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ABSTRACT

Farmers already have a diversified portfolio of crops on their farms. And they're also trying to grow more kinds of crops on their
farm. Farmers are often responsible for enormous losses because they do not anticipate crop diseases at an early stage. This kind
of 'experimental farming' mentality. Learning from past experience has been more costly for them. Therefore, automatic diseases
and diseased sections in the leaf images need to be systemized. Leaves together effects on reduction in crop quantity and quality.
In the battle against serious threats, detection of diseases of plant leaves is a crucial function precisely. This survey explores in

depth different crop diseases and the detection methods.
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Introduction

In underdeveloped nations, such as India, the
market is primarily based on agriculture. Due to
plant diseases the performance and amount of
agricultural products will be reduced. Plant
diseases primarily arise from erratic fungi,
bacteria and the microorganisms' life cycle. Some
plant diseases are not evident in the early stages. It
occurs only in the final stage. Agriculture is not
only meant to feed rising people, but also a
significant energy source and solution to the
climate crisis. In order to treat and monitor the
disease, plant disease diagnosis is very important
in earlier stages. Plant conditions lead to a major
production and economic disruption and a
decrease both in agricultural products value and in
quantity. Monitoring for the identification of
diseases has gained greater interest in agriculture.
There may also be significant decreases in both
the quality and quantity of crops.The central
technique  acknowledged in training for
identification and discovery of plant infections is
naked eye surveillance of specialists. This
problem involves continuous monitoring and
consultation of experts in large fields that are
excessively expensive.
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It is too costly and time-consuming for farmers to
travel a long distance in many countries to visit
specialists. Farming land can often be much larger
and every plant can not be observed by farmers
every day. This is a crucial activity for farmers as
they also need to pay attention to crop growth for
higher yields. The main objective of agricultural
diseases and insect pests is to achieve the control
of knowledge and 10T collection of diseases and
insect pests. The programmed methods used in the
prevention of crops are important for accuracy to
detect plant infections early. Automatically
recognise signs of disease as soon as they appear
on plants to detect and identify a rapid method.
The detection process includes multiple stages,
such as image acquisition, image pre-processing,
segmentation, mining and neural network-based
classification. Diseases are perceived on the
leaves or branches of the vegetable.
Therefore, many efforts are carried out in
identifying the crop disease types and analyzing
its machine learning detection methods.
The main contribution of this work is
e (Categories of crop diseases and

roadmap of recent machine

learning approaches into disease

detection are explained.

10540



PSYCHOLOGY AND EDUCATION (2021) 58(2): 10540-10546

ISSN: 00333077

e A standard comparison chart of
various machine learning
approaches of crop disease
detection is proposed.

The above-said points clearly distinguish this
work from other recent works related to crop
disease detection. It gives the detail as broad as
earlier works. The organization of paper as
follows: Section Il brief the crop disease types.
Section Il describes the proposed comparison
chart of machine learning approaches of crop
disease detection. Section IV summarizes the
current work.

CROP DISEASES AND ITS RECENT STUDY
2.1 Fungal Diseases

Fungal diseases of plants are fungal diseases.
Fungi can be single or multicellular; however,
they can kill plants in either way by stealing
nutrients and destroying tissue. In plants, fungal
diseases are the most widespread infection. Fungal
infections may be described as signs, such as spots
in plant leaves, leaves yellowing, or bird-eye spots
in berries. In fact, with certain fungal diseases, the
organism itself can be seen as a mould, mildew or
spores on the leaves. These can occur on stems or
the underside of leaves as growths or
malformations. Such overt observations of the
disease-causing body are referred to as symptoms
of infection.

2.2 Bacterial Diseases

Bacteriums are prokaryotic single-celled species.
Bacteria are everywhere and many can help, but in
humans and in plants, other bacteria can cause
illness. Bacterial signals, since bacteria are
microscopic, are often more difficult to detect
than fungi. A milky white fluid, known as
bacterial ooze, can appear when an infected stem
is cut. A bacterial infection is suggested by this.
Wet patches on leaves that are oozing bacteria are
other signs of water-saken injuries.The lesions
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gradually enlarge and render the leaves reddish-
brown spots as the disease grows. Bacterial
infection usually occurs in leaf spots or fruit spots.
These veins, as opposed to fungal patches, are
also present on the blade. If the spots advance
rapidly, parts of the plant spot, wilt and ulteriorly
die, it can be recognised as a blight. Bacteria also
grow cancers that are sunk in malformed regions
on branches or roots. During the season, bacterial
cancers can ooze, while fungal cancers can grow
fruits.

2.3 Viral Diseases

Viruses are contagious particles that are too small
for a light microscope to identify. They invade
host cells and hijack host machinery, causing
millions of copies of the virus to be produced by
the host. There are no signs of viral diseases in
plants, because a light microscope does not even
reveal viruses.However, the trained eye is able to
observe certain signals. A mosaic pattern,
yellowed or shrinkled leaves is characteristic of
the viral infection.This typical pattern of
discoloration is the name of many plant viruses,
including the tobacco mosaic virus. Small plant
growth is typically widespread in viral infections.
The mosaic pattern of coloration in the leaves can
also be seen in the fruit. In berries, where
discoloration occurs in rings, close to leaves, ring
spot signs can also be present.

Modern methods have been used to improve the
identification rate and the accuracy of disease
detection, such as machine learning and deep
learning algorithms. Various experiments have
been performed with machine-learning for plant
diseases identification and diagnosis, including
random forests, artificial neural networks, SVMs,
fugitive logic, the K-means algorithm, CN
networks, etc. Figure 1 demonstrates the
fundamental architecture to detect crop diseases.
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Figure 1. Crop Disease Detection Architecture

According to some research papers, new/modified
ML architectures have been introduced to achieve
better/transparent plant disease detection. In
comparison to AlexNet and VGG, Zhang et
al.[2018] presented an improved model
GoogLeNet and Cifar-10. Improved versions of
these state-of-the-art models give a remarkable
98.9% precision. Liu et al.[2017] , A new DL
model was developed to achieve more accurate
identification of plant diseases in comparison to
SVM, AlexNet, GooglLeNet, ResNet-20 and
VGG-16 models. This model achieved 97.62%
accuracy in the classification of apple plant
diseases. The data collection has also been
extended in 13 different directions (90°, 180°,
270° rotation and mirror symmetry, contrast
change, sharpness and luminosity). In addition,
the whole dataset has also been converted to
Gaussian noise and PCA flashes. The dataset
choice was also explained with the help of graphs
to show how necessary it is to extend the data set.
Chen et al.[2019], The new LeafNet CNN model

for classifying tea leaf diseases achieved greater
precision than the SVM and Multi-Layer
Perceptron support systems. The LeafNet model is
a new one (MLP). Kamal et al.[2019]
implemented two DL models, MobileNet upgrade
and MobileNet downgrade, which were identical
to the VGG model; MobileNet's downgraded
classification was actually 98.34% accurate and
had fewer parameters compared with VGG,
saving time in model training.A state-of-the-art
PlantdiseaseNet DL, which is surprisingly suitable
for the complex climate of an agrarian region, was
suggested at Arsenovic et al.[2019]. Jiang et
al.[2019] classified and detected five types of
apple plant diseases, a state-of-the-art CNN model
called VGG-inception architecture. Multiple DL
architectures like AlexNet, GoogLeNet, several
ResNet and VGG were out of efficiency. It also
incorporated simulation and activation of inter-
object/ class detection; for its clear vision of plant
diseases, it was also identified.
COMPARISON ANALYSIS

Table 1. Comparison chart of various machine learning approaches in
Crop disease detection

No | Author Methodology Dataset Used | Remarks
1 Davoud et | Gaussian ASD PLSR revealed the
al.[2016]. process spectroradiom | determination coffector (R2) at
regression and | eter dataset the leaf and canopy values of
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and the
coefficient  of
variation (CV)

support  vector 0.98 (RMSE = 0.6) and 0.92
regression  (v- (RMSE = 0.11). In leaf (R2 =
SVR) 0.98, RMSE = 0.05) and in
canopy (R2 = 0.95, RMSE=
0.12) SVR showed R2 and
RMSE near the PLSR scale.
GPR suggested R2 values in leaf
and canopy scale 0.98 (RMSE =
0.03) and 0.97 (RMSE = 0.11),
respectively.
2 Uday Pratap Singh | Multilayer real-time Compared to other state-of - the-
et al.[2019] Convolutional | dataset art methods for its accuracy, the
Neural Network | captured at the | higher quality of the proposed
(MCNN) Shri Mata | study is verified with 97.13
Vaishno Devi | percent accuracy.
University,
Katra
3 Noa  Schor et | principal PM database | PCA-based leaf vein removal
al.[2015]. component classification achieved
analysis (PCA) maximum accuracy in

classification (90%), while the
CV approaches were high in
precision as well (85 percent, 87
percent). PM pixel-level
recognition based on PCA was
high (95.2%) while leaf-like
accuracy (64.3%) was poor as
measured on the upper side of
the leaf while symptoms of
disease start on the lower side of
the patient.

4 Wenjiang Huang et
al.[2014].

RELIEF-F
algorithm

Canopy
Spectral Data

The identification accuracies of
these latest indices were 86.5
percent, 85.2 percent, 91.6
percent, and 93.5 percent. We
also applied these NSIs for non-
imaging winter wheat canopy
data, and it was promising to
classify the results of various
diseases.

5 George Deroco
Martins et al [
2017].

RapidEye
multispectral
Sensor.

Hyperspectral
data

The spatial distribution for
healthily, moderately infected
and severely infected coffee
plants was defined in the
multispectral classification with
a total precision of 78 percent
and a coefficient of 0,71 Cappa.

6 Haiguang Wang, et
al.[2012].

BP networks
and PCA.

ColSha
dimension
reduced Tex

or

Grape diseases were produced
with 100 percent  fitting
precision and 97.14 percent
prevention precision and 100
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percent fitting precision and
prediction precision for wheat

diseases

7 Kutty et al.[ 2013] | SPSS, Neural | The basic | The overall performance is
Network digital  color | shown with a 0.5 AUC value of
Pattern image. the ROC curve.The true result
Recognition of the category also shows the

value of 75.9%.

8 Rothe et al.[2015] Active contour | The images | The algorithm  of  snake
model, Snake | are acquired | segmentation is an efficient
segmentation using a digital | method to isolate sick spots but

camera. IS an extremely slow operation.
On other crops like orange,
citrus fruits, wheat or maize, etc.
The average rating accuracy was
found to be 85.52 percent. The
same work can be done to
classify diseases.

9 Melike  Sardogan, | Convolutional | Plant Village | The average  classification
Adem Tuncer, | Neural Network | dataset accuracy is found to be 86%.
Yunus Ozen & | (CNN),

2018. Learning
Vector
Quantization
(LVQ)

10 | Robertetal.[ 2018]. | RCNN Developed the | 80 percent of confidence was
Plant Server | obtained by the F-RCNN-
and User | qualified model for anomaly
View using | detection, while 95.75 percent
phpMyAdmin | were accurate in the method for
to handle | the transfer of learning disease.
MySQL In reality, the automated image
server capture software was introduced
administration | and 91,67 percent of tomato

plant diseases were accurately
identified.
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