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Abstract: The occurrence of diseases in plants badly impacts
the agricultural production, which increases the food insecurity
when the diseases are left undetected. Particularly important for
ensuring the availability of production of agricultural and food
are the major crops, such as maize, rice, and others. Effective
control and prevention of diseases in plants are based on disease
forecasting and early warning, which is essential for managing
and making decisions regarding agricultural productivity. In
rural parts of developing nations, observations by knowledgeable
providers remain the main method for plant disease identification
as of yet. This draws researchers in for ongoing experienced
monitoring, which may be cost-prohibitive on large farms.
Besides, in some remote areas, farmers require the assistance of
the agricultural experts, which is the expensive and time-
consuming process. Hence, automatic disease identification for
plantsisimportant to promote the monitoring of large crop fields,
which encourages the contribution of the accurate, less-
expensive, automatic, and fast technique to perform the detection
of diseases in plants. In this survey, the automatic detection
methods used for the plant disease detection based on the deep
learning methods are discussed. The importance of the deep
learning methods for the detection of disease is demonstrated
through the schematic sketch on the other basic machine
learning techniquesin agricultural applications.

Keywords: Automatic Detection, Plant Diseases, Deep
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. INTRODUCTION

I n the agricultural field, the eruption of diseases in crops

has a huge impact on the yield. Massive loses can takes
place during the massive outbreak similarly, small-scale
outbreak can also cause a serious impact on the crop yields
by affecting the quality of the crops. To protect plants from
numerous diseases and increase agricultural production,
recognition and classification of various disecases are
performed [1][2][3]. Estimation made in United States
reveals that the population increases rapidlyby next 30 years
[4]. Report from the Food and agricultura organization
shows that to tackle the amount of food for entire
population, 70-90% of food is yet required, which imposes
the pressure on the food production.
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Even though, the promotion of the food production has been
done, 16% of the plants are affected by the bacteria and
fungi diseases, which should be minimized by forecasting
the diseases. To ensure the productivity of the crop, thereis
a need for the advanced methods to predict and classify the
diseases and the significant thing to be noted is the
prevention of crop damages [5]. The main reason for the
loss of income in agriculture is due to the improper or late
recognition of diseases that occurs due to the weeds and
pests [6]. The proportion of the green house gases is
controlled to enhance the gain of the crops but it increases
the spread of viral, bacterial and fungal diseases. The yield
of the crop with full potential can be obtained by
continuously monitoring and repetitive detection of diseases
[71[8][9]. The economic loss due to the crop can be greatly
reduced, when the disease detection is performed in-
advance. The detection can be made based on the
appearance because petioles and leaves contains the
majority of the symptoms [10][11][12][13]. In the
traditional perspective, the diseases are identified manually
by the experts, which consumes more time and the accuracy
is reduced. Due to the manua intervention, there is a
probability of error occurrence [14]. To overcome the
disadvantages in the traditional method, numerous
spectroscopic as well asimaging techniques are employed to
detect the diseases, but there is a necessity for precise
instruments and a large number of bulky sensors [15][16].
The cost of these methods is increased due to the
components, but the efficiency achieved is low. Latterly, the
advancement in the technology and the availability of the
camera and other electronic gadgets alows the individuals
to automatically detect the disease through deep learning
and machine learning methods. The automatic detection
using image processing techniques are an widely used and
satisfactory methods for the detection of diseases
[17][18][19][20][21][22][23][24][25].The deep learning
techniques make the availability of various architectures,
like convolutional neural network (CNN), and under CNN
Alexnet, Google net and so on. The disease detection
methods utilize the preprocessing techniques for the
recognition of species and the accuracy of detection are also
improved using these techniques [26][27]. In this research,
the review of the existing detection methods for plant
diseases is discussed with the detailed summary of the
benefits and drawbacks. Moreover, the article carries the
analysis of the feature extraction-based approaches,
segmentation methods and the classification models and the
motivation for the disease detection is portrayed in detail.
Finally, the future direction of the research is presented. The
organization of the article: section 2 covers a summary of
the current techniques, and the anaysis is discussed in
section 3.
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Finally, Section 4 lists the gaps and finally, section 5
concludes the paper.

A SURVEY OF THE RELEVANT LITERATURE ON
DETECTION AND SEGMENTATION
TECHNIQUES

‘ Review of the existing methods ‘
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Figure 1. Categorization of the section

The existing works carried by the researchers to detect the
disease in plants aong with its advantages and
disadvantages are enumerated in this section. Figure 1
shows the categorization of the section in demonstrating the
significance of classification, segmentation, and feature
extraction methods. In the plant disease detection model, the
segmentation is the significant step, which is followed by
the feature extraction from which the significant information
of the segmented output is extracted. By using obtained
features, classification is performed and the various
classification models explained in the existing articles are
detailed in this section.

A. Based on Training M odels

In this section, it is shown with advantages and
disadvantages how trained models are used for plant disease
detection. Manish Kumar et al. [5] created a multilayer
perceptron model-based expert system, in which the disease
is classified using machine learning. The model highlighted
the decreased in the overall cost by the deployment of
sensors, but the disadvantage is that the classifier parameters
are measured only for the independent binary classifiers’. S.
Mustafa et al. [27] invented a hybrid intelligent system for
the detection of diseases utilizing the Support Vector
Machine (SVM), probabilistic neural network and Naive
Bayes that helped the individuals to identify the plant
species, and disease in earlier time, but the stumbling block
is that there is an increase in the computational time.
Kshyanaprava Panda Panigrahiet al.[28] disease is detected
in maize plants using the techniques of machine learning
like Random forest, K-nearest neighbor, Naive Bayes,
decision tree that effectively detect the disease with higher
accuracy rate, but it lacks the capability of dealing with high
dimensional data. Pengjianget al. [25] introduced an INAR-
SSD model based on the incorporation of the Rainbow
concatenation and Inception module with single shot
multibox detector that effectively extract the discriminative
features with good accuracy, but the pitfall is that the
detection of small objects is limited. Xihaizhanget al. [29]
incorporated the deep learning methods googlenet and
Cifar10 for the detection of diseases in maize leaves, which
exhibited strong robustness and the higher diversity of the
pooling regions with less number of iterations. However,
smaller datasets create a barrier to the classifier's accuracy,
seeking the need for the huge data for the classifier training.
Murk Chohanet al. [30] using a convolutional neural
network the disease in plant is detected automatically, which
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can be interconnected with drone for the live detection of
diseases. The major drawback of the convolutional classifier
is that the classifier suffered from the computation
complexity. Guofeng yang et al. [3] used LFC-Net, which is
the combination of the location network, feedback network
as well as classification network that extracts the highly
informative region in minima iterations. The invented
model is a multi-network collaborative model that makes the
availability of self-supervised mechanism for the
classification. Furthermore, the huge efforts are needed to
identify the different stages of disease. Junde Chen et al.
[31] inception module and image net are used to pretrain
VGG net based on deep convolutional neural networks of
transfer learning. Even at very complex situations, the
classifier acquires good accuracy rate, but the computational
complexity of the classifier is high.

B. Based on feature extraction methods and
classifier

In this context, the review of the various feature extraction
modules developed in the existing literature is discussed. In
[32], the texture-based feature extraction methods are
demonstrated, which highlights that the spatial features,
shape, texture, and color are significant in the detection of
sick plants. It is suggested that the lesions demonstrate the
significant information about the plant diseases. Among the
features, color is a stable feature, insensitive to the image
augmentation methods. However, color characteristics failed
to capture the local features from the image and image
clarity is often a challenge. Furthermore, texture features
play a prominent role in detection of disease for which the
statistical  features, Gray-Level Co-occurrence Matrix
(GLCM) features, linear binary pattern, and so on are
employed. Even though the texture features impact the
classification performance, the resolution of the image is a
challenge, and the minor deviationsin the images need to be
extracted that is impossible using the existing texture
descriptors. Moreover, the shape-based features focusing the
geometry, area, and plant invariants are significant for the
plant disease classification. Even though the stable shape
features are compared with the features of color, the
required recognition rate is not acquired [33]. In [34] [35],
the authors demonstrated the need for the morphological
features in the disease classification, which yields the
necessary information of the plants. However, the accuracy
is affected when the minor deviations in the plant
morphology is ignored. In the following articles, the deep
learning method for feature extraction is performed.
Rudresh Dwivediet al. [36] developed the network for the
detection of disease in grape leaf that avails dual mechanism
for the evaluation of features. The network works based on
the faster RCNN that greatly reduces the human intervention
with higher recognition rate. There is a necessity of high
level features to differentiate healthy and unhealthy leaves.
Xuannieet al. [13] initiated a disease detection model based
on faster RCNN network, where the features are extracted
using the attention mechanism. The usage of multilevel
features improved the detection performance without
affecting the other process,
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but there is an imbalance in the dataset used for the
detection of disease.

Karthik R et al. [37] contrived the disease detection based
on dua architectures as well as employed the attention
mechanism in the residual network. The model detected the
diseases by learning around 600k parameters. The
architecture of the residual network is complex in structure,
which is the pitfall of the method. Chen Jun-De et al.[38]
created an automatic detection and classification system for
the identification of plant diseases availing the texture
feature extraction technique. It performs well even in
complex background, but the disadvantage is that small
deviations in the extracted features impact the classification
performance. Alexander Johannes et al.[39] designed an hot
spot based detection agorithm that incorporated with
statistical inference methods that tackles the disease
identification even in wild conditions as well as the naive
bayes is utilized for the filtration purposes. The method has
the capability to eliminate the region with redundant visual
information. In comparison to the overall number of pixels
in the image, the quantity of pixels considered is extremely
small.

C. Based on Segmentation Methods

In this context, the discussion on the segmentation methods
is demonstrated. The segmentation methods, Otsu” method
[40], k-means clustering [40] [41], thresholding [42], region
growth [42], watershed [42] approaches, and so on. The
defined segmentation approaches from [42] demonstrates
that these approaches require manual intervention, ignore
any important information required for classification, and
diversity was affected. S. Aasha Nandhiniet al.[43]
established a disease detection system that is web-enabled
relying on the compressing technique that reduces the
complexity in the storage. The segmentation of the sick
leaves is aso made possible by the availability of
datigtically based threshold strategies. The entire
information about the crop is not analyzed in a detailed
manner. Shanwen Zhang et al. [44] segmented the leaf of
plant using the hybrid clustering of superpixel clustering and
expectation maximization agorithm. The complexity of the
pixels is greatly reduced, that is around 1000 pixels present
in the image are converted into 100 number of super pixels.
The drawback is that the robustness is not explored.
Aravindhan Venkataramanan [45] examined the leaf using
deep learning approach that performs the classification in
multiple stages and detected the objects using YOLOv3
object detector. It attains good results in less number of
epochs and the model has a prior knowledge that fits many
applications. The drawback is that it is not implemented in
real-time environments. Amreen Abbas et al.[26] generated
synthetic images of the tomato plants using the
augmentation method Conditional Generative Adversarial
Network (C-GAN) and the images are trained with
densenet121, which reduces the over-fitting problems, but
the methodsuffers from high computational time.

D. Based on Optimized Classifiers for
Detection

This section details the optimized classifiers for disease
detection. R. Cristinet al.[9] established a deep belief
network for the disease detection in leaves usin g fuzzy C-
means clustering. The network is optimized using the Rider-

Disease
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CSA agorithm that choses the weights optimally. Thereisa
problem of slow convergence while using this optimization.
Eisha Akankshaet al.[46] introduced an efficient system for
diagnosing the disease in maize plants named Optimistic
probabilistic neural network classifier that utilized artificial
jellyfish optimization. The Fuzzy-C means agorithm is used
for segmentation. The usage of PNN has the capability to
improve the accuracy at higher speed. The pitfal is it
requires higher memory for the storage purpose. Hiteshwari
Sabrolet al. [47] presented adisease classification based on
adaptive neuro-fuzzy inference system. The features are
computed using the GLCM matrix and this method reduce
the misclassification rate but the experiment is carried only
for grey scale images and the color images are not
considered. Geetharamani G et al. [7] utilized six
augmentation models for the detection of disease in plants
using deep CNN that resolves the problems effectively. The
augmentation method increases the amount of training data
where the accuracy gets improved. Artificia images are
created using the augmentation but real time images are not
considered.R. Sowmyalakshmiet al. [48] initiated a
convolutional neural network for the detection of rice plant
disease in smart agriculture using Optimal Weighted
Extreme Learning Machine (CNNIR-OWELM) and Res
Nset v2 model. The incorporation of flower pollination
algorithm helps to resolve multiobjective optimization
problems, but the convergence is poor that affected the
classification accuracy. Dhruvil Shah et al. [49] designed an
Res TS (Residua Teacher/Student) architecture, which
effectively detects the disease using the residual network
and degrades the exploding gradients or vanishing issue.
The residual network heavily depends upon the batch
normalization is the deprivation of the method. Vempaty
Prashanthiet al. [50] examined the graphical detectable
pattern and identified the infection in plants using
convolutional neural networks. The invented model detected
around 13 unique ailments, but there is a need for the further
enhancement in the precision. Qiaokang Liang et al. [51]
innovated a system based on the computer assisted approach
named Severity Estimation Network (PD2 SE-Net) and
Diagnosis of plant disease which detects the disease as well
as the severity of the disease also estimated. The usage of
adam agorithm reduces the storage space. Although it
performs well in terms of accuracy, there is a problem of
over fitting which diminish the effectiveness of the
classifier.

1. ANALYSISAND DISCUSSION

Based on the analysis in this section the existing approaches
performed in different experimentations. The segmentation
methods, classifiers and the parameter metrics-based
analysis are detailed in the below sections

A. Segmentation methods-based analysis

The analysis is carried based on the segmentation methods
and the performance measures used are mentioned in the
table 1. The various segmentation methods used here are:
CNN, binary thresholding algorithm, Histogram-based
segmentation, Mean based thresholding strategy, K-mean
clustering method,
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label edge detection method, Fuzzy-c means, pi FCM,
hybrid clustering, Semantic segmentation, and Otsu based
segmentation.

The Otsu thresholding method automatically performs the
image thresholding and provides the result based on the two
classes, such as foreground and background. Due to its
speed and uncomplicated coding, the Otsu method is more
efficient. The analysis is represented by a bar chart shownin
figure 1.
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Segmentation Achievements Published @‘k@ uo"& 5&;5\ 6:\\“\‘2 /cbi"f"\
methods papers v ° &
CNN Accuracy, Precision, Recall, [50] - - - - - -
F1 measure Figure 2. Analysis based On Feature Extraction in The
Binary thr_@holding F1 measure [49] Disease Detection
algorithm
Hiﬁogfa'g?ased /;‘ECUF?CY‘ %ene;ﬂvg [48] C. Detection of diseased plants based on the
segmentation o g analysis of classifiers
Otsu Accuracy [47] In this section, the analysisis carried based on the classifiers
Mean based Accuracy [43] used in the disease detection of plants and the achievements
thresholding Strategy _ made also enumerated in the table 3. From the observation
K-mean clustering Accuracy, Precision, Recall, [27 . .
method F1 measure made, the conclusion can be made as that the deep learning
label edge detection Accuracy [28] methods are widely used compared with machine learning
method methods. There is no need for data labeling, the outcome
Fuzzy-C means Accuracy, Sensitivity [46] can be obtained based on the user perspective by tuning
pIFCM Accuracgc‘iﬁec?ft"’”y' 521 their parameters and optimizing them, works well in
hybrid clustering SpTime Y [39] unstructured data and automatic deduction of the parameters
Semantic Accuracy [51] made the deep |earning techniques to be more effective.
segmentation Table 3. Detection of Diseased Plants Based on The
B. Analysis based on the feature extraction Analysisof Classifiers
methods Classifier Achievement Paper s-used
; ; ; ; Faster R-CNN Accuracy-93% 36] [13
In thl§ gectlon, various fegtur_e extraction met_hods used by Deep CNN Accurai?-,97.4% L [15([)] ]
the existing methods are highlighted as shown in table 2 and ReSTS F1 measure. [29]
the graph is plotted based on the methods shown in figure 2. 90.2%
From the observed papers, the features are extracted based MLP Accuracy-87% (5] [52]
on the techniques Attention mechanism, Neura networks, CNN Accuracy-94.2% | [48] [39] [38]
Heatmaps, Statistics, CNN, ResNet-50, VGGNet, Gray- [37] [51]
Level Spatial Dependence, orthogonal matching pursuit Deep CNN Accuracy-96.9% [29] [25] [31]
(OMP) algorithm, Y OLOv3, DenseNet, colour thresholding, [53]
RGB feature extraction, PNN, Texture, GMDH-Logistic Ne‘{gcnﬁ‘é‘t’ork AACC“racyégo;gj [3;’0]
approach, Deep CNN. Here,CNN features are the most Ave T ﬁi;gy_gb%"' [ 47[] []27]
frequently-used feature extraction method that renders a inference system
great solution to resolve the problem of vanishing gradients. SVM classifier Accuracy-90% [43]
Table 2. Analysis based on Feature Extraction in The Conditiigeéﬁeraﬁve :g;‘::acy '%”i‘;//" EZ}
Disease Detection Adversarial Network (C- i ’
Featur es extraction methods Resear ch articles GAN)
Attention mechanism [36] [13] [39] Random forest classifier Accuracy- [28]
Neural networks [50] 79.23%
Heatmaps [49] PNN Accuracy- [46]
Statistics [5] 95.55%
CNN [48] [29] [30][25][53][37]
ResNet-50 [3] IV. RESEARCH GAPSAND CHALLENGES
VGGNet [31] i
Gray-Level Spatial Dependence [47] A. Based on segmentation
orthogonal matching pursuit [43] » In practica applications, the technique that makes
(OMYP())E'gf’gthm = availability of segmentation or edge detection is
DersaNel {26} complex a!nd provoked by the compu_tational time. The
colour thresholding 27] segmentation process is challenging due to the
RGB feature extraction [28] morphological operations as well as light conditions
PNN [46] [29][36].
Texture [52]
GMDH-L ogistic approach [38]
Deep CNN [51]
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» Commonly, the image segmentation of plants is
performed through fixed threshold in order to
distinguish the normal, spot and background pixel.
However, the image collected will have fuzzy, unclear,
uneven and uncertain which creates overlapping [44]

B. Based on featur e extraction

» Layer-wise Relevance Propagation (LRP) heatmaps
includes the negative and positive inputs which makes
the measurement of the sensitivity difficult due to the
noise present in the gradient heatmaps [10][49].

» It is an chalenging task to define the small
discriminative features which will be useful in fine-
grained visual categorization [3].

» Interpretation of the optimal parameter values and
extracted variables is a strenuous task due to the
occurrence of information distortion [38].

» In machine learning techniques the performance will
be purely based on the manually selected features. For
the process of enhancement of the classification
automatic identification of the features are necessary
[37].

» While detecting the disease in plants, sometimes there
is a huge variation in the properties of the disease
pattern. So for the efficiency wide range of data should
be analysed in an automated way without human
intervention [37].

C. Based on classification

» The presence of abundant information and judgment
value about the crop leaves or plants make the process
of finding and locating regions difficult [3].

» To obtain better and satisfactory performance thereisa
need of large training samples for the deep learning
network [37].

» The identification of specific patterns in the plants is
performed using the soft computing model results in
poor accuracy. Improving the accuracy rate of this
model is a challenging task to be handled [52].

» To represent the whole image the features of multiple
annotations are taken into account. These multiple
annotations are dense annotations that create
limitations in the scalability and usability of the
applications[3].

» The number of diseases occurs on the same leaves, the
occurrence of spot is small, or the environmental
factors can affect the quality of classification [25].

V. CONCLUSION

The reviews for the disease detection of plants utilizing the
previous work of the researchers are enumerated in the
manuscript. The study is particularized based on the
segmentation methods, optimizations used, classifiers used
and the highlighting parameter metrics. The challenges
overcome while detecting the diseases in plants are aso
enumerated. The achievements made by different
researchers are also discussed. The manuscript provides
anidea towards the enhancement of disease detection in
plants for the high yield in agricultural purposes.

REFERENCES

1. Baetsen-Young, A.M., Swinton, S.M. and Chilvers, M.I., "Economic
impact of fluopyram-amended seed treatments to reduce soybean yield

Retrieval Number: 100.1/ijeat.A38571012122

DOI: 10.35940/ijeat.A3857.1012122
Journal Website: www.ijeat.org

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21

Published By:
Blue Eyes Intelligence Engineering
and Sciences Publication (BEIESP)
108 © Copyright: All rights reserved.

loss associated with sudden death syndrome,” Plant Disease, Vol.105,
no.1, pp.78-86, 2021. [CrossRef]

Shamoun, Simon Francis, Danny Rioux, Brenda Callan, Delano James,
Richard C. Hamelin, Guillaume J. Bilodeau, Marianne Elliott et a. "An
overview of Canadian research activities on diseases caused by
Phytophthoraramorum: results, progress, and challenges." Plant disease
102, no. 7, pp.1218-1233, 2018. [ CrossRef

Yang, G., Chen, G., He, Y., Yan, Z., Guo, Y. and Ding, J., “Self-
Supervised Collaborative Multi-Network for Fine-Grained Visua
Categorization of Tomato Diseases,” IEEE Access, vol.8, pp.211912-
211923, 2020. [CrossRef

United Nations, 2019. World population prospects 2019: highlights.
Department of Economic and Social Affairs, Population Division.
Kumar, Manish, Ahlad Kumar, and Vinay S. Palaparthy, "Soil Sensors
Based Prediction System for Plant Diseases using Exploratory Data
Analysis and Machine Learning," in IEEE Sensors Journal, 2020.
[CrossRef

Patle, Kamlesh S., Riya Saini, Ahlad Kumar, Sandeep G. Surya, Vinay
S. Paaparthy, and Khaled N. Salama. "loT Enabled, Leaf Wetness
Sensor on the Flexible Substrates for In-situ Plant Disease
Management," IEEE Sensors Journal, 2021. [CrossRef

Elad, Y., Messka, Y., Brand, M., David, D.R. and Sztginberg, A.,
"Effect of microclimate on Leveillulataurica powdery mildew of sweet
pepper. Phytopathology, "Vol.97, no.7, pp.813-824, 2007. [ CrossRef
Pernezny, Ken, Pamela D. Roberts, John F. Murphy, and Natdie P.
Goldberg, eds. Compendium of pepper diseases. No. 633.8493/P452.
St. Paul* eMN MN: APS Press, 2003.

Schor, N., Bechar, A., Ignat, T., Dombrovsky, A., Elad, Y. and
Berman, S., "Robotic disease detection in greenhouses: Combined
detection of powdery mildew and tomato spotted wilt virus, " IEEE
Robotics and Automation Letters, Vol.1, no.1l, pp.354-360, 2016.
[CrossRef

Harris, D.C., " Control of verticillium wilt and other soil-borne
diseases of strawberry in Britain by chemical soil disinfestations, " in
Journa of horticultural science, Vol.65, no.4, pp.401-408, 1990.
[CrossRef

Mckinley, R. and Talboys, P.W., “Effects of Pratylenchuspenetrans on
development of strawberry wilt caused by Verticillium dahlia,” in
Annals of Applied Biology, Vol.92, no.3, pp.347-357, 1979.
[CrossRef

Mahlein, A.K., Rumpf, T., Welke, P., Dehne, H.W., Plimer, L.,
Steiner, U. and Oerke, E.C., ‘‘Development of spectral indices for
detecting and identifying plant diseases” Remote Sensing of
Environment, Vol.128, pp.21-30, 2013. [CrossRef]

Nie, Xuan, Luyao Wang, Haoxuan Ding, and Min Xu. "Strawberry
verticillium wilt detection network based on multi-task learning and
attention," in IEEE Access 7, pp.170003-170011, 2019. [ CrossRef]

M. Dutot, L. M. Nelson, and R. C. Tyson, ‘‘Predicting the spread
ofpostharvest disease in stored fruit, with application to apples,”
PostharvestBiol. Technal., val. 85, pp. 45-56, Nov. 2013. [ CrossRef]
A.-K. Mabhlein et al., “‘Development of spectral indices for detecting
andidentifying plant diseases,”” Remote Sens. Environ., vol. 128, pp.
21-30,Jan. 2013. [CrossRef

L. Yuan, Y. Huang, R. W. Loraamm, C. Nie, J. Wang, and J.
Zhang,‘‘Spectral analysis of winter wheat leaves for detection and
differentiationof diseases and insects,”” Field Crops Res., vol. 156, no.
2, pp. 199-207,Feb. 2014. [CrossRef]

F. Qin, D. Liu, B. Sun, L. Ruan, Z. Ma and H. Wang,
“‘Identificationof alfalfa leaf diseases using image recognition
technology,”” in PLoSONE,vol. 11, no. 12, 2016. [CrossRef

Z. Chuanlei, Z. Shanwen, Y. Jucheng, S. Yancui, and C. Jia, ‘‘Apple
|eafdisease identification using genetic algorithm and correlation based
featureselection method,”” in Int. J. Agricult. Biol. Eng., vol. 10, no. 2,
pp. 74-83,2017.

S. Arivazhagan, R. N. Shebiah, S. Ananthi, and S. V. Varthini,
““Detection of unhealthy region of plant leaves and classification of
plant leafdiseases using texture features,”” Agricult. Eng. Int., CIGR J.,
vol. 15, no. 1,pp. 211-217, 2013.

S. B. Dhaygude and N. P. Kumbhar, ‘‘Agricultural plant leaf disease
detection using image processing,”’ Int. J. Adv. Res. Elect., in Electron.
Instrum.Eng., vol. 2, no. 1, pp. 599-602, 2013.

D. Al Bashish, M. Braik, and S. Bani-Ahmad, ‘‘Detection and
classfication of leaf diseases using k-means-based segmentation and
neuralnetworks-based classification,”” Inf. Technol. J., vol. 10, no. 2,
pp. 267-275,2011. [CrossRef

N

www.ijeat.or

Exploring Innovation


https://www.doi.org/10.35940/ijeat.A3857.1012122
https://www.doi.org/10.35940/ijeat.A3857.1012122
http://www.ijeat.org/
https://doi.org/10.1094/PDIS-04-20-0792-RE
https://doi.org/10.1094/PDIS-11-17-1730-FE
https://doi.org/10.1109/ACCESS.2020.3039345
https://doi.org/10.1109/JSEN.2020.3046295
https://doi.org/10.1109/JSEN.2021.3089722
https://doi.org/10.1094/PHYTO-97-7-0813
https://doi.org/10.1109/LRA.2016.2518214
https://doi.org/10.1080/00221589.1990.11516072
https://doi.org/10.1111/j.1744-7348.1979.tb03884.x
https://doi.org/10.1016/j.rse.2012.09.019
https://doi.org/10.1109/ACCESS.2019.2954845
https://doi.org/10.1016/j.postharvbio.2013.04.003
https://doi.org/10.1016/j.rse.2012.09.019
https://doi.org/10.1016/j.fcr.2013.11.012
https://doi.org/10.1371/journal.pone.0168274
https://doi.org/10.3923/itj.2011.267.275

22

23.

24.

25.

26.

27.

28.

29.

30.

31

32.

33.

34.

35.

36.

37.

38.

39.

41.

. K. Elangovan,

An Empirical Survey of Machine L ear ning-Based Plant Disease Prediction Models

P. Rajan, B. Radhakrishnan, and L. P. Suresh, ‘‘Detection and
classificationof pests from crop images using support vector machine,”’
in Proc. Int.Conf. Emerg. Technol. Trends, pp. 1-6, 2017. [CrossRef

T. Rumpf, A.-K. Mahlein, U. Steiner, E.-C. Oerke, H.-W. Dehne,
andL. Plimer, ‘‘Early detection and classification of plant diseases
withsupport vector machines based on hyperspectral reflectance,”
Comput.Electron. Agricult., val. 74, no. 1, pp. 91-99, 2010. [CrossRef
M. Islam, A. Dinh, K. Wahid, and P. Bhowmik, ‘‘Detection of potato
diseases using image segmentation and multiclass support vector
machine,”’in Proc. IEEE 30th Can. Conf. Elect. Comput. Eng.,
Apr./May 2017,pp. 1-4. [CrossRef

Jiang, P., Chen, Y., Liu, B., He, D. and Liang, C., “Real-time detection
of apple leaf diseases using deep learning approach based on improved
convolutional neural networks” in IEEE Access, no.7, pp.59069-
59080, 2019. [CrossRef

Abbas, A., Jain, S., Gour, M. and Vankudothu, S., “Tomato plant
disease detection using transfer learning with C-GAN synthetic
images,” in Computers and Electronics in Agriculture, vol.187,
pp.106279, 2021. [CrossRef

Mustafa, M.S,, Husin, Z., Tan, WK., Mavi, M.F. and Farook, R.SM.,
“Development of automated hybrid intelligent system for herbs plant
classification and early herbs plant disease detection,” in Neural
Computing and Applications, vol.32, no.15, pp.11419-11441, 2020.
[CrossRef

Panigrahi, Kshyanaprava Panda, Himansu Das, Abhaya Kumar Sahoo,
and Suresh Chandra Moharana, "Maize leaf disease detection and
classfication using machine learning agorithms," In Progress in
Computing, Analytics and Networking, pp. 659-669. Springer,
Singapore, 2020. [CrossRef

Zhang, Xihai, Y ue Qiao, FanfengMeng, Chengguo Fan, and Mingming
Zhang. "ldentification of maize leaf diseases using improved deep
convolutional neural networks." IEEE Access 6, pp.30370-30377,
2018. [CrossRef

Chohan, Murk & Khan, Adil&Chohan, Rozina& Hassan, Saif&
Mahar, Muhammad, “Plant Disease Detection using Deep Learning,”
in International Journal of Recent Technology and Engineering, no.9,
pp.909-914, 2020. [CrossRef]

Chen, J., Chen, J., Zhang, D., Sun, Y. and Nanehkaran, Y.A., “Using
deep transfer learning for image-based plant disease identification.
Computers and Electronics in Agriculture, vol.173, pp.105393, 2020.
[CrossRef

Yinmao Song; ZhihuaDiao; Yunpeng Wang; Huan Wang, "Image
Feature Extraction of Crop Disease", In Proceedings of the IEEE
Symposium on Electrical & Electronics Engineering (EEESYM), 24-
27 June 2012. [CrossRef

Aliyu Muhammad Abdu; Musa MohdMokji; Usman Ullah Sheikh;
Kamal Khalil, "Automatic Disease Symptoms Segmentation Optimized
for Dissmilarity Feature Extraction in Digital Photographs of Plant
Leaves', In Proceedings of the |EEE 15th International Colloguium on
Signal Processing & Its Applications (CSPA), 8-9 March 2019.
FuzyYustikaManik, YeniHerdiyeni, Elis Nina Herliyana, "Leaf
Morphologica Feature  Extraction  of Digita Image
AnthocephalusCadamba’, Telecommunication computing Electronics
and control, vol.14, no.2, pp.630, June 2016. [CrossRef

"Agricultural Plant Leaf Disease Detection and Diagnosis Using Image
Processing Based on Morphological Feature Extraction™, IOSR Journal
of VLS| and Signal processing, 4(5):24-30, 2014. [CrossRef

Dwivedi, Rudresh, SomnathDey, Chinmay Chakraborty, and Sanju
Tiwari, "Grape disease detection network based on multi-task learning
and attention features," in IEEE Sensors Journal, 2021. [CrossRef
Karthik, R., M. Hariharan, SundarAnand, Priyanka Mathikshara, Annie
Johnson, and R. Menaka "Attention embedded residua CNN for
disease detection in tomato leaves." In Applied Soft Computing 86,
pp.105933, 2020. [CrossRef

Chen, Junde, Huayi Yin, and Defu Zhang. "A self-adaptive
classification method for plant disease detection using GMDH-Logistic
model" in Sustainable Computing: Informatics and Systems 28,
pp.100415, 2020. [CrossRef

Johannes, A., Picon, A., Alvarez-Gila, A., Echazarra, J., Rodriguez-
Vaamonde, S., Navgas, A.D. and Ortiz-Barredo, A., “Automatic plant
disease diagnosis using mobile capture devices, applied on a wheat use
case,” in Computers and electronics in agriculture, Vol.138, pp.200-
209, 2017. [CrossRef

"Plant Disease Classification Using Image
Segmentation and SVM Techniques ", International Journa of
Computational Intelligence Research, vol.13, no.7, pp.1821-1828,
2017.

DheebAlbashish, Maik Sh. Brak, and SuliemanBani-Ahmad,
"Detection and Classification of Leaf Diseases using K-means-based

Retrieval Number: 100.1/ijeat.A38571012122

DOI: 10.35940/ijeat.A3857.1012122
Journal Website: www.ijeat.org

42.

43.

45,

46.

47.

48.

49.

50.

51.

52.

53.

Segmentation and Neural-networks-based Classification”, Information
Technology Journal, vol.10, no.2, February 2011. [CrossRef]

J. G. A. Barbedo, "A novel algorithm for semi-automatic segmentation
of plant leaf disease symptoms using digital image processing”,
Tropical Plant Pathology 41(4):210-224, June 2016. [CrossRef
Nandhini, S. Aasha, RadhaHemaatha, S. Radha, and K. Indumathi.
"Web enabled plant disease detection system for agricultura
applications using WMSN," Wireless Personal Communications 102,
no. 2, pp.725-740, 2018. [ CrossRef

. Zhang, S., You, Z. and Wu, X., “Plant disease leaf image segmentation

based on superpixel clustering and EM algorithm,” Neural Computing
and Applications, Vol.31, no.2, pp.1225-1232, 2019. [ CrossRef
Venkataramanan, A., Honakeri, D.K.P. and Agarwal, P., “Plant disease
detection and classification using deep neural networks,” in Int. J.
Comput. Sci. Eng, 11(9), pp.40-46, 2019.

Akanksha, Eisha, Neergy Sharma, and Kama Gulati. "OPNN:
Optimized Probabilistic Neural Network based Automatic Detection of
Maize Plant Disease Detection,” In 2021 6th International Conference
on Inventive Computation Technologies (ICICT), pp. 1322-1328.
|EEE, 2021. [CrossRef

Sabrol, H. and Kumar, S., “Plant leaf disease detection using adaptive
neuro-fuzzy classification,” In science and information conference,
Springer, pp. 434-443, 2019. [CrossRef]

Sowmyalakshmi, R., Jayasankar, T., Pilllai, V.A., Subramaniyan, K.,
Pustokhina, 1., Pustokhin, D.A. and Shankar, K., “An Optimal
Classification Model for Rice Plant Disease Detection,” CMC-
COMPUTERS MATERIALS & CONTINUA, no.2, pp.1751-1767,
2021. [CrossRef

Shah, D., Trivedi, V., Sheth, V., Shah, A. and Chauhan, U., “ResTS:
Residual deep interpretable architecture for plant disease detection,” in
Information Processing in Agriculture, 2021. [CrossRef]

Prashanthi, V. and Srinivas, K., “Plant disease detection using
Convolutional neural networks,” in International Journal of Advanced
Trendsin Computer Science and Engineering, 2020. [CrossRef

Liang, Q., Xiang, S, Hu, Y., Coppola, G., Zhang, D. and Sun, W.,
“PD2SE-Net: Computer-assisted plant disease diagnosis and severity
estimation network,” in Computers and electronics in agriculture,
Vol.157, pp.518-529, 2019. [CrossRef]

Cristin, R., Kumar, B.S., Priya, C. and Karthick, K., “Deep neural
network based Rider-Cuckoo Search Algorithm for plant disease
detection,” in Artificial intelligence review, Vol.53, no.7, 2020.
[CrossRef

Geetharamani, G. and Pandian, A., “Identification of plant leaf diseases
using a nine-layer deep convolutional neural network, ” Computers &
Electrical Engineering, 76, pp.323-338, 2019. [ CrossRef]

AUTHORSPROFILE

Ms. Smita Sankhe, PhD Scholar of Computer Science
and Engineering from Kalinga University Raipur. Sheis
working as Assistant Professor in the department of
Computer Engineering. She has 15 years of teaching
experience in Technica Institutes. She has more than 20
research publications in National and International
L conferences and journals. Her research interests include

Machine Learning, Deep Learning, Artificia Intelligent, soft computing,
Analysis of Algorithms and Programming.

Dr. Guddi Singh is a Faculty at Kalinga University.
She has a PhD in Computer Science with 20 years of
teaching experience. For reputable universities
computer science programs, she assesses examinations.
Sheisan expert in DRC, RDC, at the University, and as
a research guide, she supervises Ph.D. UG, PG

candidates of IT and CS. She has over 20+ research publications in
National and International conferences and journas. She is Research
Member a University's CIF lab. Her professiona affiliations include
IAENG, ICSE and IFERP. She has authored 7 books on computer science
published by Educational Publishers and one Patent.

Published By:
Blue Eyes Intelligence Engineering
and Sciences Publication (BEIESP)
109 © Copyright: All rights reserved.

N

www.ijeat.or

Exploring Innovation


https://www.doi.org/10.35940/ijeat.A3857.1012122
https://www.doi.org/10.35940/ijeat.A3857.1012122
http://www.ijeat.org/
https://doi.org/10.1109/ICETT.2016.7873750
https://doi.org/10.1016/j.compag.2010.06.009
https://doi.org/10.1109/CCECE.2017.7946594
https://doi.org/10.1109/ACCESS.2019.2914929
https://doi.org/10.1016/j.compag.2021.106279
https://doi.org/10.1007/s00521-019-04634-7
https://doi.org/10.1007/978-981-15-2414-1_66
https://doi.org/10.1109/ACCESS.2018.2844405
https://doi.org/10.35940/ijrte.A2139.059120
https://doi.org/10.1016/j.compag.2020.105393
https://doi.org/10.1109/EEESym.2012.6258689
https://doi.org/10.12928/telkomnika.v14i2.2675
https://doi.org/10.9790/4200-04512430
https://doi.org/10.1109/JSEN.2021.3064060
https://doi.org/10.1016/j.asoc.2019.105933
https://doi.org/10.1016/j.suscom.2020.100415
https://doi.org/10.1016/j.compag.2017.04.013
https://doi.org/10.3923/itj.2011.267.275
https://doi.org/10.1007/s40858-016-0090-8
https://doi.org/10.1007/s11277-017-5092-4
https://doi.org/10.1007/s00521-017-3067-8
https://doi.org/10.1109/ICICT50816.2021.9358763
https://doi.org/10.1007/978-3-030-17795-9_32
https://doi.org/10.32604/cmc.2021.016825
https://doi.org/10.1016/j.inpa.2021.06.001
https://doi.org/10.30534/ijatcse/2020/21932020
https://doi.org/10.1016/j.compag.2019.01.034
https://doi.org/10.1007/s10462-020-09813-w
https://doi.org/10.1016/j.compeleceng.2019.04.011

