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ABSTRACT

Agricultural plant disease detection and classification is a critical task to ensure productivity and health of
the crops. Laboratory testing, visual inspection, and the use of technology such as imaging and machine
learning (ML) are different methodologies used for the detection and classification of plant disease in
agriculture. Visual inspection includes inspecting the appearance of the plant and symptoms like wilting,
abnormal growth, and discolouration. The ML algorithm can be used for the classification of various plant
diseases and trained to identify patterns in an image of diseased plants. This method could help researchers
and farmers to accurately and quickly recognize plant diseases and take necessary measures to control or
prevent them. This study develops an Artificial Bee Colony Optimization with Feature Fusion based
Agricultural Plant Disease Detection and Classification (ABCFF-PDDC) model. The presented ABCFF-
PDDC technique focuses on the detection of plant diseases via computer vision and feature fusion concepts.
In the presented ABCFF-PDDC technique, NestNet model is initially used for the background removal
process, i.e. segmenting the leaf regions in the image. Next, deep instance segmentation (DIS) is applied for
the segmentation of diseased leaf regions. For feature extraction, a fusion based feature extraction comprising
EfficientNet and residual network (ResNet101) model with Nadam optimizer is used. Finally, the ABC
algorithm with 1D convolutional neural network (1D-CNN) is used. The experimental analysis of the
ABCFF-PDDC model on benchmark plant disease dataset reported the betterment of the ABCFF-PDDC
technique in terms of different measures.
Keywords: Agriculture; Feature fusion, Computer vision, Deep instance segmentation, Parameter tuning,
Plant disease detection
1. INTRODUCTION disease detection system, which aids the farmers to
offer technical facilities. Such mechanism can

Agriculture plays a significant role, and, it is a
major source of income for many individuals in
different nations [1]. Agriculture is a fundamental
necessity for survival of mankind. Hence, it becomes
crucial to increase productivity of the crops,
vegetables, and fruits in developing nations like
India [2]. On top of that, the quality of production
must be higher enough to have good health
conditions. But, the productivity and quality of food
get fraught with various elements such as disease
spread which could be evaded with initial diagnosis.
Many diseases were transmissible, which resulted in
the loss of crop yield [3]. Many varieties of food
plants were harvested through environmental
conditions of land, but concurrently several
problems were confronted by the agronomists some
of them are natural disasters, water shortages, and
plant diseases [4]. But many problems can be
diminished by providing technical amenities to the
agriculturalists. This is called an automated plant

conquer the issues by the specialists using their prior
knowledge [5]. In agriculture, an automatic related
mechanized approach can be used to detect the plant
diseases. So, disease recognition is becoming a
significant research topic in mitigating, controlling,
detecting, and monitoring automatically the plant
disease [6]. Such mechanism is developed and used
in the proposed model.

Conventional disease detection approaches
depend upon agricultural organizations, but such
techniques are limited because of lack of human
resources [7]. An automated plant disease detection
technique is used which does not require human
frequent interactions. UAVs and mobile phones
leverage technologies for increasing internet access
and have innovative tools for detecting diseases that
depend on automated image recognition to help in
largescale identification. With the advent of Al, CV,
and ML technologies, development was attained in
framing automatic methods that allow the timely and
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accurate detection of plant disease [8]. In the earlier
decade, with high performance computer devices
and processors, ML and Al technologies have
grabbed interest. DL is commonly known as it is
primarily used in agriculture [9]. This concept looks
critical for sustaining, regulating, establishing, and
increasing crop production. It is at the core of the
intellectual farming approach, which can be detected
for incorporating novel technology, gadgets, and
algorithms into farming [10]. DL utilizing Neural
Network was a part of ML. The progression of these
computer technologies will be helpful to the farmers
in controlling and monitoring plant diseases.

This study develops an Artificial Bee Colony
Optimization with Feature Fusion based Agricultural
Plant Disease Detection and Classification (ABCFF-
PDDC) model. In the presented ABCFF-PDDC
technique, NestNet model is initially used for the
background removal process, i.e. segmenting the leaf
regions in the image. Next, deep instance
segmentation (DIS) is applied for the segmentation
of diseased leaf regions. For feature extraction, a
fusion based feature extraction comprising
EfficientNet and residual network (ResNetl01)
model with Nadam optimizer is used. Finally, the
ABC algorithm with 1D convolutional neural
network (1D-CNN) model is used. The experimental
analysis of the ABCFF-PDDC algorithm takes place
on benchmark plant disease dataset.

2. RELATED WORKS

Reddy et al. [11] presented a customized
PDICNet method for plant leaf disease classification
and identification. Primarily, ResNet-50 has been
utilized in the process of extracting various features
from plant leaf imageries with texture and colour
properties. Also, the modified Red Deer
optimization algorithm (MRDOA) was applied as
the best feature selection technique for acquiring
better and more significant features with minimized
size of the MRDOA. In addition, a DL-CNN
classifier method was leveraged for gaining
enhanced classifier performance. In [12], an attempt
was executed towards automated disease
identification from the plant leaf. For this a new
framework, an approach termed IoT FBFN
leveraging Fuzzy Based Function Network (FBFN)
enabled with IoT has been presented. In the
beginning, the leaf images were gained. After these
imageries were preprocessed and attributes can be
derived over the Scale-invariant feature transform
approach.

Kumar et al. [13] designed a new exponential
spider monkey optimization which can be used to set
the important features from higher dimensional set
of attributes produced by SPAM. Moreover, the
selective features were given to SVM for plant
classification into healthy and diseased plants
utilizing certain significant features of the leaves.
Venu et al. [14] devised DL related CNN to detect
the diseases in the images precisely with the help of
image classifier approaches. In this work, CNN was
distributed with the input images. In every
convolution layer of CNNs, relevant feature was
mined and sent to the next pooling layer. At last,
every feature which was derived from convolutional
layers was formed and concatenated as input to the
FC layer of existing architecture and after output
class will be estimated by the model.

Chouhan et al. [15] modelled a technique called
bacterial foraging optimization (BFO) related to
radial basis function NN (BRBFNN) for
classification and identification of plant leaf disease
mechanically. To assign best weight to BRBFNN the
author has used BFO which further rises the
accuracy and speed of the networks to categorize and
detect the regions infected with various diseases on
the plant leaves. Mohapatra et al. [16] devise a CNN-
related metaheuristic method for disease detection
and diagnosis. Initially, the image of mango leaves
will be improvised through contrast enhancement
and histogram equalization. After, a geometric
mean-related neutrosophic with the fuzzy c-means
technique was employed for segmenting process.
Then, the vital attributes were retrieved from
imageries which have been segmented, including the
Upgraded LBP (ULBP), color, and pixel features. At
last, such attributes were presented in the disease
identification stage, which can be devised through a
CNN-DL method. M.J.Bradshaw et al. [17]
suggested the ways to avoid the spread of Powderly
mildew Pathogens discerning the geographic spread
and host range of economically significant plant
pathogens, is vital for biosecurity measures and
identifying the origins and expansion of potentially
harmful pathogens. O.Carisse et al. [18] suggested
the important role of leaf removal in managing grape
anthracnose. Which requires a continuous
monitoring that can be accomplished by using the
proposed model.

3. THE PROPOSED MODEL
In this study, a new ABCFF-PDDC

technique has been introduced for plant disease
detection and classification using CV and feature
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fusion concepts. The ABCFF-PDDC technique
comprises NestNet based background removal, DIS
based segmentation, feature fusion-based extraction,
Nadam optimizer, 1D-CNN classification, and ABC
based hyperparameter tuning. Fig. 1 illustrates the
working flow of ABCFF-PDDC methodology.

3.1. Background Removal Process

In the presented ABCFF-PDDC technique,
NestNet model is initially used for segmenting the
leaf regions in the image. NestNet is a DL-based
technique for removing background in an image
[19]. Tt is based on top of NN structure named U-Net
which is frequently used for image segmentation
tasks. NestNet is trained for segmenting the
foreground object from the background through
fully connected and convolutional layers. Also, it
exploits a nested structure that enables the network
to learn more complicated representations of an
image. NestNet is capable of handling images with
complex backgrounds like images with more than
one object and used for background removal in an
image for variety of applications namely video
production, object recognition, and image editing.
The NestNet integrates a pair of parallel modules for
image processing at different time intervals. The
NestNet model consists of encoding and decoding
units. The encoding unit has four hierarchical ranks
and generates feature vector. An increase in channel
count results in higher computational difficulty to
derive image features. The parallel processing block
in the NestNet could remove it. Next, decoding unit
combines the feature data and performs feature
upsampling to the image of similar width and height.

3.2. Segmentation Process

At this stage, the DIS is applied for the
segmentation of diseased leaf regions. Fast RCNN
accomplishes promising performance on pattern
analysis, statistical modeling and computational
learning visual object classes (PASCAL VOC)
dataset [20]. But Faster RCNN and RCNN need
additional steps like selective search (SS) 25, Edge
boxes for generating object proposals. With Edge or
SS boxes, which extract each proposal from the
image with CPU needs approximately 2s. From the
end-to-end perspective, the time-consuming is a
noticeable bottleneck for Fast RCNN and RCNN.
Using robust feature extraction ability of NN, Fast
RCNN combines Region Proposal Network (RPN)
into Faster RCNN for extracting proposals.
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RPN is a Fully Convolutional Network
(FCN), where it produces higher quality region
proposals, and all of them have a confidence score.
Simultaneously, it forecasts object scores and object
bounds at every location. A smaller network slide
over the convolution feature map output by the top
convolution Layer to generate region proposals. As
compared with the additional step Edge or SS boxes,
RPN shares full-image convolution features with the
Faster RCNN, which enables almost cost-free region
proposal. Simultaneously, it forecasts confidence
score and object bound at every position.

of ABCFF-PDDC

3.3. Fusion based Feature Extraction Process

At this stage, a fusion based feature
extraction comprising EfficientNet and ResNet101
model. Data fusion method was utilized in many ML
and CV applications. Feature fusion is a critical task
that integrates different feature vectors [21]. The
suggested technique is based on feature fusion using
entropy. The feature extraction and feature selection
methods are represented as follows:

The two feature vectors are described by:
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fEfficientNetxn =
{EfficientNet x, ---,Ef ficientNet;.,} (1)

fresnetxm = {ResNet;yq, -, ResNety,,} 2)

Moreover, feature extracted was fused in a single
vector.

Fused(features vector)xq

2
- Z{ FEfficientNet,,,, fResNet,}  (3)
i=1

Where f represent the fused vector (1x1186). The
entropy is used on feature vector for selecting
optimal feature based on the score. The
mathematical expression of feature selection method
is shown in Egs. (1) and (3).

n

Bye = ~NHey ) p(f) )

i=
Foereet = BHe( max (fu 1186)) (5)
Where p symbolizes feature probability and He
specifies the entropy. Lastly, the feature selected was
given to the classifier for distinguishing the healthy
and glioma images.
3.3.1. EfficientNet Model
EfficientNet is a deep learning network
structure proposed in 2019 [22]. This structure
provides the relation between three terms that
considerably affect the performance of deep network
architecture. They are depth, width, and resolution.
Such architecture is based on the decompound
scaling technique. At first, a grid search technique is
utilized. This model enables the network to establish
the relationships between the scaling dimensions.
The target deep learning network is started with the
specified scaling dimension. The composite scaling
method can be mathematically expressed as follows:

a®w=p%r=y"¢ (6)
a.fr2.yh2 = 2 @)
a=z1l,=1y>1 (8)

Where the ¢ parameter represents a user-defined
coefficient. a, B, y are the parameters used for depth,
width and resolution, correspondingly. Depth is
related to the number of layers of a DL network
architecture. A deep network could get complex
features by going into further detail. But increasing
the depth of the network is not often desirable since
the depth might increase the cost and loss of time. As
well, improved accuracy gain might not be often
predicted. Width is related to the size of the layer of
deep network structure. The increase of neurons in
the layers causes the extension of the network.

Resolution is related to the aspect ratio of the input
data of a DL network structure. The high resolution
of the input image has fine details in the image.

3.3.2. ResNet101 Model

ResNet-101 is a deep CNN (DCNN) [23].
It is a variation of Residual Network (ResNet)
structure, and is also known for its capability to train
DCNN with hundreds or thousands of layers while
still being able to accomplish better performance.
ResNet-101 has 101 layers, with an enormous
amount of filters in the convolutional layers that
enable the network to learn complicated
representation of the input dataset.
The primary concept behind ResNet is to apply
residual connection that allows the network to learn
the residual mapping between the input and output,
rather than the original mapping. This assist to
alleviate the gradient disappearing problems, which
is a common issue while training deep networks, and
enables the network to learn more easily. ResNet-
101 was trained on the ImageNet data and used for
different image classification tasks. It was
demonstrated  to accomplish  outstanding
performance on numerous benchmarks and is
extensively used as a feature extractor in other
computer vision tasks like facial recognition,
semantic segmentation, and object detection.
Generally, ResNet-101 is a widely used and
powerful architecture that has been demonstrated to
accomplish better performance on a large number of
image classification tasks and is frequently used as a
feature extractor in other CV tasks.

3.3.3. Nadam Optimizer

The Nadam optimizer is used for selecting the
hyperparameters of the EfficientNet and ResNet101
models. Nadam (Nesterov-Accelerated Adaptive
Moment Estimation) is an optimization technique
that combines the concepts of Adam and Nesterov
momentum optimization. It is an extension of Adam
[24], which employs the adaptive learning rate to
update the parameter of the neural network. Similar
to Adam, Nadam uses the concept of the first and
second moments of the gradient for adapting the
learning rate for all the parameters. The first
moment, a.k.a. the mean, estimates the existing
direction of the gradient, whereas the second
moment, a.k.a. the variance, estimates the present
curvature of the loss function. Nadam uses a similar
formula as Adam to update the parameter with the
gradient, however, it also exploits a Nesterov-style
acceleration term to increase the optimization
technique. The Nesterov-style acceleration term uses
the gradient of the future location of the parameter,
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instead of the existing location, to update the
parameter. This enables Nadam to make more
accurate updates to the parameters and take into
account the future direction of the gradient. Nadam
is a newly developed optimization approach that has
been demonstrated to function effectively for
different DL tasks, like image classification,
reinforcement learning, and natural language
processing. It was noted to achieve better results and
converge faster than other optimizers, like
RMSprop, Adagrad and Adam, in some cases.

3.4. Image Classification using 1D-CNN

The 1D-CNN model is used to classify
plant diseases. The CNN model can be effectively
extracting the features of 1D complex images, and it
excellently extracts temporal features with less
network parameters, thereby preventing over fitting
and enhancing the speed of model detection [25].
The 1D-CNN improves the detection rate of an
image, and its proposed model comprises the
convolutional, pooling and FC layers. Fig. 2
represents the framework of 1D-CNN. The
convolution layer aims to effectively implement a
feature extraction of the input specific image that
implements a local convolution function on the

target input.
B — il Pooling | | |

= Paooling Layer

'=|‘]| Convolution
]

|

Input Layer

Convelution Layer

Figure. 2 Structure of 1D-CNN
For one spatial dimension, the convolution method
is given by:

X! = f(ZXg—lwilj +bj>, ©)
iEN

In Eq. (9), f denotes the activation function, M;
represent the target of input operation, is the length
of the input, X}~ indicates the region of targeted
input to be convoluted, Wll} shows the convolutional
kernel, a.k.a. the weights, and b; represent the bias
parameter. Meanwhile, the Tanh function is an
output zero mean function, where it converges faster
and achieves good performance than Sigmoid
function.

Generally, the pooling layer follows the
convolution layer same as convolution function. The
computation speed of the network can be improved,
and the dimensionality of input dataset can be
decreased by sampling the convolution layer, as
follows.

X! = f(B} down(x/™") + b)), (10)
Where B represent the weight, [ denotes the existing
layer of the network, and down 0 denotes the pooling
function.

The equation for the FC layer is represented as
follows:

h(x") = f(wlxl_l + by), (11)
Where h(x) denotes the FC output of layer L, £2; and
b, indicates the weight parameter and offset of the
neuron node. Softmax is generally applied as an
activation function to resolve the problem with
various classifications and the output is

Y = S(wyh + by), (12)
In Eq. (12), Y denotes the output and S indicates the
Softmax function that is formulated by:
e

S’ -

= 5o (13)

In Eq. (13), a; specifies the outcome of j th output of
the FC layer, and S; specifies the probability that the
classification outcome is the j* class.

3.5. Hyperparameter Optimization

At last, the ABC algorithm takes
place for the optimal hyperparameter selection of the
1D-CNN architecture. The ABC algorithm is based
on the foraging behaviours of honey bees [26] which
makes some assumptions different from the
behaviors of real bees. The proposed model consists
of three types of bees, namely scout bees, employed
bees and onlooker bees. Half of the colony has
employed bees. The remaining half has onlooker
bees. The nectar quantity of a food source is the
solution quality. The location of food sources is a
candidate solution to the problem. The proposed
method comprises three fundamental control
parameters. They are maximum number of
generations, colony size, and limit.
In this work, the algorithm begins with randomly
determining the position of the food source based on
(14). xjmi“ and x;"** denotes the minimum and the
maximum limitations. x; corresponds to the i-th
solution. The solution generation mechanism shown
in (15) is utilized to generate new solution. Now, @;;
denotes the randomly generated value within [1, 1]
and k indicates the integer number within [1, amount
of employed bees].
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Xij = x}.min + rand (0,1)(x]max _ xjmin) (14)

Vij = xij + wl’j(xl'j — xkj) (15)

p = fitness; a6
L Z7N fitness;

The nectar amount of candidate source is compared
to whether it is better than the earlier one. The data
of the preceding source is removed from the memory
and the data of candidate solution is written, when
the nectar amount of the candidate solution is better.
In this work, a selection method can be done by
using roulette wheel algorithm. The selection
probability of source is calculated using (16). Now,
fitness; characterizes the quality of i-th sources.
SN indicates the number of employed bees.

The proposed algorithm has a failure
counter. A newest solution is generated randomly by
the scout bees based on Eq. (14) when the value of
failure counter obtains the limit value. This
procedure is reiterated until the maximum amount of
generations is attained.

The ABC algorithm not only derives a fitness
function to attain better outcome of classification
and also determines the positive integer to
characterize the superior performance of the
candidate solution. The reduction of the
classification error rate is regarded as a fitness
function.

fitness(x;) = ClassifierErrorRate(x;)
number of misclassified samples
= «10 (17)

Total number of samples

4. Experimental Validation
In this section, the plant disease
detection results can be investigated on two datasets:
citrus fruit dataset [27] and potato dataset [28]. The
citrus dataset comprises 73 samples and the potato
dataset holds 5702 samples. Figure. 3 illustrates the
sample imav%es of potatoes.

i

Figure. 3 Few test potato images

Fig. 6 demonstrates the classification output of the
ABCFF-PDDC technique on potato database. Fig.
6a depicts the CM offered by the ABCFF-PDDC
method under TRS. The result that the ABCFF-
PDDC method has identified 1327 samples to EB,
1265 samples to HY, and 1353 samples to LB. In
addition, Fig. 6b depicts the CM offered using the
ABCFF-PDDC method to TSS. The figure denoted
that the ABCFF-PDDC method has identified 591
samples to EB, 527 samples to HY, and 574 samples
to LB. Similarly, Figs. 6c-6d demonstrates the PR
examination of the ABCFF-PDDC method to TRS
and TSS. The figures show that the ABCFF-PDDC
method has obtained highest PR performance to
every individual class. Finally, Figs. 6e-6f illustrates
the ROC investigation of the ABCFF-PDDC method
to TRS and TSS. The results indicate that the
ABCFF-PDDC method has led to superior output
with highest ROC values to every individual class.
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Figure. 6 Results on Potato Dataset a) CM TRS b) CM TSS
¢) PR Curve TRS d) PR Curve TRS e) ROC TRS f) ROC
TRS

In Table 1 and Fig. 7, the entire
potato disease classifier outcome of the ABCFF-
PDDC technique is demonstrated. The ABCFF-
PDDC technique has identified potato plant diseases
accurately. For instance, on TRS, the ABCFF-PDDC
technique reachesaccu_y, prec n, reca 1, F score,
and ROC AUC score of 98.85%, 98.87%, 98.84%,
98.85%, and 99.95% respectively. On the other
hand, on TSS, the ABCFF-PDDC technique reaches
accu_y, prec n, reca_l, F score, and ROC AUC
score of 98.89%, 98.92%, 98.87%, 98.89%, and
99.95% respectively.
Table 1 Classifier outcome of ABCFF-PDDC approach
under potato database

Potato Database
Measure TRS 7SS
Accuracy 98.85 98.89
Precision 98.87 98.92
Recall 98.84 98.87
F1-Score 98.85 98.89
ROC AUC Score | 99.95 99.95

Potato Dataset

@ Training Set

Emm Testing Set

100.00

99.75

99.50 -

99.25

Values (%)

99.00

98.75

98.50

98.25 -

Accuracy

Precision Recall Fl-Score ROC AUC Score

Figure. 7 Classifier outcome of ABCFF-PDDC approach
under potato dataset

The TACY and VACY of the ABCFF-PDDC model
under potato database are represented in Fig. 8. The
figure inferred the ability of ABCFF-PDDC model
in attaining superior results with increasing values of
TACY and VACY. It is visible that the ABCFF-
PDDC method has obtained highest TACY outcome.

The TLOS and VLOS of the ABCFF-
PDDC model under potato dataset are represented in
Fig. 9. The figure inferred that the ABCFF-PDDC
model has demonstrated improvised output with
least values of TLOS and VLOS. It is visible that the
ABCFF-PDDC model has resulted in reduced VLOS
outcomes.

Training and Validation Accuracy

oW N

Accuracy

e s E) 1s 28 25 £
Epocns

Figure. 8. TACY and VACY outcome of ABCFF-PDDC
approach under potato dataset

Training and Validation Loss

o —— Training
validation

e

3} 5 10 15 20 25 30

Figure. 9. TLOS and VLOS outcome of ABCFF-PDDC

approach under potato database
InFig. 10, a accu,, inspection of the ABCFF-PDDC
approach with other DL models on potato database
is given. The results indicate that the CNN-RF model
results in decreasing accu,, of 79%. Meanwhile, the
CNN-SVM, GoogleNet, and VGGNet models
accomplish closer accu,, of 84%, 86%, and 86%
correspondingly. Although the CNN-ANN models
obtain reasonable accu,, of 92%, the ABCFF-PDDC
technique outperformed other models with higher
accu,, of 98.89%.

Potato Dataset
ABCFF-PDDC
CNN-SVM
CNN-RF
86.00 CNN-ANN
GoogleNet
VGGNet

98.89

86.00

84.00

Accuracy (%)

92.00
79.00

W

Figure. 10 Comparison study of ABCFF-PDDC
approach on potato database

Fig. 11 demonstrates the entire outcomes of
the ABCFF-PDDC technique on citrus database.
Fig. 11a depicts the CM offered by the ABCFF-
PDDC method on TRS. The output represented that
the ABCFF-PDDC model has recognized 9 samples
on BS, 22 samples on CK, 7 samples on GR, 2
samples on HY, and 10 samples on SB. Also, Fig.
11b depicts the CM offered by the ABCFF-PDDC
method on TSS. The output denoted that the
ABCFF-PDDC method has identified 2 samples on
BS, 11 samples on CK, 1 sample on GR, 3 samples
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on HY, and 5 samples on SB. Similarly, Figs. 11c-
11d demonstrates the PR analysis of the ABCFF-
PDDC method on training and TSS. The outputs
reported that the ABCFF-PDDC method has
obtained maximum PR performance on every
individual class. Finally, Figs. 11e-12f illustrates the
ROC investigation of the ABCFF-PDDC model on
TRS and TSS. The output portrayed that the
ABCFF-PDDC method has resulted in proficient
results with maximum ROC values on distinct class
labels.
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Figure. 11 Results on Citrus Database a) CM TRS b) CM
1SS c¢) PR-Curve TRS d) PR-Curve TRS e) ROC TRS f)
ROC TSS
In Table 2 Fig. 12, the entire potato disease
classification outcome of the ABCFF-PDDC
technique is demonstrated. The ABCFF-PDDC
technique has recognized the citrus plant diseases
accurately. For example, on TRS, the ABCFF-
PDDC technique reachesaccu,, prec,, reca,

Ficore, and ROC AUC score of 98.04%, 97.50%,
99.13%, 98.22%, and 99.75% respectively. On the
other hand, on TSS, the ABCFF-PDDC technique
reaches accu,, prec,, reca, Fycore, and ROC AUC
score of 100%, 100%, 100%, 100%, and 100%
correspondingly.

Table 2 Comparative examination of ABCFF-PDDC

approach with other DL systems under citrus database

E-ISSN: 1817-3195
Citrus Dataset
Metrics Training Set Testing Set
Accuracy 98.04 100
Precision 97.50 100
Recall 99.13 100
F1-Score 98.22 100
ROC AUC Score 99.75 100

Citrus Dataset

Emm Training Set EEE Testing Set

100.0

99.5

99.0 4

98.5

Values (%)

97.0

Accuracy Precision Recall Fl-Score ROC AUC Score

Figure. 12 Classifier outcome of ABCFF-PDDC
approach under citrus database

The TACY and VACY of the ABCFF-
PDDC method under citrus database are represented
in Fig. 13. The ABCFF-PDDC approach gains
highest values of TACY and VACY. It is visible that
the ABCFF-PDDC method has reaches superior
TACY outcomes.

The TLOS and VLOS of the
ABCFF-PDDC method under citrus database are
represented in Fig. 14. The outcome inferred that the
ABCFF-PDDC  method has attain  better
performance with least values of TLOS and VLOS.
It is visible that the ABCFF-PDDC method has
resulted in reduced VLOS outcomes.

Training and Validation Accuracy

5 Training
validation TN\
0.9 A\
\/VJ

o 5 10 1s 20 25 30
Epochs

Figure. 13 TACY and VACY outcome of ABCFF-PDDC
approach under citrus database
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Figure. 14 TLOS and VLOS outcome of ABCFF-PDDC
approach under citrus database
In Fig. 15, a comprehensive accu,, examination of
the ABCFF-PDDC technique with other DL models
on citrus database is given. The outcomes indicate
that the Linear SVM method results in decreasing
accu,, of 74%. Meanwhile, the Linear Discriminant,
Quadratic SVM, and Cubic SVM methods
accomplishes closer accu,, of 74.01%, 77.15%, and
78% respectively. Although the Otsu method obtains
reasonable accu,, of 83.95%, the ABCFF-PDDC

technique outperformed other models with higher
accuy, of 100%.

ABCFF-PDDC

Linear SVM
Quadratic SVM
Cubic SVM

Linear Discriminant
Otsu Algorithm

Citrus Dataset

83.95 .

74.09

74.00
78.82
77.15

Figure. 15 Comparative analysis of ABCFF-PDDC
approach under citrus database

The extensive results highlighted the betterment of
the ABCFF-PDDC technique over other existing
models.

100.00

Accuracy (%)

5. CONCLUSION

In this study, a new ABCFF-PDDC technique has
been introduced for plant disease detection and
classification using CV and feature fusion concepts.
The ABCFF-PDDC technique comprises NestNet
based  background removal, DIS  based
segmentation, feature fusion based extraction,
Nadam optimizer, 1D-CNN classification, and ABC
based hyperparameter tuning. In the presented
ABCFF-PDDC technique, NestNet model is initially
used for the background removal process, i.c.
segmenting the leaf regions in the image. Moreover,
the DIS is applied for the segmentation of diseased
leaf regions. Meanwhile, a fusion based feature
extraction comprising EfficientNet and ResNet101

model with Nadam optimizer is used. Lastly, the
ABC algorithm with 1D-CNN model is used. The
experimental analysis of the ABCFF-PDDC model
on benchmark plant disease database reported the
betterment of the ABCFF-PDDC technique in terms
of various measures. In future, ensemble voting
based classifier can be designed to enhance the
performance of the ABCFF-PDDC technique.

REFERENCES

[1] Prabu, M. and Chelliah, B.J., 2022. Mango leaf
disease identification and classification using a
CNN architecture optimized by crossover-based
levy flight distribution algorithm. Neural
Computing and Applications, 34(9), pp.7311-
7324.

[2] Dewangan, A.K., Kumar, S. and Chandra, T.B.,
2022. Leaf-Rust and Nitrogen Deficient Wheat
Plant Disease Classification using Combined
Features and Optimized Ensemble
Learning. Research Journal of Pharmacy and
Technology, 15(6), pp.2531-2538.

[3] Pham, T.N., Van Tran, L. and Dao, S.V.T.,
2020. Early disease classification of mango
leaves using feed-forward neural network and
hybrid metaheuristic feature selection. /[EEE
Access, 8, pp.189960-189973.

[4] Bedi, P., Gole, P. and Agarwal, S.K., 2021. 18
Using deep learning for image-based plant
disease detection. In Internet of Things and
Machine Learning in Agriculture (pp. 369-402).
De Gruyter.

[5] Wei, S.J., Al Riza, D.F. and Nugroho, H., 2022.
Comparative study on the performance of deep
learning implementation in the edge computing:
Case study on the plant leaf disease
identification. Journal of Agriculture and Food
Research, p.100389.

[6] Aboneh, T., Rorissa, A., Srinivasagan, R. and
Gemechu, A., 2021. Computer Vision
Framework for Wheat Disease Identification
and Classification Using Jetson GPU
Infrastructure. Technologies, 9(3), p.47.

[7] Bala, M. and Mehan, V., 2022. Metaheuristic
Techniques for Classification Used in
Identification  of  Plant  Diseases. ECS
Transactions, 107(1), p.13473.

[8] Pourdarbani, R., Sabzi, S., Rohban, M.H.,
Garcia-Mateos, G., Molina-Martinez, J.M.,
Paliwal, J. and Arribas, J.1., 2022. Metaheuristic
algorithms in visible and near infrared spectra to
detect excess nitrogen content in tomato
plants. Journal of Near Infrared Spectroscopy,
p.09670335221098527.

2650



Journal of Theoretical and Applied Information Technology
31 March 2024. Vol.102. No 6

AN

| N
| <%

© Little Lion Scientific

" A mmmm—
oYLl

ISSN: 1992-8645

Www.jatit.org

E-ISSN: 1817-3195

[9] Jayaramu, H.K., Ramesh, D. and Jain, S., 2022.
ESMO-based Plant Leaf Disease Identification:
A Machine Learning Approach. In Computer
Vision and Machine Learning in Agriculture,
Volume 2 (pp. 155-170). Springer, Singapore.

[10] Toomula, S. and Pelluri, S., 2022. An Extensive
Survey of Deep learning-based Crop Yield
Prediction Models for Precision Agriculture.
In Proceedings of the International Conference
on Cognitive and Intelligent Computing (pp. 1-
12). Springer, Singapore.

[11]Reddy, S.R., Varma, G.S. and Davuluri, R.L.,

2023. Resnet-based modified red deer
optimization with DLCNN classifier for plant
disease identification and
classification. Computers and  Electrical

Engineering, 105, p.108492.

[12]Chouhan, S.S., Singh, U.P. and Jain, S., 2021.
Automated plant leaf disease detection and
classification using fuzzy based function
network. Wireless Personal
Communications, 121(3), pp.1757-1779.

[13]Kumar, S., Sharma, B., Sharma, V. K., Sharma,
H. and Bansal, J.C., 2020. Plant leaf disease
identification using exponential spider monkey
optimization. Sustainable computing:
Informatics and systems, 28, p.100283.

[14] Venu, K., Palanisamy, N., Krishnakumar, B.
and Sasipriyaa, N., 2020. Disease Identification
in Plant Leaf Using Deep Convolutional Neural
Networks. In Handbook of Research on
Applications and Implementations of Machine
Learning Techniques (pp. 46-62). IGI Global.

[15]Chouhan, S.S., Kaul, A., Singh, U.P. and Jain,
S., 2018. Bacterial foraging optimization based
radial basis function neural network (BRBFNN)
for identification and classification of plant leaf
diseases: An automatic approach towards plant
pathology. leee Access, 6, pp.8852-8863.

[16]Mohapatra, M., Parida, A.K., Mallick, P.K.,
Zymbler, M. and Kumar, S., 2022. Botanical
Leaf Disease Detection and Classification
Using Convolutional Neural Network: A
Hybrid Metaheuristic Enabled
Approach. Computers, 11(5), p.82.

[17]Michael J. Bradshaw, David Boufford, Uwe
Braun, Swarnalatha Moparthi, Keila Jellings,
Autumn Maust, Binod Pandey, Suzanne Slack,
and Donald H. Pfister., 2024. An In-Depth
Evaluation of Powdery Mildew Hosts Reveals
One of the World’s Most Common and
Widespread Groups of Fungal Plant Pathogens.
Vol 108, Number 2, Published by The American
Phytopathological Society (APS Society).

[18]Odile Carisse, Caroline Provost.,2024. Cluster
Zone Leaf Removal Reduces the Rate of
Anthracnose (Elsinée ampelina) Progress and
Facilitates Its Control. Vol 108, Number 2,
Published by The American Phytopathological
Society (APS Society).

[19]Yu, X., Fan, J., Chen, J., Zhang, P., Zhou, Y.
and Han, L., 2021. NestNet: A multiscale
convolutional neural network for remote
sensing image change detection. /nternational
Journal of Remote Sensing, 42(13), pp.4898-
4921.

[20]Li, H., Weng, J., Shi, Y., Gu, W., Mao, Y.,
Wang, Y., Liu, W. and Zhang, J., 2018. An
improved deep learning approach for detection
of thyroid papillary cancer in ultrasound
images. Scientific reports, 8(1), pp.1-12.

[21]Saba, T., Mohamed, A.S., El-Affendi, M.,
Amin, J. and Sharif, M., 2020. Brain tumor
detection using fusion of hand crafted and deep
learning features. Cognitive Systems Research,
59, pp.221-230.

[22] Atila, U., Ugar, M., Akyol, K. and Ugar, E.,
2021. Plant leaf disease classification using
EfficientNet deep learning model. Ecological
Informatics, 61, p.101182.

[23]Shehab, L.H., Fahmy, O.M., Gasser, S.M. and
El-Mahallawy, M.S., 2021. An efficient brain
tumor image segmentation based on deep
residual networks (ResNets). Journal of King
Saud University-Engineering Sciences, 33(6),
pp-404-412.

[24]Luo, Z., Chen, Y. and Jing, C., 2022. An
Enhanced ICA Based on Minimum BER
Criterion and Nesterov-Accelerated Adaptive
Moment Estimation. Wireless Personal
Communications, 122(4), pp.3913-3929.

[25]Wang, Q., Cao, D., Zhang, S., Zhou, Y. and
Yao, L., 2023. The Cable Fault Diagnosis for
XLPE Cable Based on 1DCNNs-BiLSTM
Network. Journal of Control Science and
Engineering, 2023.

[26]Kaya, E., 2022. A new neural network training
algorithm based on artificial bee colony

algorithm for nonlinear system
identification. Mathematics, 10(19), p.3487.
[27] Potato Database Source:

https://www.kaggle.com/vipoooool/new-plant-

diseases-database/data#

[28]Rauf, H.T., Saleem, B.A., Lali, M.I.U., Khan,
M.A., Sharif, M. and Bukhari, S.A.C., 2019. A
citrus fruits and leaves database for detection
and classification of citrus diseases through
machine learning. Data in brief, 26, p.104340.

2651



