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Abstract: Plant diseases primarily affect society and farmers. Cotton plant diseases have become more complex for cotton farmers and
may cause massive damage. Identifying cotton plant diseases in the early stages dramatically impacts the prevention of conditions for
plants. Based on living organisms, various diseases cause damage to cotton plants or crops; the other name for this is pathogens when
they infect plants. Many state-of-art algorithms failed to detect and recognize cotton plant diseases in the early stages. The most widely
used deep learning (DL) domain to find accurate patterns belongs to cotton plant diseases, including bacterial blight, Bacteria,
Phytoplasmas, Viruses, leaf curl, and viroids. This paper describes a advanced Learning model to find the specific leaf curl disease or
illness in the early stages—ResNet50 is used as a training model to train the cotton plant disease datasets. Image filters remove noise
from the input images to improve the disease detection rate. The dataset is the Cotton Dataset collected from the UCI repository. The
comparison between the traditional algorithms and ADL is shown in this paper and analyzes the performance.
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1. Introduction is to make cloths. Based on the cotton crop, the textile

Agriculture is one of the significant economic resources
in India. India is also called the land of agriculture.
Farmers may select any crop and find the relevant
pesticides to reduce diseases and increase crop
production [1]. A continuous monitoring system is
required to increase crop production to detect plant
diseases and prevent steps—diagnosis of plant diseases
based on the morphology and other significant factors on
the leaves. Visual testing of plants is more critical, which
is done by an expert biologist; this may overcome the
misdiagnosis of plant diseases and reduce the
considerable loss of yield. Continuous monitoring of
plant diseases with a specialist biologist is most
expensive, but this prevents the spreading and
transmission of disease fastly [2]. Artificial intelligence
(Al) plays a significant role in complex applications and
is integrated into the ML and DL algorithms to find
accurate and large patterns. ML and DL algorithms
increase plant disease prediction accuracy based on
many designs. Deep Learning is one of the significant
domains that can better classify disease patterns with the
help of multiple layers [3]. Cotton crops became more
significant to the farmers, which provided a massive
economy to the farmers. The primary use of cotton crops
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industry grew. Preventing the cotton plants' diseases and
improving cotton production have more economic
impact. Generally, the symptoms of cotton plant diseases
are in the form of colored spots identified on the leaves
or stems of the plants. Cotton plant diseases are caused
by using fungi, bacteria, and viruses. Existing models
can be applied to detect these colored spots, but the
existing model not shows accurate disease detection.

Several DL algorithms focused on detecting and
recognizing plant diseases belonging to various plants.
Conditions are different, and every plant is affected by
specific diseases [4]. The DL algorithms find an accurate
model to detect particular illnesses based on the patterns
[5]. This paper mainly focused on filtering the input
images. Mean filtering is the technique used in this paper
to remove the noise from the input plant images [6].
ResNet50 is the pre-trained model used to train plant
diseases called Residual Networks. This model contains
many layers that can train on any dataset, such as disease
detection, sentiment analysis, and other fields. This paper
proposed a combined approach that detects and
recognizes the plant-infected regions by highlighting
them with red. ResNet50 model trains the plant village
images based on the features of the dataset input images.
Attributes include image size, shape, format, and type.
To detect and remove the noise from input images, the
Laplace noise filter and Region based segmentation
combined with the CNN model gives the accurate
infected  regions  with  disease  classification.
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Fig 1: Basic Steps for Plant Disease Detection

2. Literature Survey

D. Das et al. [7] proposed the ML-NN to detect and
recognize plant diseases. ML-NN model also extracts the
large annotated dataset, which is transferable. The
proposed model combined feature extraction and
classification based on two levels: training and testing. In
the training stage, the features are captured based on the
low-dimensional differential space. The testing stage
uses the variance of every class. Mahalanobis distance
method used to classify plant diseases. Thus this
approach achieved a better disease detection rate. V.
Singh et al. [8] discussed various current trends in
detecting plant diseases using several advanced imaging
models. The author mainly focused on detecting diseases
based on the significant factors impacting plant disease
detection. H. Nazki et al. [9] introduced the Adaptive Re-
construction Generative Adversarial Networks (AR-
GANs) model that translates the plant disease patterns
used for classification. The synthetic dataset used for the
experiments is based on the proposed model. The
classification accuracy is improved (+5.2%) compared
with the existing model. H.-Y. Wu et al. [10] introduced
the DL model, which detects tea leaf diseases. The
proposed model is a combination of the VGG19 and
CNN models. This approach achieved better results
compared with state-of-art algorithms.

U. P. Singh et al. [11] developed the Multilayer CNN
(M-CNN) introduced for classifying infected mango
leaves. The Kaggle dataset used for experiments contains
1070 mango tree leaf images. The dataset consists of two

types of leaves, such as healthy and infected leaves. Thus
the proposed approach obtained a tremendous accuracy
compared with existing models. S. S. Chouhan et al. [12]
introduced the integrated system called BRBFNN for
finding accurate plant disease detection. The infected
regions detected by a part-growing algorithm are used to
find the exact areas. The proposed model classifies the
fungal diseases based on the color spots. The proposed
approach attains high accuracy and classification of plant
diseases. Q. Wu et al. [13] introduced DCGAN used to
recognize plant diseases. To increase the performance of
the disease detection rate, thus DCGAN shows the
accurate infected regions. DCGAN can apply to large
and complex datasets. B. Liu et al. [14] proposed
generative adversarial networks (GANS) to classify grape
leaves based on diseases. This approach applies to large
datasets of 4,062 grape leaf disease images. GAN
combined with Frechet inception distance (FID) to get
better results. K. Nagasubramanian et al. [15] proposed
the DL model that classifies the eight several soybean
stresses. The dataset comprises 16,573 RGB images of
healthy and emphasized soybean leaflets under
challenging conditions. The proposed approach classifies
the soybean leaves based on their features. Thus this
approach gives accurate results. C. Bi et al. [16]
proposed a combined system consisting of various CNN
models. CNN approach combined with advanced models
gives the apple leaf diseases. Thus CNN approach
achieved better accuracy compared with state-of-art
models.
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Table 1: Summary of work done using CNN technique

Authors Methods Used Plants Performance
Apple, Blueberry, GoogLeNet
Cherry, Corn, o
Grapes, Orange accuracy-85.53% to
[18] CNN ' ' 99.34%
Peach, Potato,
AlexNet accuracy-
Strawberry, Tomato
. 98.21
(Dicots)
. Accuracy-95.48%
[19] Deep-CNN Rice (Monocot) and 93.29%
. . Inception v3-88.6%,
[20] CNN with GANs Multiple Plants MobileNets-92%
Apple, Blueberry,
CNN with different | O Cabbage, ooy ey 97.269-
[21] . Cassava, Cherry,
architecture 99.47%
Peach, Strawberry,
Tomato (Dicots)
Potato, tomato
[22] CNN and (Dicots) maize Accuracy-100%
autoencoders
(monocots)
Modified
MobileNet-97.65%,
Distinct plants Reduced MobileNet-
[23] CNN including Tomato 98.34%
and MobileNet-
98.65%.

(a) (b)

(©) (d)

Fig 2: (a) Angular leaf spot, (b) vascular wilt, (c) grey mildew, (d) anthracnose, (e) root rot.

3. Pre-Trained Model
A. ResNet-50

The other name for ResNet is Residual Neural Network.
ResNet-50 consists of 50 deep layers. This model
contains various residual blocks that process the input
images. The residual blocks used to increase the
accuracy of the proposed model. In these blocks, the
plant disease features are analyzed and extract the
features of the plant diseases are. The skip connections
are placed at the residual blocks and increase the power
of the neural network. This model can also learn the
identity function. In other words, the skip connections
add more outputs from the previous layers trained with
deeper networks. Thus this can be used as a pre-trained
model for the plant disease datasets.

B. Laplacian Noise Filter

Laplacian operator noise filters play a significant role in
removing the noise from the input plant images. Noise
filters will reduce the noise, sharpening, and edge
detection. This paper uses a Laplace filter to remove the
image's noise. The smoothing technique also finds the
edges of the input plant image. This operator gives the
abnormalities in the gray level. The Laplacian operator is
a second spatial derivation of the extracted input image.
The Laplacian operator represents:
0%f 0%*f

Laplace (f) = — +

ax2 T ay2 1

C. Region Based Segmentation

Region-based segmentation (RBS): This segmentation
model divides the input plant images into unique
segments. The regions consider components that find
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high-intensity pixels that detect abnormal areas. Based
on the seed points, the locations are recognized. RBS
helps the CNN for better classification. After the noise
filter step, RBS measures and gather the intensity, color
Etc. Threshold plays a significant role in finding
abnormal regions by using RBS. Equation 2 used to
measure the maximum and minimum values of image
intensity.

[Xmax — Xmin| <= Threshold  (2)
D. Advanced Deep Learning Algorithm (ADL)

In Deep Learning (DL), RBFNs are the neural network
based on the feed-forward (FF) approach and make
utilization of radial functions as activation functions.
This model contains three layers input layer, hidden
layer, and output layer. RBFN mainly focused on
measuring the plant disease abnormalities from the
training set. This generally presents the input vector
which sustains the data to the input layer by approving
the identification of results by comparing the previous
datasets. The neurons in the input have efficient nodes

Input Layer
with Size N;

center x;

P>
center x,

that efficiently classify the data based on class. All the
neurons are present in the hidden layer and connected
with the input layer. Gaussian transfer functions are part
of the hidden layer. Thus the following layers are as
follows:

Input layer: This consists of N; nodes from the source,
where N; is the range of input vector v.

Hidden Layer: In this layer, the count values are
computed by comparing the training attributes, which is
M. Every attribute in this divided with RBF.

o) = (p(||v - vj||), Wherej=1,2,....,N (2)

Equation 2 represents the following variables such that,
the j™ point is the input vector,

Output Layer: In this layer, there is no limit for the
output layer. The size of the output layer is very shorter
than the hidden layer. In the hidden layer, the RBF is
used in every computation attribute.

pi(v) = —-vj) (3)

Output Layer
with Size 1

Hidden Layer
with Size N

Fig 3: Structure of RBF

E. Dataset description and Experimental Results

The cotton plant dataset contains 2384 cotton leaves
divided into seven types of classes (Healthy, Leafspot,
Nutrient Deficiency, Powdery mildew, Target spot,
Verticillium Wilt, and Leaf curl). These images are
collected from Matiari city from pakistan. These images
are captured in the morning, afternoon, evening. The

pixels of the images are 3120 x 4160. A confusion
matrix is applied to analyze the model performance for
the testing set data. This also initializes the true values
for the testing data. This is also called an error matrix if
the model shows the errors. The true and false values of
the model are given in performance metrics section.
Figure 3 shows the plant leaf images from dataset.

International Journal of Intelligent Systems and Applications in Engineering

IJISAE, 2024, 12(2s), 188-194 | 191



W AR

a) Healthy b) Leaf spot c) Nutrient Deficiency

) Verticillium Wilt

g) Leaf curl

Fig 4: Cotton Plant Dataset Diseases [17]

F. Performance Evolution - TP
P =
recision TP + FP
The performance of models are analyzed by using the . -
p. A y 4 g Accuracy: The model accuracy is identified.
following count values given in below table
2 _ TP +TN
CCUraY = TP+ TN + FP + FN
True Positive (TP) True Negative (TN) Recall: The overall TPs are identified.
TP
False Positive (FP) | False Negative (FN) Recall = 75—
Specificity: The overall false values are correctly
identified.
TP: The predicted value is true, and it is true.
o No of TN
TN: The predicted values is no and it is false. Specificity = - of TN + No of FP
FP: The predicted values is yes, originally it is not true. F1-Score:  This measure the coherence mean of

o » which is incorrectly classified cases than the Accuracy.
Precision: The total positives measured from the overall

positives give precision. F1 — Score = 2 % (Precision * Recall)

(Precision + Recall)

Table 1: Comparison table with performance metrics

Algorit | Precis | Accur | Rec | Specifi Fl-

. . Scor
hms ion acy all city o
CNN 93.21 | 92.23° 20'4 93.89 94.9
ALM 97.45 | 98.45 36'8 98.67 28'4
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Fig 5: Comparative Performance

4, Conclusion

This paper describes the advanced learning model
(ALM) developed to overcome various issues in cotton
plant disease detection. MF is the automated approach
that detects and recognizes the specific disease from the
input images. MF classification based on healthy and
disease-infected leaf images. The image filters are most
widely used to improve the MF's performance by
removing the image's noise. The pre-trained model
ResNet50 trains the plant disease dataset images, extracts
the disease images' features and detects the infected
regions. The proposed model achieved an accuracy of
98.45%; precision is 97.45%; Recall is 96.89%;
specificity is 98.67%, and F1-Score is 98.45%.

References

[1] K. Rangarajan, R. Purushothaman, and A. Ramesh,
"Tomato crop disease classification using pre-
trained deep learning algorithm,” Procedia
Computer Science, vol. 133, pp. 1040-1047, 2018.

J. G. Arnal Barbedo, "Plant disease identification
from individual lesions and spots using deep
learning," Biosystems Engineering, vol. 180, pp.
96-107, 2019.

(2]

[3] S. P. Mohanty, D. P. Hughes, and M. Salathe,
"Using deep learning for image-based plant disease
detection,” Frontiers of Plant Science, vol. 7, 1419

pages, 2016.

[4] L. Quan, H. Feng, Y. Lv et al., "Maize seedling
detection under different growth stages and
complex field environments based on an improved
Faster R-CNN," Biosystems Engineering, vol. 184,

pp. 1-23, 2019.

[5] Y. Yu, K. Zhang, L. Yang, and D. Zhang, "Fruit
detection for strawberry harvesting robot in non-
structural environment based on Mask-RCNN,"
Computers and Electronics in Agriculture, vol. 163,

Article ID 104846, 2019.

[6] J. G. A. Barbedo, "Factors influencing the use of
deep learning for plant disease recognition,"

Biosystems Engineering, vol. 172, pp. 84-91, 2018.

[7] D.DasandC.S. G. Lee, "A two-stage approach to
few-shot learning for image recognition,” IEEE
Trans. Image Process., vol. 29, no. 5, pp. 3336—

3350, Dec. 2020.

[8] Singh, N. Sharma, and S. Singh, "A review of
imaging techniques for plant disease detection,"
Artif. Intell. Agricult., vol. 4, pp. 229-242,0ct.

2020.

Nazki, S. Yoon, A. Fuentes, and D. S. Park,
"Unsupervised image translation using adversarial
networks for improved plant disease recognition,”
Comput. Electron. Agricult., vol. 168, Jan. 2020,
Art. no. 105117.

[9]

[10] H.-Y. Wu, "Identification of tea leaf’s diseases in
natural scene images based on low shot learning,"
M.S. thesis, Dept. Inf. Eng., Anhui Univ.,Hefei,

China, 2020.

[11] U. P. Singh, S. S. Chouhan, S. Jain, and S. Jain,
"Multilayer convolution neural network for the
classification of mango leaves infected by
anthracnose disease,” IEEE Access, vol. 7, pp.

43721-43729,2019.

[12] S. S. Chouhan, A. Kaul, U. P. Singh, and S. Jain,
"Bacterial foraging optimization based radial basis
function  neural network (BRBFNN) for
identification and classification of plant leaf
diseases: An automatic approach towards plant
pathology,” IEEE Access, vol. 6, pp. 8852-8863,

2018.

[13] Q. Wu, Y. Chen, and J. Meng, "DCGAN-based
data augmentation for tomato leaf disease
identification,” IEEE Access, vol. 8,pp. 98716—
98728, 2020.

[14] Liu, C. Tan, S. Li, J. He, and H. Wang, "A data
augmentation method based on generative
adversarial networks for grape leaf disease

International Journal of Intelligent Systems and Applications in Engineering

IJISAE, 2024, 12(2s), 188-194 | 193



[15]

[16]

[17]

[18]

[19]

[20]

[21]

identification,” IEEE Access, vol. 8, pp. 102188
102198, 2020.

K. Nagasubramanian, A. K. Singh, A. Singh, S.
Sarkar, and B. Ganapathysubramanian, "Usefulness
of interpretability methods to explain deep learning
based plant stress phenotyping,” Comput. Sci., vol.
4, pp. 18-32, Jul. 2020.

Bi, J. Wang, Y. Duan, B. Fu, J.-R. Kang, and Y.
Shi, "MobileNet based apple leaf diseases
identification," Mobile Netw. Appl., vol. 10, pp. 1-
9, Aug. 2020, doi: 10.1007/s11036-020-01640-1.

Memon, M.S.; Kumar, P.; Igbal, R. Meta Deep
Learn Leaf Disease Identification Model for Cotton
Crop. Computers 2022.

S. Mohanty, D. Hughes, M. Salathe, (2016), “Using
Deep Learning for Image-Based Plant Disease
Detection,” Frontiers in Plant Science, Volume 7,
Article 14109.
https://doi.org/10.3389/fpls.2016.01419

Y. Lu, S. Yi, N. Zeng, Y. Liu, Y. Zhang,
“Identification of rice using deep
convolutional neural networks,” Neurocomputing
267 (2017) 378-384.
https://doi.org/10.1016/j.neucom.2017.06.023

R. Gandhi, S. Nimbalkar, N. Yelamanchili and S.
Ponkshe, "Plant disease detection using CNNs and
GANSs as an augmentative approach,” 2018 IEEE
International Conference on Innovative Research
and Development (ICIRD), Bangkok, 2018, pp. 1-
5. DOI: 10.1109/ICIRD.2018.8376321.

Ferentinos, K. P. (2018), “Deep learning models for
plant disease detection and diagnosis,” in

diseases

[22]

[23]

[24]

[25]

[26]

Computers and Electronics in Agriculture. Vol.
145, pp. 311-318.
https://doi.org/10.1016/j.compag.2018.01.009.
Khamparia, G. Saini, D. Gupta, A. Khanna, S.
Tiwari, V.H.C. Albuquerque, (2019), “Seasonal
crops disease prediction and classification using
deep convolutional encoder network,” Circuits,
Systems, and Signal Processing, 39, 818-836.
https://doi.org/10.1007/s00034-019-01041-0.
Kamal, K.C., Zhendong Yin, Mingyang Wu, and
Zhilu  Wu, (2019), "Depthwise Separable
Convolution  Architectures for Plant Disease
Classification" Computers and electronics in
agriculture,
https://doi.org/10.1016/j.compag.2019.104948

G A K S .,S B ., MB.. &M, P..(2023).
Power Consumption and Carbon Emission
Equivalent for Virtualized Resources — An
Analysis: Virtual Machine and Container Analysis
for Greener Data Center. International Journal on
Recent and Innovation Trends in Computing and
Communication, 11(1), 110-116.
https://doi.org/10.17762/ijritcc.v11i1.6057

Mr. Ather Parvez Abdul Khalil. (2012). Healthcare
System through Wireless Body Area Networks
(WBAN) using Telosb Motes. International Journal
of New Practices in Management and Engineering,
1(02), 01 - 07. Retrieved from
http://ijnpme.org/index.php/IINPME/article/view/4
Pandey, J.K., Ahamad, S., Veeraiah, V., Adil, N.,
Dhabliya, D., Koujalagi, A., Gupta, A. Impact of
call drop ratio over 5G network (2023) Innovative
Smart Materials Used in Wireless Communication
Technology, pp. 201-224.

International Journal of Intelligent Systems and Applications in Engineering

IJISAE, 2024, 12(2s), 188-194 | 194



