniques on the dataset to identify
apple leaf diseases. Comparative studies and evaluation metrics were conducted to evaluate the performance of
the deep learning algorithms. The experimental results show the potential of these algorithms, particularly
YOLOV3 and Faster R-CNN, for plant disease exposure. To overcome weaknesses, these algorithms may be
combined with parameter tunings.

S. Banerjee and A. C. Mondal et al. [13] proposed a novel technique to minimize the loses in the agriculture
and balance the ecological process using deep learning algorithms. In. recent years computer vision and object
recognition had a potential progress. CNN based models used to identify the leaf diseases based on visual data.
The experiments are evaluated with different statistical features finally it is concluded that CNN models
outperforming when compare with other state of art algorithms.

Dai M, Sun W, et al. [14] proposed CNN based disease identification for pepper leaves. In this work embedding
the CNN based computation is a challenging task therefore this work proposes light weight GoogleNet
architecture. The proposed architecture considered a real time dataset with 9183 images which contains 6 types
of diseases. The experimental results are cross validated with other algorithms thre exist a 6 percent of
improvement in accuracy evaluation.

The study by Rakgadi Grace Malapela, Gloria Thupayagale et al. [15] suggests that home remedies can help
prevent COVID-19 without the need for professional supervision. After collecting 526 articles from 2019 to 2022,
only 40 were screened, with 4 articles excluded due to inappropriate abstracts. The study suggests that medicinal
plants, such as Ayurveda, homeopathy, and yoga, can be used to improve immunity without prescription.
Additionally, leaves like lemon, guava, and honey can be used to treat COVID-19. The study concludes that plant-
based products can boost human immunity when used properly.

The SVM and logistic regression are belongs to supervised learning algorithms commonly used for
classification tasks. The aim of the proposed work is to improve the probability of classification by introducing
half constant as a specific parameter in logistic regression. It often favored for its simplicity and interpretability
with reference to SVM while dealing with the binary classification tasks. Introducing half constant in logistic
regression could be a way of fine tune the model to extract specific characteristics of the leaf disease detection.

Table. 1. Summary of literature review

Ref. Proposed Findings Limitations

no

[8] | Leaf-based  disease | @ The labelled files are configured | e Need to extend the disease
detection  in  bell using YAML. detection for other diseases
pepper plant using | ¢ YOLO vS5 is considered for training, effects on bell pepper plant.
YOLO v5 testing and classification.

e Even small spot is able to identify
using YOLO v5.

[9] | Identification of | e Pre-processing using AGCWD e Need to attain best performance
diseases in medicinal | e Segmentation using K-Mean in the parameters named
plant leaves using | ¢ GLCM Feature extraction accuracy, recall, precision,
MLR e Classification = modified logistic Flscore and FPR.

regression with hyperbolic sine | ® Faded intensity noisy and
function. obscure images need to
consider for future extension.

[10] | Suggested CNN based | e Pre-processing e Colour, shape and texture
method for early leaf | ¢ K-Mean for segmentation considered for disease
disease detection for | e Kaggle Dataset used evaluation.

Tomato,  Hibiscus, | ¢ GLCM based feature extraction e Large dataset need to be
Spinach, Mango and | ¢ ONN classifier considered for future work.
Bitter gourd




[11]

Classification of plant
diseases affecting
basil and mint leaves
through the use of
CNN.

e CNN based approach proposed
e Inception V3 model with Adam
optimizer for classification

e Model need to improve with

hybrid algorithms to attain
higher accuracy
e The methodology can be

applied different plant spices

e Need to consider multiclass
classification with more than
two spices.

[12]

Analysing the
identification of plant
diseases using deep
learning methods.

e Studied significance of deep learning
methods like CNN, Fast R-CNN and
YOLO v3

e Dataset considered to identify leaf
diseases for apple leafs.

¢ Five diseases are considered among
them four diseases data is collected
from Plant Pathology 2021-FGVCS.

e Remaining mosaic disease data is
collected from Al Studio.

e The study has been conducted with
different algorithms, finally they
identify YOLO v3 and faster R-CNN
are suitable for this dataset.

e Background information has
been removed from the dataset.
e In future need to accommodate
the model for portable devices.

An Intelligent
Approach towards
Plant Leaf Disease
Detection through
CNN model

e Gaussian filter for pre-processing

e Colour to grayscale conversion for
extracting features

e CNN based
classification.

approach for

e Dull intensity images are not
consider for evaluation.

e Need to develop Mobile based
model with IoT.

Recognition of pepper

e Lightweight based model GoogleNet

Further it 1is essential to

domestic remedies for
the management and
prevention of
coronavirus disease.

COVID-19 infections and boost the
immunity with medicinal leaves
without any side effects.

e Various herbal based medicines
considered including ginger, clove,
black pepper, coriander.

e In case of African communities they
considered tobacco leaves or powder
to enhance the respiratory system.

leaf disease wusing | is introduced. investigate on dull intensity
improved lightweight | e Inception structure is reduced in this images and large field
convolutional neural method. environment.
networks. e Experiment is divided into two parts,
o First part is training and second one
is testing.
e SGDM optimizer is introduced over
adam.
¢ Dataset is collected from Yangzhou
city.
[15] | Utilization of | e Review has been done to prevent the | e The studies finds that how far

this traditional home remedies
are effective to prevent the
COVID-19.

e Various home remedies are
showing their inference in
improving the respiratory
system of COVID-19 patients.

e WHO also given a clear
guidelines, home remedies are
alternative treatments to fight
with COVID-19.

3. Proposed method

Timely detection of diseases in medicinal leaves and make them available for remedies is a challenging task
with uneven illuminated images. Traditional techniques are non-standardized due to image intensity distribution
and not able to achieving higher accuracy. In response to overcome above limitations this work proposes an
innovative approach in disease detection of pepper, basil and hibiscus leafs with modified logistic regression



model. It is also incorporating feature engineering techniques and refinement of algorithm, this approach aims to
provide robustness in early disease detection in challenging scenarios. Ultimately the proposed work outcomes
large yielding of crop for above leafs to enhance the clinical system of health care. The proposed method
consisting five phases as follows.

Image Acquisition
Pre-Processing
Segmentation
Feature Extraction
5. Classification and Prediction
The above phases are represented in the following block diagram shown in Fig.3

Input Image

¢ Pre-Processing !

B

: Contrast Enhancement ’
(CLAHE)

/ i Classification and Prediction

....................................... i ]
¢ —)' [Logistic regression with One] i

half constant

: Segementation : . H
[ K-MeansClustering | ! v ¥
------------------- l-""""""""" Diseased Healthy

Feature Extraction 7 )
: GLCM — Basil Hibiscus  Pepper
¢ Grey Level Co-occurrence Matrix)) : ¢ Jr

Downy Sun Bacterial

Mildew Buran Spot

Fig. 3. Block diagram of proposed architecture
3.1 Image Acquisition

Image acquisition is the procedure of collecting visual information from various sources. The proposed method
collected the required images from the web sources like Kaggle and UCI machine learning for pepper, hibiscus
and basil plants, while preprocessing involves noise elimination and image enrichment. The acquired images are
stored with associated metadata, and they serve as the base for applications in computer vision, medicinal imaging,
and remote sensing.

3.2 Pre-Processing

This procedure confines of histogram equalization in cases where image gray levels are erratically distributed. It
introduces Contrast Limited Adaptive Histogram Equalization (CLAHE) as a clarification, particularly effective
for images with erratic intensity circulation[16]. The method redistributes gray levels across adjacent regions and
prevents disproportionate intensification over noise, a major advantage over traditional histogram equalization.
CLAHE employs a clip limit to restrict intensification by assessing the slope of the transformation function, which
is proportional to the cumulative allocation function in histogram equalization [17]. The anticipation of
intensification over noise is illustrated in Fig.4 conspicuously, CLAHE was at first implemented in aircraft
cockpits.



; : { 3
Fig. 4. Intensification limitation (shaded green region)

This algorithm is intended to enhance local dissimilarity in images by tuning the contrast of each pixel within
its immediate region and capitalize contrast over the complete image, CLAHE focuses on enhancing the contrast
at local level [18]. Fig.5 shows the effect of CLAHE method on sample leaf image. The important steps of the
CLAHE algorithm are as follows:

Segregate the image into unbroken and non-overlapping blocks.

Snip the histogram of each block above a specified threshold.

Dispense the snipped pixels to all gray levels consistently, avoiding unnecessary intensification.
Apply histogram equalization separately to each block.

Interpolate the intensity delineate between adjacent blocks.

The mapping at any pixel is built from the intensity mappings of four adjacent tiles.

A

(b)

Fig. 5. a) Hibiscus original leaf image b) Contrast enhanced leaf image using CLAHE

3.3 Segmentation

In this process K- mean clustering algorithm is used. The procedure of K-Mean for segmentation is described as
follows. K-Means clustering is a admired unsupervised machine learning algorithm used for dividing a dataset
into K different, non-overlapping subsets (clusters)[19]. The goal of K-Means is to assemble related data points
collectively and determine fundamental patterns or structure in the data [20]. The key steps of K-Mean as follows.

Initialization:
1. Select the number of clusters (K)
2. Arbitrarily initialize K cluster centroids. Each centroid represents the center of one cluster.
Assignment Step:
3. For each data point, compute the distance to each centroid.
4. Assign the data point to the cluster whose centroid is the adjoining (usually using Euclidean distance).
Update Step:
5. Recalculate the centroids of the clusters build on the data points assigned to each cluster in the earlier
step.
Repeat:
6. Replicate the assignment and revise steps repeatedly until convergence.
7. Convergence occurs when the centroids no longer change considerably, or a particular number of
repetitions is reached.
Result:
8. The concluding result is K clusters, and each data point be affiliated to one cluster.



The result of K-Mean segmentation (with K=3) on Hibiscus leaf image is shown in Fig.6

(d)

Fig. 6. a) Hibiscus original leaf image b)-d) Cluster images

3.4 Feature Extraction

There are two categories of Haralick's texture feature extraction techniques[21]. The co-occurrence matrices
[22]must first be calculated, and then texture features must be determined using the co-occurrence matrices that
have been determined. The Gray-Level Co-occurrence Matrix (GLCM) matrix calculation is shown with an
example. The GLCM is a computational technique in image processing used for texture investigation[23][24]. It
concerns the construction of a matrix that stores the co-occurrence of any two pixel intensities at a particular
displacement in a gray scale image.

This measure is also the most familiar and commonly used at the present for texture features extraction and is
known as the co-occurrence matrix. It estimates the image attributes using second order statistical information. A
co-occurrence matrix sums the chances of finding a pair of pixel of a certain separation in an image. On this basis,
a method called GLCM algorithm is employed. The matrix reflects the chance for pixels to be matched with
another pixel P, (i, j) of the i and j™ values, and arranged at a distance of d and position angle 6. The typical
values of angular direction 8 which can be used are 0°, 45°, 90°, and 135°. Therefore, there are four pixel
neighbourhood relations required for matrix computations as it is depicted in the Fig.7. The matrices produced for
each of the four strategies are as follows: The following formulae were used to derive the matrices in the context
of the four strategic directions as shown in equations 1 to 4.

P@i,j,d,0) = |{((k, 1), (m,n))e(N x M)?while (k —m =0,|l —n| =d, I, = i, mn = )}

(D
i i — ((k,1),(mn)e(NxM)?while
P(Ll_]I d, 45) - |{(k_m:d’l_n=_d)v(k_m:_d‘l_nzd)'lk’lzi'lm'n:j}| (2)
P(i,j,d,90) = [{((k, D), (m,n))e(N x M)*while (Ik —m| = d,1 =1 = 0,1y, = i, Iy n = D}
3
i 7 - (1), (mn)e(NxM)2while
P(j,d,135) = |{(k—‘m=d.l—n=d)V(k—m:—d.l—n:—d),lk,l=i,1m_n=j}| 4)

Where, (k, 1) representing the grayscale pixel at ie[0, nmax — 1]
(m, n) representing the grayscale pixel at je[0, nmax — 1]



pixel 'X'

Fig. 7. Pixel ‘x’ closest neighbors in all directions

Reference of

Fig. 8. showing an example of how to calculate P(i, j) from an image of size 4 x 4 with grayscale values 0, 1, 2

and 3. The only case considered in the example is d=1 and 6= 0.

The matrix element value is P(1,0)=4 when element (2,3) is considered, which means that there are four
instances in the image where a pixel with grayscale value 2 is horizontally separated by a distance of 1 from a
pixel with grayscale value 3. These instances are highlighted with gray lines in Fig.8.

The GLCM matrix is derived by including synchronized pixel intensity pairs, and various texture
characteristics, such as energy, contrast, correlation, and homogeneity [25], can be extracted from it.

_ 2
Energy = Z?_’jzlo(Pij)
Measures the texture uniformity that is pixel pair repetitions.

Contrast = %o Py (i — j)?

Measures the spatial frequency of an image.

Correlation = Y\ Py; W

Measures the linear dependency of gray levels of neighboring pixels.

iy = yN-1 __Pu
Homogenetiy = }; ;- TG
Measures the variations in image intensity.
0 0 1 2
0 1 3__2
0 [2_|3 ]2
1 2 3 0
2 2.1 1 B § LA
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0

-

= b2 —

&)
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Fig. 8. Co-occurrence matrices got from 4x4 image with 4 greyscale values.

Using these four primary parameters, an evaluation was conducted on nine additional features: mean, standard
deviation, variance, entropy, root-mean-square (RMS), smoothness, kurtosis, skewness, and inverse difference

moment (IDM).
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GLCM is important for tasks like texture classification, segmentation, and object recognition, as it gathers

information about the spatial allocation of pixel intensities in an image. The method's parameters, including spatial

offset and gray levels, can affect the computed texture features. Extracted GLCM features for Basil leaf are shown

in Fig.9.
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Extracted Features

Contrast 0.535141
Correlation 0.890221

Homogeneity [ os7oces |
TR 55.4633
Deviation
Entropy
RS

smoothness| 1]
Kurtosis

Fig. 9. Extracted features for Basil leaf input image

3.5 Classification and Prediction

In implementing this procedure modified logistic regression with One Half Constant is used. The detailed
description of the methods as follows.

3.6 Multinomial Logistic Regression

Logistic Regression is a flexible and interpretable algorithm for binary and multiclass classification, extensively
employed for its effortlessness and efficiency in various fields[26][27]. In case of binary classification, it is
suitable for problems where the reliant variable is binary, meaning it has only two possible solutions (usually 0
orl), where in multi class classification it can be extended to hold multiclass classification with one-vs-all (OvA)
or one-vs-one (OvO)[28]. Algorithm.1 shows the multinomial logistic regression. In the equation (18), the model
uses the sigmoid (logistic) function to apply to the linear combination of input features and generates a probability
0 to 1 final output.

1
1+e- (@

9(2) = (18)

For the above equation One Half Constant is introduced to attain better classification and prediction.

One Half Constant (OHC):
One-half, depicted as the fraction%, is a fundamental mathematical concept. It represents the division of a

conception into two equal parts. The relationship between multiplication by one-half and division by two, as well
as the thought of halving and doubling, is a basic arithmetic rule.

In several contexts, one-half is normally used in mathematical equations, measurements, and other concern
where a division into two equal parts is applicable. The concept of one-half is fundamental in perceive fractions
and proportions. Fig.10 describing a geometric structure involving a square with a side length of one, which is
dissected into rectangles. The areas of these rectangles come out to be successive powers of one-half.
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Let's consider the analysis of the square into rectangles where the areas follow a structure related to powers of
one-half. It start with a square of side length one, the area of the squareis 1 X1 =1.

. . . 1 . 1 1 1 ..
Dissect the square into two rectangles, each with an area of > it would represent 2X5=3 of the original.
. . . . . 1 .
Continue this process and dissect one of the leftover squares into two rectangles, each with an area of " will get

rectangles with areas 3 each. This structure continues, and at each step, essentially dividing the area of the leftover

1 1

. . . 1 .
square by two, creating rectangles with areas that are successive powers of one-half: 253058 and so on.This

geometric content is often used to exemplify the concept of infinite geometric series and the sum of an infinite
geometric progression where the common ratio is one-half. The sum of such a series bound to 1, reflecting the
total area of the original square.

1/32
1/8 1/64

1/16

12

1/4

Fig. 10. One half constant

For example, the area S of a triangle can be calculated.

S = bzse X perpendicular height (19)
One half is also involved in the formulas used to compute figurate numbers, including triangular and pentagonal
numbers.

S5 =2n—- (-9 (20)
and the formula for computing magic constant for magic squares

My(n) =2 (n* + 1) 1)

The Riemann hypothesis states that every nontrivial complex root of the Riemann Zeta function has a real part

1
equal to o

Algorithm 1. Multinomial logistic regression
with modified sigmoid function

Input: Input consists of data (features and
labels) and hyper parameters.

Output: Output consists of trained model
parameters and predictions.

# Initialize parameters
# Parameter for modified sigmoid function
alpha =1
learning_rate = 0.01
iterations = 250
# Initialize weights randomly or with zeros
num_features = nf # Number of features
num_classes = nc # Number of classes
weights = initialize_weights(num_classes,
num_features)
# Training loop
for iter from 1 to iterations:
# Forward pass
for each training example:
# Calculate weighted sum of inputs
z = dot_product(weights, features)
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# Apply modified sigmoid function
activation = modified_sigmoid(z, alpha)

# Apply softmax to get probabilities for
each class
probabilities = softmax(activation)

# Backward pass
for each training example:
# Calculate error
error = predicted_probability -
actual_probability

# Update weights using gradient descent
weights = update_weights(weights, error,
learning_rate, features)

# Predictions

for each test example:
z = dot_product(weights, features)
activation = modified_sigmoid(z, alpha)
probabilities = softmax(activation)
predicted_class = argmax(probabilities)
# output predicted class and probabilities

The definition of function dot_product is given below.

# Dot product function
function dot_product(weights, features):
result =0
for i from O to length(weights) - 1:
result += weights[i] * features[i]
return result

The definition of function exp is given below.

# Exponential function
function exp(x):
result =1
for i from 1 to some_large_number:
term = power(X, i) / factorial(i)
result += term
return result

The definition of function sum is given below.

# Sum function
function sum(x):
result =0
for i from O to length(x) - 1:
result += x[i]
return result

The definition of function modified_sigmoid is given below.

# Modified sigmoid function with one half

constant

function modified_sigmoid(z, alpha):
return 1 /2% (1 + exp(-alpha*z))




The definition of function softmax is given below.

# Softmax function for multinomial logistic
regression
function softmax(z):

exp_z = exp(z)

sum_exp_z = sum(exp_z)

result = []

for i from O to length(z) - 1:

result[i] = exp_z[i] / sum_exp_z
return result

The definition of function initialize_weights

# initialize_weights function
function initialize_weights(num_classes,
num_features):

weights = new
Array[num_classes][num_features]

for i from O to num_classes - 1:

for j from O to num_features - 1:
weights[i][j] = random_initialization()
return weights

4. Result and discussion
4.1 Dataset

The objective of this research is to early detection of plant leaf diseases. To implement this different kinds of
plant diseases are considered. The basil leaf data is collected from Railway koduru region, Annammaiah
District, Andhra Pradesh, India. Healthy leaf images 500 and 960 diseased leafs. In case of hibiscus 400 healthy
images and 950 unhealthy sunburn images are collected from Korrapadu and Gopavarm villages belongs to
Proddatur city, YSR Kadapa district, Andhra Pradesh, India. For pepper leafs dataset is taken from Kaggle[29]
with 1470 healthy leafs and bacterial leaf spot 990 leaves. Further dataset images are classified into two types
training and testing under healthy and diseased categories. Training and testing sets are considered into
different ratios 80:20, 70:30, 60:40 and 50:50. In order to analyze the performance of algorithms, it is necessary
to define a confusion matrix. Fig.11 represents the impact of the confusion matrix in various parameter
evaluations.

4.2 System Specification

All the models were developed and deployed using MATLAB, leveraging its Machine Learning Toolbox for
implementing and evaluating various machine learning models. Computation was accelerated through
experiments using a high-performance GPU.For disease detection, a LR model was carried out on a desktop
machine with platform running MATLAB R2021b on Windows 10. The system configuration utilized in
conjunction with a GeForce RTX 3080t version with 32 GB graphics processing unit on an Intel Core i7
processor. At the time of experimenting, the Logistic Regression with one half constant was used to train the
model, with the training process set epochs=250 epochs and learning rate A=0.01. The dataset images are resized
to 256x256 resolution. The dataset was split into different ratios like 80:20, 70:30, 60:40 and 50:50 for training
and validation. We used a custom Logistic Regression model tailored to handle the specific characteristics of
the dataset, which includes leaf images categorized as healthy and diseased. An experimental study was
conducted on the pepper, basil and hibiscus datasets to verify the effectiveness of the proposed Logistic
Regression model within MATLAB. The results were compared against the performance of previous
classification models discussed in our study, demonstrating the Logistic Regression with one half constant
model's capability in handling the classification tasks on this datasets.
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Fig. 11. Impact of confusion matrix in parameter evaluation

This kind of plot representation against classification or prediction is termed a confusion matrix. In the

representation of the confusion matrix, two kinds of values are used: actual and predicted values. Further, these

two values are classified based on binary classification representation. Fig.12 shows the confusion matrix. The
confusion matrices of Basil, Hibiscus and Pepper datasets are shown in Fig. 13.

Actual

No.of correct predictions

Accuracy =

Total Predictions

Predicted
| : \
Positive Negative
B ( \/ N\
Positive True False
positive negative
& AN J
( \( )
Negative False True
9 positive negative
_ & J\ J

Fig. 12. Confusion matrix
Based on the above four parameters, the following parameters Accuracy, Precision, Recall, FPR (False positive
rate) and F-Measure or F1-Score [30] are derived.

(22)

No.of correctly predicted possitive instances

Precision =

Total No of possitive and negative predictions observed

No.of correctly predicted possitive instances

Recall =

Total No of possitive instances

FP
TN+FP

FPR =

(23)

(24)
(25)
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Precision*Recall
F — Measure = 2 ¥ ——— (26)

Precision+Recall

Table.2 Model performance evaluation for Basil Training dataset (dull)

Training . .

and Modified SVM with RBF Kernel Proposed MLR

Testing F- F—
Ratios Accuracy | Precision | Recall | FPR Measure Accuracy | Precision | Recall | FPR Measure

80:20 68.5621 0.7931 0.6889 | 0.6858 | 0.6989 87.5000 0.8667 | 0.8667 | 0.1333 | 0.8667

70:30 63.3333 0.7827 | 0.6332 | 0.5167 | 0.6748 87.5000 0.8643 0.8778 | 0.1222 | 0.8710
60:40 56.6667 0.7779 | 0.5667 | 0.4333 | 0.6521 84.3750 0.8373 0.8583 | 0.1417 | 0.8477

50:50 55.0000 0.7632 | 0.5500 | 0.4500 | 0.6393 85.0000 0.8446 | 0.8667 | 0.1333 | 0.8555

Table.3 Model performance evaluation for Hibiscus Training dataset (dull)

Training

and Modified SVM with RBF Kernel Proposed MLR

Testin :

Ratiosg Accuracy | Precision | Recall | FPR F Testing Precision | Recall | FPR F-

Measure | Accuracy Measure

80:20 69.4533 | 0.7723 0.6824 | 0.6679 | 0.6662 91.6667 | 0.9286 0.9167 | 0.0833 | 0.9226

70:30 66.1121 | 0.7692 0.6432 | 0.5223 | 0.6613 94.4444 | 0.9500 0.9444 | 0.0556 | 0.9472

60:40 56.6667 | 0.7693 0.5873 | 0.4452 | 0.6533 87.5000 | 0.8776 0.8750 | 0.1250 | 0.8763

50:50 554500 | 0.7602 0.5544 | 0.4322 | 0.6433 00.0000 | 0.9018 0.5000 | 0.1000 | 0.9009

Table.4 Model performance evaluation for Pepper Training dataset (dull)

Training . .

and Modified SVM with RBF Kernel Proposed MLR

Testing F F

Ratios Accuracy | Precision | Recall FPR - Accuracy | Precision | Recall FPR - i
Y Measure Y Measure

80:20 68.2351 0.7734 0.6833 | 0.6822 | 0.6739 95.0000 | 0.9545 0.9500 | 0.0500 | 0.9523

70:30 65.2523 0.7543 0.6745 | 0.6599 | 0.6534 03.3333 0.9333 0.9333 | 0.0667 | 0.9333
60:40 56.6672 | 0.7679 0.5667 | 0.4333 | 0.6521 97.5000 | 0.9762 0.9750 | 0.0250 | 0.9756
50:50 55.0000 | 0.7632 0.5500 | 0.4500 | 0.6393 92.0000 | 0.9310 0.9200 | 0.0800 | 0.9255

Basil Dataset Confuion Matrix Hibiscus Dataset Confuion Matrix

Pepper Dataset Confuion Matrix

Dowrty Mildew 24 Hoalthy 74 8 Baclorial Spat

Actual Class
Actual Class
Actual Class

Healthy 12 ] Sun burn 18 Healthy

Downy Midew Henithy Heafthy Sun barn Hacterial Spot Heattiny
Predicted Glass Predicted Class Predicted Glass

() (b) (©)
Fig. 13. Confusion matrix of a) Basil dataset b) Hibiscus dataset c) Pepper dataset
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Fig. 14 presents graphs showing the accuracy of the modified SVM model for both training and testing across
various data splits: The ratios are 80:20, 70:30, 60:40 and 50:50. It is obtained that, the proposed method having
39.3%, 43%, 72% and 67% of improvement for Pepper leafs, 27.6%, 38.2%, 48.89% and 54.54% improvement
for Basil leafs, 31.98%, 42.85%, 54.41% and 62.3% improvement for Hibiscus leaves with respect existing
modified logistic regression.

The Fig.15 plots evaluation of metric precision for different ratios 80:20, 70:30, 60:40, and 50:50. Further it is
observed that 23.41%, 23,73%, 27.12% and 21.98% of growth in pepper leaves, 9.28%, 10.42%, 7.63% and
10.66% of growth in Basil leaves,20.23%, 23.5%, 14% and 18.62% of growth in Hibiscus leaves.

The Recall parameter analysis is presented in the above graph shown in Fig.16 for different ratios, 80:20, 70:30,
60:40 and 50:50. In pepper leaves 39.03%, 38.36%, 72.04% and 67.27% growth is observed. In Basil leaves,
25.8%, 38.62%, 51.45%, and 57.58% growth is obtained. Further for Hibiscus leaves 34.33%, 46.82%, 48.98%
and 62.33% of improvement is obtained.

From the graphs shown Fig.17 it can be inferred that FRP for Pepper leaves -92.67%, -89.89%, -94.23% and -
82.22% low rate is observed, in case of Basil -80.56%, -76.34%, -67.29% and -70.37 rate is obtained. Further for
Hibiscus leaves -87.52%, -89.35%, -71.92% and -76.86% of lower rate is achieved with respect to modified RBF
kernel. In case of FRP lower value indicates fewer false positive precisions, which generally necessary.

The F-Measure parameter analysis is presented in the above graph shown in Fig.18 for different ratios, 80:20,
70:30, 60:40 and 50:50. In pepper leaves 41.43%, 42.83%, 49.60% and 44.76% growth is observed. In Basil
leaves, 24.01%, 29.07%, 29.99%, and 33.81% growth is obtained. Further for Hibiscus leaves 38.48%, 43.23%,
34.13% and 40.04% of improvement is obtained.

The Receiver Operating Characteristic (ROC) curve is an AUC and is one of the more common benchmark
measurements that can be implemented for learning algorithms. ROC is the quite popular graph depicting the true
positive rate and the false positive rate of the classification results. The ROC curves for Basil, Hibiscus and Pepper
are shown in Fig 19 to 21.

4.3 Baseline model comparison

The Table.5 represented above indicating performance metrics evaluated with different models. The features
for the model obtained by using DarkNET-19 [31], in case of base line models and proposed method features are
obtained by using GLCM. The peak accuracy achieved by the proposed method was 94.45% (average of all ratios).
The second and third highest accuracies obtained with the Linear SVM and Linear SVM+PCA.

Table.5 Pepper leaf disease detection for different models

Model Accuracy | Precision g:rf:iltli:r)iiy F1-Score
DarkNET-19 Features

Gaussian NB[31] 85.3% 0.88 0.82 0.82
Gaussian NB+PCA[31] 78.4% 0.80 0.75 0.72
Linear SVM[31] 93.5% 0.94 0.94 0.92
Linear SVM+PCA[31] 93.1% 0.92 0.94 0.91
K-NN.[31] 90.5% 0.87 0.97 0.87
K-NN. +PCA[31] 73.3% 0.69 1.00 0.50
DT[31] 82.5% 0.84 0.80 0.78
DT+PCA[31] 81.3% 0.82 0.81 0.75
GLCM Features

Logistic Regression [9] ‘ 79.59% 0.79 0.79 0.78
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SVM Classifier[30] 62.59% 0.76 0.63 0.64
Modified SVM classifier 0.68

with RBF kernel[30] 68.23% 0-77 0.67
The proposed method (MLR) | 95.0% 0.95 0.94 0.95

As a result potential performance obtained with GLCM features when compared with the DarkNET-19 features.
Furthermore, the Modified Logistic Regression having the one half constant (proposed method) yielded the
highest value in accuracy, precision, sensitivity, and F measure.

Table.6 Hibiscus sunburn leaf disease detection for different models

Model Accuracy
CNN Model[32] 85%
Logistic Regression[9] 52.07%
SVM Classifier[30] 63.2231%
Modified SVM classifier with RBF kernel[30] 69.4533%
The proposed method (MLR) 90.90 %

The Table 6 indicating the accuracy evaluation of Hibiscus dataset with different models. The proposed model
reaches the highest accuracy of 90.90%(average of all ratios). The second and third highest accuracies obtained
with CNN model [32] and Modified SVM classifier with RBF kernel.

Table.7 Basil leaf disease detection for different models

Model Accuracy
CNN Model[33] 75.0%
Logistic Regression[9] 66.66%
SVM Classifier[30] 61.11%
Modified SVM classifier with RBF kernel[30] 68.56%
The proposed method (MLR) 86.09 %

The Table.7 indicating the accuracy evaluation of Basil dataset with different models. The proposed model
reaches the highest accuracy of 86.09% (average of all ratios). The second and third highest accuracies obtained
with CNN model [33] and Modified SVM classifier with RBF kernel.

In the implement of proposed work following limitations need to consider.

+*  GLCM might not fully capture all related information about leaf diseases. It is not easy to characterize the
texture changes with GLCM.

Sometimes visible cues are might overlook in texture-based features by GLCM.

GLCM model having limited generalization capabilities.

It is need to consider bias performance of proposed classification model.

7
°

7
°

7
°

5 Conclusion

Intelligent systems are crucial for handling real-world challenges, and patterns are essential for extracting
features and generating unique classes. Large-scale information gathering is crucial for classification, but it can
be complicated by redundant data. Curse dimensionality can help reduce complexity. Pre-processing is essential
to remove barriers during data collection and improve classification performance. Agriculture faces challenges
due to environmental changes, and diseases affect crop growth and production. Early detection of diseases is
crucial to prevent pesticide use and contamination. Medicinal leaves have been used for treating human diseases,
but there is a gap in information and identification. The proposed work aims to improve disease detection in
medicinal plants and increase crop yields. The proposed method uses CLAHE for disease detection, K-Mean

20



algorithm, GLCM, and Logistic Regression classifier with integral kernel sigmoid function for segmentation,
feature extraction, and classification. The proposed system is better than existing disease detection systems,
generating more accurate results and improving farmers' lives. It can be a boon to the agricultural sector, advancing
crop production and management, and facilitating the growth of per capita income.

Future scope The detection of illnesses in plant leaves is a significant research area, with IoT augmentation
focusing on automating the spraying of specific disinfectants. The system can be implemented through web-
interface enhancements and mobile apps. Deep learning methods, such as CNNs, can predict more accurately.
However, challenges include the availability of large datasets and consistent performance assessment. Despite
these challenges, deep learning has the potential to transform disease detection and treatment, leading to more
sustainable and effective agriculture.
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