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Abstract:

Onion crop production is highly affected by diseases such as purple blotch, rust and smut,
white tip disease, and downy mildew that affect foliage. The bulbs are often affected by the
onion fly, white rot, stem and bulb eelworm, and neck rot. Agricultural information and deep
learning are used for quick and accurate diagnosis of diseases in onion plants in this
research. An automatic crop monitoring system with an imaging technique is presented
where the onion field images are captured periodically for constructing the field monitoring
system. The disease symptoms are detected by training the deep neural network model, and
the petformance of the proposed system is compared with the existing systems. The
abnormalities observed in the plant are used for detecting the disease using the forward
chaining approach in the proposed system in a real-time environment. The field monitoring
system comprises an image logging module, a wireless transceiver, a motor system, and a
camera. The deep learning model is trained with a limited amount of infected and healthy
onion crops. The ambiguous boundary is used for the primary identification of crop disease
symptoms. The proposed model provides a classification accuracy of 96.84% with faster
speed when compared to the conventional techniques due to the fewer features used.

Keywords: Neural networks, Deep learning, Farming automation, Transfer learning, Feature visualization, Onion

plants, Disease detection.

1. INTRODUCTION

Human sustenance is mainly dependent on
agriculture. There has been a consistent increase in
the cultivation area per farmer recently, leading to
challenges in effective crop management. Several
farming components and techniques have been
computerized over recent years, leading to higher
quality and faster production. Automatic monitoring
techniques are used in farmlands to manage crop
cultivation effectively. The efficiency of the farming
processes must be improved to meet the growing
demands. The domestic income of several countries
is dependent on farming and agriculture. India,
Indonesia, Pakistan, Bangladesh, Afghanistan,
Turkey, Iran, and other such agricultural nations and
their economy are primarily impacted by the growth
and quality of the crop. Agricultural productivity
defines the economy of such countries [1]. Onion
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(Allium cepa L. is the world’s second-largest
consumed vegetable and is economically valuable.
The global market faced a fall in onion prices in
February 2020. The trade in India and China, the
major onion-producing countries, was affected
during Covid19. The onion harvest in Mexico is split
into fall and spring, lasting from August to January
and March to June [2]. This impacts the demand and
supply in America due to the export situation. With
no anomalies in weather, there has been a consistency
in the cultivation of onions in the United States. With
increasing cargo charges, several challenges are faced
while moving the product across countries [3].

The onion crop primarily benefits the sustenance of
human life. It can be dried and stored for
consumption at a later stage when availability is
scarce [4]. Onion is used for stimulating hair
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regrowth, anti-ageing, anti-diabetic, antiseptic for
insect bites, lessening the occurrence of cancer and
lowering blood pressure. Over 99 million tons of
onion are produced globally, of which India
contributes 22.83%, ranked second in global onion
production [5]. 25-30 cm seedling gap in flatbed rows
and 10-12 cm in fields are provided while cultivating
onions. A 10-15 cm gap is given between the rows to
generate huge bulbs. To maintain weed-free fields,
shallow cultivation and hoeing techniques are
followed [6]. Onion planting is often performed by
three distinct techniques, namely, planting sets that
can be cultivated by the grower from seeds, planting
in a seedbed and moving the plants to a field
subsequently and planting seeds in the field directly
for the crops to mature [7]. The transplanting
technique is commonly used for eatly production.

Efficient management of the large-scale cultivation
areas is crucial with the increase in demand for onion.
Reduction of the labor force, global warming, crop
diseases and several other factors have caused a
setback in the management of crops and farmlands.
Disease damage has caused a yield loss of over 50%
[8], due to which monitoring the growth and disease
in onion plants are crucial to minimize yield loss and
prevent disease damage. Visual observation and
manual monitoring were performed to identify
diseases in onion crops conventionally [9]. However,
when the area per worker is large, this technique is
inefficient and prone to error. Hence, the
conventional technique is replaced with the
development of an automated, image-based crop
disecase monitoring and observation system [10].
With the advancements in image processing
technology and computer vision system, there has
been a massive development in machine learning
approaches that can automatically recognize several
aspects of images similar to human eyes. Deep neural
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network (DNN) layer and hierarchical learning
approaches of deep-learning (DL) technology [11]
are the most effective in visual recognition,
autonomous driving, medical applications, multi-
image cued story generation, image captioning and
several such tasks that involve big data and complex
analysis [12-15].

Speech and language detection systems, visual
recognition and several other systems rapidly adapt
the deep learning technology due to its impressive
performance and considerable research advances
[16]. Several domains have not considered the use of
DNN due to the lack of availability of public datasets.
Hence, there is a vast scope for several new research
avenues in this domain. Several deep-learning issues,
potential solutions and hardware options for plant
disease detection and classification that are currently
available are discussed here. Several zettabytes of
plant leaf datasets are available, and several petabytes
of data are included daily. This data had to be labelled
with human assistance primarily. However, instantly
available labels and supervised learning techniques
help classify these large datasets easily [17]. With the
increased data size and complexity, unsupervised
learning techniques offer a reasonable solution.
Further revision of the current deep learning models
is necessary to address issues like data sparsity,
missing data, and missing data [18]. Research in deep
learning techniques addresses issues such as
incomplete,  heterogeneous,  high-dimensional,
unlabeled and low-sample datasets. DNN operates as
an inbuilt doubting black box, which motivates the
use of unsupervised data in an efficient manner [19].
Noisy and messy data can be handled effectively with
several enhanced deep-learning models. The other
important challenges for the deep learning models
include exploding and vanishing gradients.

Table 1: Distribution of onion plants and PDI among vatious regions of Tamil Nadu

S. No. District Location Plantation area PDI
1 Madurai Palamedu 256 acres 43.86
2 Theni Andipatti 54 acres 39.85
3 Dindigul Ottanchathiram 104 acres 40.76
4 Coimbatore Navakkarai 42 acres 45.63
5 Salem Vazhapadi 64 acres 37.65

The plant disease index (PDI) among vatious regions
of Tamil Nadu where onion is planted is surveyed
and presented in table 1. These diseases can be
avoided and arrested in onion plants if early detection
and targeted delivery of pesticides can be performed.
However, it is challenging for the farmers to do this
on large farms.Hence, automation plays a major role
in such scenarios. This paper proposes an efficient
and accurate deep-learning model for detecting
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diseases in onion crops. A dataset is created with over
5000 images to train and test the model. Several pre-
processing and training methods are used to improve
classification accuracy. This system also helps
forecast diseases in onion crops along with early
detection of the symptoms of suspected diseases,
thereby minimizing yield loss caused by infection.
The image-based crop monitoring system is
automated and consistent.
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1. LITERATURE REVIEW

Over recent years, several CNN architectures have
been developed for identifying diseases in crops
based on images. Cascading approach is used in deep
learning networks, where each layer computes the
gradients or derivatives [20]. There is an exponential
increase or decrease of derivatives at each layer.
While dealing with the vanishing or exploding
gradients, weights increase or reduce based on the
gradients. This helps in decreasing the cost function
errors. Another commonly observed issue in deep
learning models is overfitting. Additional neurons are
added to the deep learning networks for challenging
issues, making them more complex [21]. During data
training, the deep learning network provides more
adaptability to the process. However, due to the noise
and outliers, there is a possibility of overfitting in this
method. While working with real test data, the
prediction quality is reduced, and a delay occurs in
the training and testing time. In addition to the issue
of computational efficiency, achieving maximum
throughput while using the minimum volume of
resources is a challenge [22]. The current deep
learning frameworks need significant computational
resources to perform efficiently. This challenge can
be addressed with the use of reservoir computing
techniques. Offline training while working with
medium and large datasets, along with incremental
approaches, is another possible solution to this issue
[23].

ResNet and DenseNet structures are compared and
found to have the same accuracy levels [24].
However, the DenseNet can operate with lesser
parameters. Batch normalization, residual learning
and non-convolution layers are adopted to improve
the prediction phase of the CNN models by
researchers. The convolution filter size is reduced to

J. APPL. BIOANAL

reduce the computational time in these architectures.
Hence, compared to AlexNet and VGG, these
techniques offer smaller filters [25]. In some
scenarios, the dual-stage object detection algorithm
RCNN is used [26]. A fully convolutional region
proposal network filters the ROl in the faster RCNN
models. The ROI pooling network receives the
filtered features and performs detection. Accurate
and fast extraction is ensured through this technique.
The ROI prediction is affected by the quantization
issue. A modified faster-RCNN model, the mask
RCNN, is used to overcome this issue [27]. This
system uses a ResNet—feature pyramid network
(FPN) framework. Enhanced semantic segmentation
and small object detection are enabled with the FPN
technique [28]. The pixel-to-pixel alignment replaces
the ROI pooling while considering all computational
values of the features.

A single stage object detection model called Yolo is
used to predict multiple classes from an input image
on a real-time basis without needing a pre-
determination process [29]. A cross-entropy function
replaces the SoftMax activation function in this
model, thereby enabling the detection of multiple
classes [30]. Feature extraction is made more robust
using this technique, similar to FPN. The darkNet-53
framework is used in this model, which makes it
faster than a Single Shot Detector (SSD) [31]. When
compared to the Yolo-v3, the RetinaNet offers better
performance. This model harnesses an FPN as a
backbone classifier. The cases missed during
classification are decreased, and the performance of
cross-entropy is enhanced by adding a tunable factor
in this model [32]. The most commonly used deep
learning approaches, the plant species on which they
are tested and the performance metrics are shown in

table 2.

Table 2: Comparison of deep learning approaches in plant disease identification

Reference | Deep Learning Dataset Plants/ Crop Estimated
Architecture Metrics
[33] GoogleNet PlantVillage Tomato, strawberry, soybean, 99.35%
squash, potato, raspberry, Classification
grape, peach, corn, cherry, bell Accuracy
peppet, blueberry, apple
[34] AlexNet PlantVillage Tomato 95.65%
Classification
Accuracy
[35] CNN Bisque Maize 96.7% Accuracy
platform of Cy
Verse
[36] LeNet PlantVillage Soybean 99.32%
Classification
Accuracy
[37] DCNN PlantVillage 14 different crops 97.22% Accuracy
[38] C-DenseNet WSRgrading Wheat 97.99% Accuracy
dataset
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2. PROPOSED WORK

A tailored system is designed as a computer program
to simulate-expert human problem-solving in a
disciplined or narrow domain. This system comprises
an end user interface (generating output, receiving
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information etc.). A search technique known as
forward chaining is incorporated in this proposed
work. This methodology works in such a manner that
it starts with known facts; if any of the facts matches
with the IF part of the IF-Then rule, that particular

input), machine conclusion (basic knowledge rule will be executed.
analysis) and knowledge base (its heuristics,
Data History
| User I Calculate the FE T —
walue of Symptom User
Symptom Information
proportion
Forward
Symptoms Chaining
Methodology Emphasis on

Output

1. Data about the Disease
Determination of
Solution

2. Result diagnosis

disease and
data to
provide
solution

N

Solution

Fig.1. Diagnosis of Onion with Expert System

Best First Search, Breadth-First Search (BFS) and
Depth-First Search (DFS) are some of the commonly
used search methodologies. On execution, this fact
will be added to the main database. Every time there
is a match, in fact, the process starts from the top
rule. It is possible to execute a rule only once. When
there are no more executable rules, the matching
process ends. Based on the input information, the
tracking comments and a conclusion is drawn. The
forward chaining method of the approach and the
rules that have been produced can be reviewed by
experts to be improved or modified to obtain better
results. Further, with the help of if-then rules, the
facts that match the if the section will enable building
the lines between input information and the
conclusion. To modify or improve the obtained
results, experts can review the proposed rules and
approaches with a forward chaining method.

The disease diagnosis process on the onion plants is
shown in Fig.1. The database is read to determine the
characteristics of the observed data, and a search
process is initiated. The user’s response must be
loaded onto the system based on the features

displayed. The following are some of the symptoms
displayed, along with the type of disease diagnosed.
® Gb5: The first step is to check G5 symptoms on
the leaves to detect three types of diseases, namely
P6, P2 and PI.
® Gl1: A check is done to detect G1 symptoms,
indicating P1 disease.
® G7: A check is done to detect G7 symptoms,
indicating the possibility of P2 disease.
® G9: A check is done to detect G9 symptoms,
indicating the possibility of P6 disease.
If the symptoms match any one of the above
characteristics telated to onion disease, the next
characteristics will be taken into consideration which
will further be diagnosed and based on the responses;
the disease will be identified. If the symptom is not
identified in the present database, information on the
characteristics of the new disease will be obtained
from the user. On the other hand, if the system has
identified the onion disease solution, the appropriate
remedies and conclusions will be displayed for the
uset.

Table 3. Onion Disease Symptoms

Code Symptom Code Disease
G1 Dwarf Plant P1 Nematodes root cultivation
G2 Leaf spots form a purple zone P2 Mosaic virus
G3 Leaf tip dries P3 Penicillium reeds
G4 Tubers rot P4 Dead shoots
G5 Tuber Tissue dies P5 Leaf spots cercospora
Go Leaves contain spotted curves P6 Anthracnose
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G7 Tissue on dead leaf spot P7 Leaf spots cercospora
G8 Spotted leaf round and elongated P8 Fake flour
G9 Leaf tips pale green spots P9 Purple blots

3.1Datasets:
In this proposed work, a data set comprises 17000
plant leaf images of different sizes obtained from 32
plants which are further categorized into 55 classes.
Both cluttered background and clean backgrounds
are used in the collected data set. Cluttered
background images include the full image of the plant
vitus isolated leaves in the uniform background is
considered for clean background images. Each class
carries 50 to 5500 images. There are three categories
into which the data set is further divided.

e Category 1 is made up of images with cluttered
backgrounds and has 16 classes. These images do
not include laboratory-conditioned images.

e Category 2 comprises both cluttered and clean
images and has 19 classes. The cluttered images
are used for testing, whereas the clean images are
used for training.

e Category 3 is made up of 15 classes of images that
are cluttered and clean.

Any data discrepancy is identified based on the
variation between the testing data and the training
data. To build a robust model, several data
augmentation processes were implemented in the
image datasets, such as shifts, rotations, random
crops, flipping and a combination of these
methods. The purpose of data augmentation is to
avoid training overfitting. Hence, it is important
to test the proposed work with a standard dataset
already available for use. The proposed model is
tested against CIFAR-10 and MNIST datasets.
The CIFAR-10 datasets are made up of about
60,000 images with 10 classes such that every class
holds 6000 images in 3x2 RGB format. It has
10,000 test images and 50,000 training images.
Here the classes are mutually exclusive. Similarly,
the MNIST datasets have a total of 60,000

training images and 10,000 test images with 10
classes of grayscale images with size 2x8.

3.2Benchmarking with standard datasets

The effectiveness of the CIFAR-10 and MNIST
datasets is evaluated as the first step. CIFAR-10 and
MNIST datasets have been used in machine learning
to benchmark computer vision algorithms. 70 to 250
epochs are used from Keras [39] training set to train
the network. In this work, all the networks are trained
afresh, and a batch size of 20 is used with a Stochastic
gradient descent optimizer along with 0.9 as
momentum. This methodology holds a learning rate
of 0.002 and a decay of 18 e- for each epoch. Data
augmentation takes place with real-time reading that
loop over data in batches.

3. RESULTS AND DISCUSSION

This research focuses on identifying diseases from
onion crop images using a deep learning model with
expert system. From the experimental results, it was
observed that the proposed method was able to show
an accuracy of 96.84% for 50 classes of the
considered model. It was also obsessed that another
model MobileNet could attain an accuracy of
94.06%. However, it is worth noting that these
models were still underperforming when compared
to VGG by Ferentinos in [40], which attained an
accuracy of 95.53%. Similatly, the proposed
methodology was also observed to outperform VGG
with an accuracy of 31.53% and GoogleNet using
transfer learning with an accuracy of 29.8% using the
dataset. Table 4 shows the comparison of test
accuracy and the number of parameters used for
comparison using various models.

Table4. Comparison of accuracy using thedataset

Model Test Accuracy Number of parameters
Proposed Model 96.84% 29
MobileNet 94.06% 31
VGG 95.53% 15
AlexNet 96.44% 30

Table 5 provides the comparison of the Proposed
Model, MobileNet, VGG and AlexNet in terms of
specificity, sensitivity, precision, recall and F1-Score.
It is evident that the proposed model outperforms
the conventional models in these aspects. Fig.2. and
Fig.3. shows the observed onion leaves under several
perspectives. To test and train the mode, there are
two types of images taken into consideration, images
with clear background and images with clustered
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background. It is easier to identify the disease present
in the leaf in images with clearer background wherein
only one leaf is taken into consideration. The leaf
image is first processed and then fed into the
database. A comparison of the features of the leaf is
made with that of the pre-defined database.
Accordingly, a prediction of the disease is made and
the user is questioned to further narrow down the
disease.
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Table5. Comparison of other parameters using thedataset
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Model Sensitivity Specificity Precision Recall F1-Score
Proposed Model 98.97 78.89 92.76 98.93 94.17
MobileNet 98.73 57.98 82.97 98.63 90.17
VGG 98.65 34.24 74.38 98.52 85.29
AlexNet 97.89 53.58 86.93 97.58 90.53

Number of pixels

@ (b)

Gray levels — Intensity, brightness

Fig. 4. (a) Original image and edge detection using Robert cross, Sobel-Feldman and Laplacian techniques, (b)
Histogram of the original image

Figure 4 shows the processing of the sample image
with Robert cross, Sobel-Feldman and Laplacian
edge detection techniques. The histogram of the
image is taken for further processing the image based
on the color scales. Figure 5 represents the
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classification percentage of the data model based on
the color features used and the histogram of the
image. Here, H represents the hue, S shows the
saturation and I is the intensity value. The highest
classification percentage observed is 98.6.
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Classification Percentage

100 {

Mosaic virus
Mematedes root
Penicillium reeds
Dead shoots
Leaf spots
Anthrancnose
Fake flour
Purple blots

Classification Percentage

20 4

HS
Color Features

I H3l

Fig. 5. Classification percentage of various diseases

4. CONCLUSION AND FUTURE SCOPE

A deep learning model is designed and developed in
this proposed methodology using forward chaining.
This methodology is used to identify and detect plant
diseases in an onion leaf to identify whether it is a
healthy or diseased plant. This accuracy of a
conventional CNN was matched with the separable
CNN model making it the apt model for embedded
devices. The proposed model attains a success rate of
96.84% with parameters considerably less than those
of the VGG model. Similatly, when compared to N-
Adam, Adam and SGD, it is found that the former
two have a better convergence rate. Thus, a trade-off
between computational cost and accuracy has
resulted in the proposed inexpensive model. Based
on the training and testing model, it is identified that
when images with less clarity and cluttered
background are considered, it will result in a higher
loss of accuracy. However, the drawback with the
proposed methodology is that implementation of this
methodology for a large database will prove to be a
difficult task. Future work is directed towards
improving the performance of the system using a
larger dataset and advanced feature extraction
techniques while overcoming the trade-off between
computational cost and accuracy.

Acknowledgement
I would like to acknowledge this manuscript has not
been published elsewhere.

Conflicts of interest
The authors do not have any conflicts of interest

Data Availability Statement

The data used to support the findings of this study
are available from the first author upon request
[Sahaya Sheela M, email id: hisheelu@gmail.com]

1018

Funding Statement
This study did not receive any funding in any form

References

1. M. Jhuria, A. Kumar, and R. Borse, “Image
processing for smart farming: Detection of
disease and fruit grading,” in 2013 IEEE Second
International Conference on Image Information
Processing (ICIIP-2013), 2013, pp. 521-526.

2. Singh, Anil Kumar, Ashutosh Upadhyaya, Sonia
Kumari, Prem K. Sundaram, and Pawan Jeet.
"Role of Agriculture in making India $5 trillion
Economy under Corona Pandemic
Circumstance: Role of agriculture in Indian
economy." Journal of AgriSearch 7, no. 2
(2020): 54-58.

3. Handi, F. (2018). A comprehensive overview of
onion production: worldwide and Turkey.
Journal of Agriculture and Veterinary Science,
11(9), 17-27.

4. Bahram-Parvar, Maryam, and Loong-Tak Lim.
"Fresh-cut onion: A review on processing,
health benefits, and shelf-life." Comprehensive
Reviews in Food Science and Food Safety 17,
no. 2 (2018): 290-308.

5.  Jadhav, V. G., P. P. Baviskar, D. T. Pathrikar,
and G. V. Bhosale. "Export petformance of
Onion in India." Pharma Innov 11 (2022): 428-
430.

6.  Elhami, Behzad, Mahmoud
GhasemiNejadRaini, Morteza Taki, Afshin
Marzban, and Mohsen Heidarisoltanabadi.
"Analysis and compatison of energy-economic-
environmental cycle in two cultivation methods
(seeding and transplanting) for onion
production (case study: central parts of Iran)."
Renewable Energy 178 (2021): 875-890.



Baskar K . et al.

7.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

Corgan, Joe N., and NachumKedar. "Onion
cultivation in subtropical climates." In Onions
and allied crops, pp. 31-47. CRC Press, 2018.
Harvey, C.A., Rakotobe, Z.L., Rao, N.S., Dave,
R., Razafimahatratra, H., Rabarijohn, R.H.,,
Rajaofara, H., Mackinnon, J.L., 2014. Extreme
vulnerability of smallholder farmers to
agricultural risks and climate change in
Madagascar. Philos. Trans. R. Soc B 369, 1-23.
Kim, Wan-Soo, Dae-Hyun Lee, and Yong-Joo
Kim. "Machine vision-based automatic disease
symptom detection of onion downy mildew."
Computers and Electronics in Agriculture 168
(2020): 105099.

Tirado-Ramirez, et al, "Identification and
virulence of Fusarium falciforme and Fusarium
brachygibbosum as causal agents of basal rot on
onion in Mexico." Canadian Journal of Plant
Pathology 43, no. 5 (2021): 722-733.

Saleem, Muhammad Hammad, Johan Potgieter,
and Khalid Mahmood Arif. "Plant disease
detection and classification by deep learning."
Plants 8, no. 11 (2019): 468.

Liu, Jun, and Xuewei Wang. "Plant diseases and
pests detection based on deep learning: a
review." Plant Methods 17, no. 1 (2021): 1-18.
Nagaraju, Mamillapally, and Priyanka Chawla.
"Systematic review of deep learning techniques
in plant disease detection." International journal

of system assurance engineering and
management 11, no. 3 (2020): 547-560.
Arsenovic, Marko, Mirjana  Karanovic,

SrdjanSladojevic, Andras Anderla, and Darko
Stefanovic. "Solving cutrent limitations of deep
learning based approaches for plant disease
detection." Symmetry 11, no. 7 (2019): 939.
Barbedo, Jayme Garcia Arnal. "Plant disease
identification from individual lesions and spots
using deep learning." Biosystems Engineering
180 (2019): 96-107.

Ferentinos, Konstantinos P. "Deep learning
models for plant disease detection and
diagnosis." Computers and electronics in
agriculture 145 (2018): 311-318.

Barbedo, Jayme GA. "Factors influencing the
use of deep learning for plant disease
recognition." Biosystems engineering 172
(2018): 84-91.

Guo, Yan, Jin Zhang, Chengxin Yin, Xiaonan
Hu, Yu Zou, ZhipengXue, and Wei Wang.
"Plant disease identification based on deep
learning algorithm in smatt farming." Discrete
Dynamics in Nature and Society 2020 (2020).
Brahimi, Mohammed, Marko Arsenovic,
SohaiblLaraba, SrdjanSladojevic,
KamelBoukhalfa, and Abdelouhab Moussaoui.
"Deep learning for plant diseases: detection and
saliency map visualisation." In Human and

1019

20.

21.

22.

23.

24.

25.

20.

27.

28.

29.

30.

J. APPL. BIOANAL

machine learning, pp. 93-117. Springer, Cham,
2018.

Turkoglu, Muammer, and DavutHanbay. "Plant
disease and pest detection using deep learning-
based features." Turkish Journal of Electrical
Engineering and Computer Sciences 27, no. 3
(2019): 1636-1651.

Hasan, Reem Ibrahim, SuhailaMohd Yusuf, and
Laith Alzubaidi. "Review of the state of the art
of deep learning for plant diseases: a broad
analysis and discussion." Plants 9, no. 10 (2020):
1302.

Saleem, Muhammad Hammad, Johan Potgieter,
and Khalid Mahmood Arif. "Plant disease
classification: A comparative evaluation of
convolutional neural networks and deep
learning optimizers." Plants 9, no. 10 (2020):
1319.

Abbas, Amreen, Sweta Jain, Mahesh Gour, and
Swetha Vankudothu. "Tomato plant disease
detection using transfer learning with C-GAN
synthetic images." Computers and Electronics
in Agriculture 187 (2021): 106279.
Vallabhajosyula, Sasikala,
VenkatramaphanikumarSistla, and Venkata
Krishna Kishore Kolli. "Transfer learning-based
deep ensemble neural network for plant leaf
disease detection." Journal of Plant Diseases
and Protection 129, no. 3 (2022): 545-558.

Wu, Yuhao. "lIdentification of maize leaf
diseases based on convolutional neural
network." In Journal of Physics: Conference
Series, vol. 1748, no. 3, p. 032004. 1OP
Publishing, 2021.

Cynthia, ShamseTasnim, Kazi Md Shahrukh
Hossain, Md Nazmul Hasan, Md Asaduzzaman,
and Amit Kumar Das. "Automated detection of
plant diseases using image processing and faster
R-CNN algorithm." In 2019 International
Conference on Sustainable Technologies for
Industry 4.0 (STI), pp. 1-5. IEEE, 2019.
Biswal, Biswajit, and Simien Chestnut.
"DeepTrac: Applying Artificial Intelligence in
Plant Disease Detection." In SoutheastCon
2022, pp. 233-236. IEEE, 2022.

Liu, Jun, and Xuewei Wang. "Tomato diseases
and pests detection based on improved Yolo V3
convolutional neural network." Frontiers in
plant science 11 (2020): 898.

Al-Amin, Md, Dewan Ziaul Karim, and Tasfia
Anika Bushra. "Prediction of rice disease from
leaves using deep convolution neural network
towards a digital agricultural system." In 2019
22nd International Conference on Computer
and Information Technology (ICCIT), pp. 1-5.
IEEE, 2019.

Zhong, Yong, and Ming Zhao. "Research on
deep learning in apple leaf disease recognition."



Baskar K . etal. J. APPL. BIOANAL

Computers and Electronics in Agriculture 168
(2020): 105146.

31. Sun, Xuewei, Guohou Li, Peixin Qu,
XiwangXie, Xipeng Pan, and Weidong Zhang.
"Research on plant disease identification based
on CNN." Cognitive Robotics 2 (2022): 155-
163.

32. Zhai, Deming, Ruifeng Shi, Junjun Jiang, and
Xianming Liu. "Rectified Meta-learning from
Noisy Labels for Robust Image-based Plant
Disease Classification." ACM Transactions on
Multimedia Computing, Communications, and
Applications (TOMM) 18, no. 1s (2022): 1-17.

33. Mohanty, S.P.; Hughes, D.P.; Salathé, M. Using
deep learning for image-based plant disease
detection. Front. Plant Sci. 2016, 7, 1419.

34. H.Durmus, E. O. Glnes and M. Kirct, "Disease
detection on the leaves of the tomato plants by
using deep learning," 2017 6th International
Conference on Agro-Geoinformatics, 2017, pp.
1-5.

35. DeChant, C.; Wiesner-Hanks, T.; Chen, S,
Stewart, E.L.; Yosinski, J.; Gore, M.A.; Nelson,
R.J.; Lipson, H. Automated identification of
northern leaf blight-infected maize plants from
field  imagery  using deep  learning.
Phytopathology 2017, 107, 1426—1432.

36. Wallelign, S.; Polceanu, M.; Buche, C. Soybean
Plant Disease Identification Using
Convolutional Neural Network. In Proceedings
of the Thirty-First International Flairs
Conference, Melbourne, FL, USA, 21-23 May
2018.

37. Nagaraju, M., and Priyanka Chawla. "Plant
Disease  Classification  using DCNN-19
Convolutional Neural Networks." In 2021 9th
International ~ Conference on  Reliability,
Infocom Technologies and Optimization
(Trends and Future Directions)(ICRITO), pp.
1-6. IEEE, 2021.

38. Mi, Zhiwen, Xudong Zhang, Jinya Su, Dejun
Han, and Baofeng Su. "Wheat stripe rust
grading by deep learning with attention
mechanism and images from mobile devices."
Frontiers in Plant Science 11 (2020): 558126.

39. Chollet, F., et al., 2015. Keras. https://keras.io.

40. Ferentinos, K. P. "Deep learning models for
plant disease detection and diagnosis.
Computers and Electronics in Agriculture.”
(2018): 311-318.

1020



