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Abstract: Potatoes are grown commercially in practically
every country in the world. Unfortunately, the crop has been
affected by a number of different diseases. In order for the
gardener to take quick action, they need to have an
understanding of the nature of the contamination. They had the
notion that if they looked closely at the leaves, they would be able
to learn more about the diseases that were plaguing their
communities. Many different Convolutional Neural Network
(CNN) models and Machine Learning (ML) methodologies have
been created in order to provide assistance to farmers in the
diagnosis of diseases affecting tomato crops. Deep Learning and
Neural Networks are used in the construction of CNN models.
This gives CNN models an advantage over other Machine
Learning approaches, such as k-NN and Decision Trees.
Because it must handle such a wide array of inputs, the
notoriously challenging Pre-skilled CNN is notoriously tough to
programme. However, it is capable of producing incredible
works of art. An outline of a model for a convolutional neural
network that is simpler to understand is provided here. It
consists of a total of eight hidden levels. The suggested
lightweight model beats both state-of-the-art machine learning
approaches and pre-trained models in terms of accuracy when
applied to the Plant Village dataset, which is available to the
general public. The Plant Village dataset has 39 classes, and
these classes collectively represent a large number of different
plant species. There are ten different diseases that may infect
tomato plants, all of which have the potential to inflict damage.
‘While k-NN has the best accuracy (94.9%) among the classic
machine learning methods, VGG16 performs exceptionally well
among the trained models. After the picture improvement was
finished, the images were pre-processed so that the effectiveness
of the suggested CNN may be increased. To be more specific, we
accomplished this by considering the width of the picture as a
random variable and, as a result, altering the brightness of the
image correspondingly. On data sets that have nothing to do
with Plant Village, the suggested model achieves an outstanding
accuracy of 98%.
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I.  INTRODUCTION

Failures in crop production appear to be linked to plants
that have developed in an atypical manner [1]. There is a wide
variety of plant diseases, each of which has the potential to
significantly reduce a yield. In order to appear, plant diseases
require  particular agricultural plant species and
environmental parameters. Sadly, this is the fundamental
cause of the worrying development of plant-based infections
in the world today. If the farmer is worried about the loss of
productivity or the quality of the grain, he or she may choose
to use one of the many plant disease control packages that are
available for purchase [1]. During the past three to four
decades, there has been a significant shift in both the number
of plant diseases and the classification systems that are
employed for those diseases. If diseases are discovered at an
early stage and preventative actions are followed, the grain
that is harvested may have a high quality. The recent
advancements that have been achieved in visualization have
made it feasible to utilize and make use of digital science in
the study of plant diseases in a more widespread manner [2].
The proliferation of digital science's applications in real life
has been helped by developments such as these.

There is a growing interest among academics working in
a variety of fields to investigate the possibilities of
computational approaches for the diagnosis of plant issues.
This is because it is an excellent approach for monitoring
large flower fields and identifying early indicators of sickness
on plant leaves. This is owing to the fact that it is an
outstanding method. Several points of view have been
addressed while thinking about the process of image
segmentation. It seems that the K-method collection of
criteria is the least effective way for partitioning a picture
given how straightforward it is to gather a substantial quantity
of data all at once. This study offers a new hybrid technique
for image segmentation that can automatically categorise leaf
diseases into subcategories. The study uses high-resolution
multispectral and stereo images as its primary data sources.
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The authors of this essay came up with a plan on how to
successfully carry it out. Researchers [3] looked at the
potential use of sugar beet leaves. They used a laptop to do
picture processing, which led to the development of a novel
and more effective method for evaluating the severity of plant
diseases. When doing the initial investigation into the leaf
area, the Classification criteria were utilised. After that, a
Sobel operator was employed to split the contaminated
regions into smaller pieces, which made it possible for their
respective boundaries to be identified with more ease. To
summarize, the number of dots present on a leaf and the
pattern in which those dots are distributed may be used to
categorise the many illnesses that might affect plants [4].

The algorithms that were created for the purpose of
teaching computers can also be used to the process of
identifying illnesses in humans. In the past, members of the
agricultural research community have conducted experiments
on a number of these ideas. K-nearest neighbors and ANN
desire trees are the only two of these, however there are a
great many more. Support vector machines are one method
that has been utilised rather frequently in this industry
(SVMs). For instance, in [15], SVMs were utilised in order to
explore the outward indications of cotton sickness. After
determining the graphical appearance of areas affected with
the illness, the authors of [5] demonstrated how to use multi-
elegance support vector machines to recognize wheat disease
based on its prevalence. This was done after determining the
graphical appearance of areas affected with the illness. It's
possible that this method may be utilised to diagnose wheat
problems (SVMs). After we broke the coding on the leaf, we
tested their knowledge of multi-element RBF SVM to see
how well they understood it. A professional was brought in
to understand the ins and outs of the underlying classifier, and
then a variety of statistical methods were used to put it
through its paces. A piece of software was designed with the
purpose of classifying unhealthy plants into different
categories according to the outward manifestations of the
illness that they display. In order to differentiate between the
various subtypes of the sickness, features that were taken
from the centre fringe photos were utilized, as well as Bayes'
and SVM. In order to categorise the illnesses, classifiers were
utilised. The authors of aimed to solve the difficulty of
identifying SVM parameters by using a genetic algorithm
(GA) to automatically choose optimum SVM parameters and
an orthogonal technique to zero in on the best GA parameters.
Together, these two methods were used to narrow in on the
best GA parameters. They were attempting to establish
boundaries in this manner, and they were making efforts to
do so (SVM). In order to recognize the indications and
symptoms of nutritional deficiencies, an automated detection
system [6] uses a device that is both camera-equipped and
equipped with pattern recognition software. This allows the
system to identify the signs and symptoms.

As part of this study, we develop an approach for
identifying and quantifying the formation of new leaves on
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tomato plants that makes use of computers. The entire process
may be broken down into its constituent parts, which include
preprocessing, segmentation, attribute extraction, and class.
Multiple learning-from-experience systems, such as
Convolutional Neural Networks (CNN) and Random Forest,
were used to sort through images of tomato leaves and
determine which ones were diseased and which ones were
healthy. This was done in order to determine which tomatoes
had healthy leaves and which ones had diseased leaves. The
following is a further list of error analysis and repair methods:
In order to evaluate the effectiveness of the suggested CNN
models, both industry-standard Machine Learning (ML)
approaches and pre-trained CNN models were utilised. The
data made it very evident that the proposed models were too
similar to one another and that they would be better off being
considerably distinct from one another. In addition, we found
that the suggested CNN model not only achieves accuracy on
par with that of the state-of-the-art, but also considerably
outperforms pre-trained models and more traditional
Machine Learning techniques [7]. This was another finding
that we made.

Figure 1. Overall Proposed design system

This paper is discussed as follows, first section and
second reveals the introduction about potato leaves and their
detection. In the third section, we discuss the proposed CNN
model for detecting diseases in Potato leaves. The results of
the experiments and their analyses are presented in Section 4,
and their interpretation is presented in Section 5.

II. RELATED WORK

Rapid disease detection systems are gaining popularity
in a variety of different industries due to the fact that they
make it simpler to monitor a large number of crops. This is
one of the reasons why. To put it another way, as soon as the
leaves of a plant begin to exhibit additional symptoms of a
disease, it is possible to diagnose the plant without any further
intervention from a human being. This could take place as
soon as the first symptoms show up in the patient.

Using high-resolution multispectral and stereo images,
the authors of [8] discuss a method for automatically
classifying leaf diseases into subtypes. This method can be
found in [8]. They examined the leaves of the sugar beets to
see whether or not their technique had been effective. Using
a method for the processing of digital images on a computer,
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they created a new grading system that is superior to the
previous one. Otsu starts by slicing very small pieces off of
the area that will eventually be covered by the leaf. After the
polluted areas were separated from the rest of the city, a Sobel
operator was brought in to map out the boundaries of the
population that had become afflicted. The final step in
determining the severity of a plant disease is to count all of
the spots that appear on a leaf. The identification of early
warning symptoms of illness is yet another potential
application of the branch of computer science known as
"machine learning" (ML). These methods have seen a
significant amount of use in the discipline of agricultural
sciences [9].

Figure 2.b. Late Bligt o

TABLE 1. MAJOR PROBLEMS AFFECTING TOMATO LEAVES AND THEIR
REASONS [10]

S. No. | Problem Reasons
Bacterial wilt, Bacterial canker,
. Bacterial pith necrosis -Wilt caused by
Yellowing . . .
1 o Fusarium -Iron deficiency -Pith
plus wilting . .. .
necrosis -Swab injury -Contagion of
tomato spotted wilt-Verticillium wilt
. Tobacco hornworm-tomatillosis-
Stripped flora, SR o S
2 . tomatillosis-tomatillosis-tomatillosis-
defoliation . .
tomatillosis-tomatillos
Magnesium deficiency-Fine mildew-
3 White stains Spider .diminuti.ves L.eaf .earth—
Magnesium deficiency-Fine mildew-
Spider diminutives

In this setting, Support Vector Machines have become an
increasingly common approach (SVMs). In [11], an
investigation employing SVMs was conducted into the
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outward signs of cotton diseases. It was suggested that wheat
diseases may be diagnosed using an image-based diagnostic
method. Once the capabilities of the diseased region of a leaf
picture have been identified, the (Gaussian) radial basis
feature (RBF) SVM is performed in order to train and
recognize samples. This is done in order to do this.
Mathematical analysis is performed on the possible segment
texture data, and the capabilities that are derived from this
analysis are input into a support vector machine (SVM)
classifier. A method that can automatically identify discases
that affect plants has been created, and it does so by analysing
the visible changes that are brought on by the disease. The
Bayes and SVM classifiers were used to categorise diseases
by analysing the change in shading that occurs from the
centre to the periphery of a spot snapshot. This information
was extracted from the photograph. In an effort to overcome
the difficulty of selecting appropriate parameters for the first
iteration of the support vector machine (SVM), the
researchers made use of evolutionary algorithms (GA) to
automatically select SVM parameters and an orthogonal
method to ascertain which GA parameters produced the most
accurate results. In [12], the signs of dietary disorders are
discovered by the utilisation of pattern recognition and
computerized detection using an external device. [12]

In order to differentiate between pictures of healthy and
sick potato leaves, the SVM classifier [13] was utilized on a
large scale. This study was conducted with the intention of
developing a more effective algorithm for automatically
recognizing early and late blight spots on potato leaves. This
was the goal of this research. When people first began
utilizing deep reading to educate themselves about plant
diseases, [2, 8-10] you may find references to this practice.
When gathering information on deadly plant diseases, CNN
and RNN both employ their own unique approaches. It is
known that this model may account for a total of thirteen
different illnesses that can affect plants. CNN looked at over
500 different pictures of rice plant leaves in order to discover
eleven distinct diseases [14].

The majority of the study that has been conducted in this
field has concentrated its attention just on a limited scope.
According to a research that used a medium number of
samples, [15] the version that was suggested provides results
that are more accurate and consistent than a model that only
used a small number of samples. There are over 14,000
different leaves that have been recognized as having the
potential to cause damage. We were able to detect the
numerous illnesses that might harm tomato leaves by
employing statistical techniques such as logistic regression,
random forest, and support vector machine (SVM). We have
conducted an analysis to determine how successful each
format is.

III. PROPOSED METHODOLOGY

This paper is about two things: getting data (from inside
the structure of an image) and making computer models
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better. When data is collected in the form of a picture, we
should make sure the analysing model has enough skills to do
a good job. Most of the time, more records mean better
results. People often use CSV files to keep track of
information. In this study, CSV files are used to store 60
characteristics from each picture of one of eight good types
of tomato leaf classes. First, photos of torn tomato leaves of
different kinds were found on the Internet. To get to the spots
that are damaged, the leaf image is cut out and then smoothed.
After that, each picture goes through several kinds of photo
processing.

Potato__Late bhoht

Potato__Early bighe

R D ¢
Figure 3. Data Set of Potato Leaves To Diagnosis Disease

1) Image Acquisition: First, potato leaves are used to
make prints (18). In the databases, you can find both
healthy and affected potato leaves. The 14000
samples are spread out over eight lines in the dataset.
7 leaflets only have pictures of diseased potato
blights, but the other brochure has pictures of
healthy ones (16).

2) Image Pre-processing: This is a key step in the
process of making an image bracket. If each image
isn't measured (i.e., its size isn't decreased), the
processing time will go up during the discovery and
bracket stages. Before changing a colour image to
an argentine scale image, the size of each potato
blight image is cut from 256 by 256 to 128 by 128.

(17).

Figure3. Noise reduction in the Potato leaf
3) Segmentation: In this exploration, we used the most

widely used k-suggest clustering method to find
interesting arcas. We've been using this system
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4)

because it's hard to tell the colours apart in splint
prints with the naked eye. The L.A.B. creativity
space, which is also known as CIELAB and CIE
Lab, lets us see how big these differences are. The
L-a-b shadeation space is made with the help of the
CIE XYZ tristimulus values. The L a b area is made
up of the refulgence L or luminance subcaste, the
value subcaste a that shows where sedation falls
along the red-green axis, and the value subcaste b
that shows where sedation falls along the blue-
unheroic axis (18).

Feature Extraction: The next goal is to get rid of
some important information from the leaf image
after it has been cut up and the bad parts of the leaf
have been separated. Feature extraction cuts down
on the amount of data by measuring certain things
about each picture, such as its texture, shading, and
shape. In the proposed method, we grade both
geometric and histogram skills that will be used to
model later. Geometrical features we like to figure
out a few geometric skills at this point [19].

Pseudo code:

Image Length:

First, the length of the diseased portion of the
splint is determined.

Image Area:

Locate the part of the splint that has become
infected, and treat it accordingly.

Image Area | Check to see how close the infected area is to

Estimate: the edges and corners of the splint.
Image Determine which end of the splint has the
Perimeter: infection and go to that end.

Euler number:

The following step entails computing the Euler
number, also referred to as the Euler Poincare
characteristic, of a degraded portion of an
image. By examining this value, we will be able
to determine the number of components in the
picture that are connected to one another.

5)

Classification: CNNs are a type of Multilayer Feed
forward Network that are made to work with images
[6,7,26,27]. Convolution layers automatically find
the parts of an image that will also be fed into the
network [20].

a. CNN: CNN's performance is affected by several
hyperparameters, as well as the number of
iterations, hidden and output nodes, hidden
nodes, training algorithm, drop out, response
rates, batch size, and so on. In the
hyperparameters tuning, the same experiments
are done over and over with different hidden
layers, epochs, and activation points for
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understanding quotes. After fine-tuning, the
version's ideal can be reached quickly with high
quality.

1 “

Figure 4. Proposed CNN model [21]

¢.  Back propagation in CNN: The CNN model
starts with a weight matrix, and the loss is
calculated using equation (16), which is shown
below. This is all done through back
propagation. The weight values are changed
based on how steep the gradient is and how
much weight is expected to be lost. To cut down
on the common loss, the whole process (both
forward and backward propagation) is repeated
for a set number of epochs [22].

L(a,y)=-(ylog(a)*(1-y) log (1-a)) (1)

Here L is the loss, y is estimated output and a is
predicted output for a single take a look at case.

There are many factors that can affect a CNN's
performance, including hyperparameters, the training
algorithm, drop out, response rates, batch size, and the
number of iterations. Repetitive experimentation with
various hidden layers, epochs, and activation points is
used in hyperparameters tuning to achieve this quote
comprehension. After some tweaks, the best possible
version can be produced quickly and competently.

IV. RESULTS AND DISCUSSION

Using the corresponding equations, the performance of
the proposed model was compared to that of other traditional
machine learning approaches as well as pre-trained CNN
models.

Accuracy is absolutely necessary in order to conduct a
comprehensive analysis of the usefulness of a model. When
contrasted with the other model, the one in question will
provide a more accurate representation of reality. To find a
solution, we start by entering numbers into an equation.
Tp+TN

Accuracy = ——
y Tp+TN+Fp+FN

2

Fl-score: It's also known as the harmonic mean of
precision and recall, and it's a popular way for comparing the
performance of different learning methods. The equation is
used to determine the F1-score (3).

2x+Precision*Recall
Fi=—————" (3)

Precision+Recall
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TABLE II. COMPARISON ANALYSIS FOR EXISTING AND PROPOSED

CLASSIFICATIONS
Classifiers Accuracy Precision Recall
KNN 89% 85% 70%
SVM 93% 86% 80%
RF 92.5% 87% 83%
NB 94% 90% 85%
DT 94.6% 92% 90%
P d CNN
roposes 97% 95% 96%
algorithm
120%
100%
80%
60% B Accuracy
40% M Precision
20% M Recall
0% - v
Z3538%
2:x25 ¢
x »n a

Figure 5. Comparison analysis for existing and proposed classifications

Training and Validation Accuracy Training and Validation Loss

—— Tamning Loss
Validation Loss

os

—— Yaining Accuracy
Validation Accuracy 00

° 0 » » ) K] ) » » 3

Figure 6. Comparison analysis of training and accuracy (validation vs.
loss).

First Image of batch to predict:
Actual label: Potato  Early blight
Predicted label: Potato  Early blight

Figure 7. Predicted output as Early Blight

V. CONCLUSION

A CNN-based model was constructed specifically for the
purpose of this investigation in order to identify the disease
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that was harming tomato plants. In the CNN-based definitely
architecture that has been presented, there are a total of three
convolution layers and one max pooling layer. Within this
architecture, each layer makes use of its own distinct
grouping of filters. This study made advantage of the
information on tomato leaves that was found in the Plant
Village dataset. A visually appealing representation of each
of the nine types of contamination included in the collection
may be found here. Because the photographs that were
displayed in the classroom did not all begin in the same
manner, it was necessary to use data augmentation techniques
in order to standardize them. Evaluations indicate that the
version that was evaluated has a level of accuracy while
checking the courses that ranges between 76 and 100 percent.
In addition to that, testing has revealed that the model is
correct 99% of the time.
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