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Smart crop disease monitoring
system in loT using optimization
enabled deep residual network
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Abstract The Internet of Things (1oT) has recently attracted substantial interest because of its diverse
applications. In the agriculture sector, automated methods for detecting plant diseases offer numerous
advantages over traditional methods. In the current study, a new model is developed to categorize
plant diseases within an loT network. The loT network is simulated for monitoring crop diseases.
Routing is performed with Henry Gas Chicken Swarm Optimization (HGCSO), which is designed by
integrating Henry Gas Solubility Optimization (HGSO) and Chicken Swarm Optimization (CSO). The
fitness parameters of the model include delay, energy, distance, and link lifetime (LLT). At the Base
Station (BS), plant disease categorization is performed by collecting plant leaf images. Preprocessing
is done on the input images using median filtering. Various features, such as Histogram of Oriented
Gradient (HoG), statistical features, Spider Local Image Features (SLIF), and Local Ternary Patterns
(LTP) are extracted. Plant disease categorization is carried out using a Deep Residual Network (DRN),
which is trained using the developed Caviar Henry Gas Chicken Swarm Optimization (CHGCSO) that
combines the CAViaR model with HGCSO. Comparative results show an accuracy of 94.3%, a maximum
sensitivity of 93.3%, a maximum specificity of 92%, and an F1-score of 93%, indicating that the
CHGCSO-based DRN outperforms existing methods. Graphic Abstract

Keywords Internet of Things, Smart crop disease monitoring, Deep residual network, Spider local image
features

The IoT is an emerging technology that is rapidly developing in today’s world. To fully leverage IoT for specific
applications, an effective sensing and monitoring model is essential. IoT enables the creation of a smarter, more
interconnected world®>*. ToT in farming has recently inspired various innovative designs. It enables remote
access, allowing for energy savings and more efficient resource management?*?2, An IoT platform for disease
detection can significantly boost crop production by alerting farmers early, allowing them to take action before
the disease causes damage!”*2. The type of disease detected by an IoT device is often not immediately apparent
to the farmer. Additionally, modelling plant disease infection can be time-consuming and costly. Automating
plant disease detection improves accuracy while reducing costs. Integrating image processing with IoT is crucial
for precise assessment and timely intervention.

The detection and classification of diseases in rice plants'>!°are based on digital images and have gained
significant attention in the research community. The automated model can assist farmers by guiding
them in selecting the right pesticides at the right time®”. Some researchers have focused on optimization
algorithms!®30:38:43:44and deep learning, particularly Convolutional Neural Networks (CNNs)?, to address crop
disease detection. These approaches have demonstrated the ability to outperform previous methods in various
automated identification tasks, such as natural language processing and visual recognition. Deep learning is a
well-known technique for recognition tasks?!. Despite the efficiency of CNNs in general object recognition,
deep learning offers an effective model for identifying diseases in crops*. Automated plant disease detection
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technology offers advantages for plant monitoring and reduces the reliance on manual inspections*”*. It also
aids in early disease identification, decreases pesticide use, and supports precision agriculture”-?¢3%35,
The main contributions are highlighted as follows:

a) HGCSO for routing: The HGCSO is utilized for routing, which is obtained by combining HGSO and CSO.

b) CHGCSO-based DRN: The CHGCSO is adapted for classifying plant disease. Here, the CHGCSO is adapt-
ed for training DRN. The CHGCSO is obtained by combining HGSO and CSO and the CAViaR model.The
upcoming sections are organized as follows: Section 2 provides an overview of traditional plant disease
classification methods. Section 3 explains the IoT framework. Section 4 presents the CHGCSO-based DRN
for classifying plant diseases. Section 5 assesses the efficiency of classical classification approaches, followed
by the conclusion in Section 6.

Literature survey

In 2018, S. Ramesh and Bharghava Rajaram?! developed a model for earlier discovery of disease in rice crops
from visual symptoms. The rice crops were utilized for the processing. It provided on-field disease discovery and
prediction. However, this scheme did not perform earlier discovery of crop disease. Artzai Picon et al.? utilized
a CNN model for classifying plant disease in 2019. Here, the information based on images were incorporated.
It combined the benefits of concurrently learning while minimizing the complication of classifying the disease.
However, misclassification occurs whenever the quality of the image is low. In 2019, Artzai Picon et al.8 utilized a
Deep convolution Neural Network (DCNN)-based algorithm for dealing with plant disease. Here, the discovery
of their relevant disease was done including Septoria, Tan Spot and Rust. However, this method acquired huge
generalization power. Monalisa Mishra et al.?* developed an automatic technique for detecting plant disease in
an IoT. The method placed the nodes with a simulation platform to capture plant leaves. The model maintained
the sink node that accumulated data and assisted in monitoring IoT in 2020. Here, the Sine Cosine Algorithm-
based Rider Neural Network (SCA-based RideNN) was introduced for classifying diseases in plants. However,
the method consumed more time for processing. In 2020, Yushan Zhao et al.*> devised a Multi-Context Fusion
Network (MCEFN) for classifying the plant disease. Here, it adapted with CNN for the visual features extraction
from crop samples. The contextual features accumulated from sensors help to the classification of crop disease.
Here, the fusion of contextual features and visual features were done by a deep fully connected network,but this
model poses unbalanced data, which affects the performance. Kumari Shibani et al.’¢ developed a technique,
namely Random Forest and Support Vector Machine and Logistic Regression (RF+SVM+LR) for classifying
plant disease in 2020. Here, the first part aimed to model a system wherein the tracking of plant needs was done
with sensors. Here, the automated water controller tasks with moisture content fall below a specific threshold.
However, this method suffered from high computational costs. In 2020, Juan Wen et al.*> developed Enhanced
Super-Resolution Generative Adversarial Networks (ESRGAN) for classifying plant diseases. Here, the ESRGAN
was utilized for recovering the super-resolution from low-resolution images. In addition, the Transfer learning
was adapted for compensating training samples. It was unable to process other databases. David Argiieso et al.?
established a plant disease identification model using distance metric Few-Shot Learning (FSL) using Triplet
loss in 2020. Here, the CNN was utilized for extracting the general plant leaf features. This approach shortened
the time taken for production and minimized the cost of plant disease. However, this method generated an
error value, which affected the classification performance. In 2021, Olusola Oluwakemi Abayomi-Alli et all
devised cassava disease recognition. Here, an image colour histogram alteration scheme was implemented
for the creation of synthetic images to perform data augmentation. It detected and recognized the disease in
cassava leaf effectively with less images. This system failed to identify a variety of diseases in plants. Ahmad
Almadhor et al’. devised an Artificial Intelligence (AI)-driven approach for Disease Recognition of Guava Plant
in 2021. It helped the farmers to avoid the production loss due to the early and effective finding of plant disease.
However, this model gained less accuracy for some specific classes of disease. In 2021, Nidhi Kundu et al 17,
devised an Automatic and Intelligent Data Collector and Classifier. The data used in this analysis was gethered
from the pearl millet farmland. It was located in ICAR, Mysore, India and the parametric and farmland data
were collected. These gathered information were processed in Raspberry Pi and cloud server with the help of
‘Custom-Net’ approach in the disease identification of pearl millet. It was an automated scheme with low-cost
and user-friendly tool for farmers. However, the safety of data was the major drawback. Zia ur Rehman et al.*2,
devised novel parallel real-time processing in 2021. Here for improving the visual image impact a hybrid contrast
stretching scheme was utilized and the infected areas detection was done by MASK RCNN. At the same time,
CNN was trained for extracting the features. The Ensemble Subspace Discriminant Analysis (ESDA) was utilized
to obtain good accuracy. However, it was trained by a small number of ground truth images. Table 1 shows the
literature survey of the previous works.

System model

IoT comprises several kinds of objects that include smart devices, and are linked amongst each other to
exchange collected data over the network. Various smartest devices are devised on the basis of resources
that comprise communication and processing ability for exchanging data. Figure 1 displays the IoT model in
which various nodes are splitted for sending data to BS with effective paths. The smartest objects are energy-
constrained, and hence gateway must be interested for supervision. Consider IoT network poses! nodes given
as, H={H1,Hs,...,Hy,..., H} that relies in coverage area D. Each IoT node k attains data based on the
plant leaves. IoT tends to be imperative in enhancing production in agriculture and is utilized to monitor soil
temperature. Furthermore, IoT strengthens efficiency and minimizes physical work and time and helps to make
farming more effective.
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Authors

Methods

Dataset

Disadvantages

Mishra et al.*

An automatic technique for detecting plant
disease in IoT platform.

Plant village dataset

The method consumed more time for
processing.

Yushan Zhao et al.*®

MCEN for classifying the plant disease.

50,000 in-field crop disease samples

This method poses unbalanced data, which
affects the performance.

Kumari Shibani et al.>®

RF+SVM+LR for classifying the plant
disease.

Textile dataset

This method suffered from high
computational costs.

ArtzaiPicon et al. »°

CNN model

Field conditions were used to validate across five crops,
17 diseases, and a dataset of 121,955 images.

The misclassification occurs whenever the
quality of the image is low.

S. Ramesh and Bharghava
Rajaram®!

A model from visual symptoms.

For consideration, two samples were included in the
work: the database image and the acquired image.

This technique did not perform earlier
discovery of crop disease.

Juan Wen et al.*?

ESRGAN for classifying the plant disease.

Plant Village dataset -

This technique was unable to handle other
databases.

David Argiieso et al.

Distance metric FSL using Triplet loss for
plant disease detection.

Plant Village dataset

This method generated an error value,
which affects the classification performance.

ArtzaiPiconet al. 2

DCNN-based algorithm for dealing with
plant disease.

Wheat 2015 (W-2015)
Wheat 2014 (W-2014)
Wheat 2016 (W-2016)

This method acquired huge generalization
power.

Olusola Oluwakemi
Abayomi-Alli et al'.

Cassava disease recognition.

Cassava leaf disease dataset

This system failed to identify a variety of
plant diseases.

Ahmad Almadhor et al.?

Al-Driven Framework

Image dataset of guava leaves and fruit.

This model gained less accuracy for some
specific classes of disease

Nidhi Kundu et al'”

Intelligent and Automatic Data Classifier
and Collector

The dataset includes images of pearl millet leaves, with
1,964 infected by blast and 1,336 infected by rust

The safety of data was the major drawback

Zia ur Rehman et al*

MASK RCNN

Plant Village dataset

It was trained by a small number of ground
truth images.

Table 1. Literature Review.

ToT Devices

Fig. 1. IoT model.
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The energy model’ in IoT is examined using data transmission using various nodes. Whenever a normal sensor
node sendsdbits data then the energy of the IoT is expressed as,

Eq(d) = Ey(d) + Ec(d, f) (1)
where, E,(d) expresses transmitted energy, E. symbolizes consumed energy when 1-bit data send by the the
node, Ej, signifies utilized energy whenever a node transmits and receives 1-bit data, fsymbolizes communication
area, and d signifies data bits.
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where, E, symbolizes consumed energy in the free space approach, E, signifies energy consumed in the
multipath fading scheme.

fo=1/% ©)
The energy helps to receive d bits of data and formulated as,
En(d) =dx Ey (4)
where, E,, (d) express received energy
e(d) =d x En, (5)

where, E,, denotes the energy utilization when sending and receiving 1-bit data, e(d) implies energy utilization
of sensor nodes, d denotes the data bits.

Link lifetime model
LLT* signifies network lifetime, which associates two sensor nodes in IoT. Consider Ciand C signifies two
mobile nodes located at Ac1, Bei and Aca, Bee for which the LLT is formulated as,

—(rs+pg) + V/(r* + ¢) > — (rq — ps)° ©)

LLT =
(r2 +4¢%)

such that,

r =Gc1cosfc1 — Geoacosboz }

s=Ac1 — Aca @)
p =Gcisinfc1 — Geasinfea}
q =Bc1 — Beoe

where, [ signifies range of transmission, G¢1 symbolizes speed of mobility in the sensor node C'1, G2 signifies
the sensor node’s mobility speed C2, Ac2, Beo signifies node coordinate, Ca, Ac1, Be1 symbolize node
coordinate C1, §c1 refers motion direction of node C1, and 8¢ signifies direction of motion in node Cb.

CHGCSO-based DRN for plant disease classification

The goal is to devise a CHGCSO-based DRN for classifying plant disease in IoT. At first, the IoT nodes are
simulated HGCSO performs routing based on fitness function. The HGCSO is devised by combining
HGSO!%and CSO*. After the routing, the rice plant disease classification is performed at the BS. In the BS, the
input image is fed into the preprocessing. Then, the features like HoG', statistical features, SLIF'!and LTP*°are
extracted. Finally, the plant disease classification is done with DRN®, which will be trained using CHGCSO. The
CHGCSO is designed by combining the CAViaR model'’, HGSO and CSO. Figure 2 depicts the architecture of
the HGCSO-based DRN.

Proposed HGCSO-based routing

The routing is carried out with HGCSO using fitness function.

Solution encrypting

Determining the best solution to optimization problems requires solution encoding. Here, the HGCSO is
adapted for choosing a suitable solution wherein the optimum node is chosen for routing. On the basis of fitness,
the solution set attains optimum routing. This routing is performed using fitness function. Figure 3 presents
solution modelling for optimum routing with HGCSO. Here, esignifies the node index.

Fitness function

The evaluation of fitness for optimized routing comprises certain parameters that include energy, distance, LLT
and delay.

Fitness = % [Ei+ Fij+ (1= Lij + 1)) (®)
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Fig. 2. Block diagram of HGCSO-based Deep Residual Network for Plant Disease Classification in IoT.
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Fig. 3. Solution representation for routing with HGCSO.

where, F; signifies energy consumption in it" node, F; ; is Euclidean distance between it" and jth node, Ly
symbolizes LLT, and ¢ symbolizes delay.

Here, the distance is given as,
Fij = lIni —nj| ©)

where, n; and n; signifies distance between i*" and jth node.

The delay is formulated as,

o~

~ (10)

t=

where, [ symbolizes the entire nodes in a path, and /4 signifies the entire nodes in a network. The LLT is described
in section 3.2.
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Proposed HGCSO algorithm
The routing is done using the proposed HGCSO, and is produced by integrating HGSO'*and CSO?. Algorithm
1 displays the pseudo-code of HGCSO and the flowchart of the HGCSO is given in Figure 4. The steps of HGCSO
are specified below:

Step 1: Initiation The count and spot of gases are initialized as,

Hi(e+1) = H (Hminmaz),,;, (11)

where, u signifies random numeral in [0, 1], Himaz and Hiin symbolize bounds of the problem, and e refers
iteration time.

Step 2: Discovery of Fitness The fitness is already described in section 4.1.2.

Step 3: Clustering Divided into equal parts by gas type, each cluster of agents consists of the same gases and
shares the same Henry’s constant value.

Step 4: Evaluation Evaluation in each cluster seeks out the gas that reaches the highest equilibrium state, after
which a ranking process identifies the optimal gas from the entire swarm.

Step 5: Update Henry coefficient The Henry coefficient of cluster w at redundancy u + 1 is given as,

Aw (u+1) = A (u) + exp( — P X (1/a(u) —1/046) (12)

where, Ay, () signifies Henry coefficient for cluster w at iteration u, o symbolize temperature, o’ refers constant
in such a way that o’ = 298.15.

Initialize population

‘ Divide Population into Clusters using Henry |
Constant

’ Compute Each Cluster |

v

I Identify Best Choice and Check Handler |

v

e
>

- \\

- e
_d ‘While e

U<Upax

" For each search -
agent e
//

| Update Position |

1
\ 4

| Update Henry Coefficient Each Gas |

v

| Revise Solubility for all Gases |

v

[ Grade and Pick bad Assistants J

»al
Vv

Updates and Return Best Solution

¥

Fig. 4. Flowchart of HGCSO.
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Step 6: Update Solubility
The solubility is specified as,

Now (u) =2 X A (u+ 1) X Ko (u) (13)

where, K, ., (u) signifies biased force on gas o in cluster w, and x is constant, and A\, (u + 1) refers Henry
coefficient to the cluster w at redundancy u + 1.

where, K., (u)denotes limited pressure on gas oin clusterw, and xis constant, and A, (u + 1)denotes to the
cluster w Henry coefficient at iteration u + 1.

Step 7: Update Position

The HGSO is adapted to strengthen algorithm performance and resolve optimization issues. According to
HGSO!?, the update equation is,

Mow (u+1) = Mow (u) + X XY X B(Mopest (4) — Mow (0)) + X XY X Y(Row(t) X Mpest(u) — Mow(w)) (14)

where, M, ., (u) refers position of gas oin cluster w, Y refers constant, u indicates iteration time, Mo pest (1)
indicates best gas o in cluster w, Myes: () signifies optimum gas in swarm, 3 implies the gas capability o, and
v denotes influence in gas o by other gases in cluster w, and X denotes flag that alters the direction of the search
agent and R, ., (u) refers solubility of gas o in cluster w.

Here, the gas o ability is,

Xbest (u) + 12
={fxerp| ———F7=— 15
B p( Xou(n) 110 (15)
where, Xpes: () signifies fitness of best gas in the whole system, and p is constant where i = 0.05.
Here, the temperature is given as,
a(u) = exp(—u/Umaz) (16)

where, wmazrefers total number of iterations.

The aforementioned equation can be rewritten as,

Mow(u+1) = Mow(u) (1 = XYB — XY7) + XY BMopest(u) + XY YRow(u) X Mpese(u) — (17)

According to CSO?, the group-mate roosters are followed for searching food. In addition, they also arbitrary
steal the good food discovered by other chickens and this process is given by,

Mo w(u+ 1) = Mow(u) + K1 % Rand * (M, w(u) — Mow(u)) + Ko * Rand x (Myy,w(u) — Mo.w(u)) (18)

where, Rand signifies a uniform arbitrary number amongst 0 to 1, 71 refers rooster index, 2 symbolizes chicken
index, M, . (u) indicates current position of hen, K1 and K> represent the random numbers, M, w(u)
represent the position of rooster and M, ., (u) indicate the position of chicken.

Mo,w(u+1) =Mow(u) + K1 % Rand * My, w(u) — K1 * Rand « Mo (u) + Ko

* Rand * My, w(u) — Ko * Rand x M, ., (u)
Mow(u+ 1) =My (u) (1 — K1 % Rand — Kz * Rand) + K1 * Rand * My, w(u) + K2 * Rand * My, (u) (19)
_ M, w(u+1) — Ky x Rand * My w(u) — Ko * Rand * My, .,(u)

Alo w
w(®) 1— K1 * Rand — K» * Rand

Substituting equation (19) in equation (17),
—[KiRandMy, (u) + KaRandMy, (u)] [1 — XY 8 — XY7]
+XY [BMopest(u) + YRo,w () Mpest (u)] [1 — K1 Rand — Ko Rand) (20)
XY (B+7v) — Rand(K1 + K2)

Mo w(u+1) =

The final update of HGCSO is shown as,

XY [BMo pest () + 7 Rovw (1) Myese ()] [1 — K1 Rand — K2 Rand]
—[K1RandMy, w(u) + KoRandM,, »(u)] [1 — XY — XY~ (21)

XY (8 +7v) — Rand(K1 + K2)

Mow(u+1)=
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Step 8: Local optima of escape:
Here, the step is used to escape from local optima. The rank and choose count of worst agents as,

lo =€ X (rand (w2 —w1) + w1),w1 = 0.1 and w2 = 0.2 (22)

where, £ symbolize count of search agents.

Step 9: Update worst search agents position
P(o,w)=Pmin(o,w) +ux (pmax(o,w) 7pmin(o,w)) (23)

where, p(,,.) refers position of gas oin cluster w, e signifies random number, and pmin and pmaz are limits of
difficulty.

Step 10:Fitness re-computation: The fitness is re-evaluated wherein the solution linked to the highest fitness is
employed in routing.

Step 11: Terminate: The optimum weights are generated in a repeated manner until the highest iteration is
accomplished.

Input: Search agent population M
Output: Best search agent Mp,,
Begin:
. Initiation of different algorithmic limits
. Dividing those populace towards clusters using Henry constant A
. Compute each cluster w
Acquire best choice gas M, .5 and correct check handler Mj,y,
While u < tmax
. For search agent do
. Update position using equation
XY [[BM(,_M, (1) 4+ YR, (1) Mpeg (u)} [1 — K\Rand — K>Rand|
My(u+1) = —|KiRandM,, ,,(u) + KxRandM,, ,,(u)] [1 — XY B — XYY
oW XY (B+Yy)—Rand (K| +K3)
9. End for
10. Update Henry coefficient of each gas using equation
Ao (u+1) = A (1) +exp(— 0y x (1/a(u) —1/a®))
11. Revise solubility from all gas utilizing equation
Now(u) =x X Ayp(u+1) X Ky ()
12. Grade and pick bad assistants
13. Update best gas M,, 5.5 and best search agent M,
14. End while
15, u=u+1
16. Return M,
17. End

XN A W=

Algorithm 1. Pseudo code HGCSO

Plant disease classification using proposed CHGCSO-based DRN
The classification of plant disease is done with CHGCSO-based DRN. Consider a dataset J having i rice plant
images, and is expressed as,

J={h,I,....1s,..., I} (24)

where, I, signifies £*" input image, and i symbolize total images.

Pre-Processing using median filter

Here, the group of input images J is adapted as input for the median filter. Median filter (https://towardsdatascie
nce.com/image-processing-class-egbe443-4-filters-aal037676130) is a smoothing method that reduces the edge
blurring in which the notion is to replace the current point of the image with median. Furthermore, the median
filter assists to discard the impulse noise. It is represented as,
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I'(d,e) + median {I(d + k,e + j)|(k,7) € K} (25)

where, I(d + k, e + j) symbolize corresponding image element,(k, j) signifies position of image, and K refers
moving region. The pre-processed output is expressed as P.

Extraction of features

Once the pre-processing is done, the extraction of features is done for effective plant disease classification. P
is adapted as input for extracting features. Here, the features, like HoG, LTP, SLIF, and statistical features are
adapted for further analysis. The feature vector is expressed as,

C ={C1,C3,C3,C4,C5,Cs,C7,Cs} (26)

where, C1 symbolizes HoG feature, C> represents a mean feature, C3 signifies variance feature, Cy refers
standard deviation feature, C5 is skewness, Cg is kurtosis feature, C'7 is SLIE, Cy is LTP feature.

Classification of plants using proposed CHGCSO-based DRN
The classification of plant disease is done with CHGCSO-based DRN.

a) Training of DRN with CHGCSO algorithm

The CAViaR!® model indicates the evolution of quantile in contrast to time considering an autoregressive
procedure, and evaluates the attributes with respect to regression quantiles. This statistical method helps
compute the potential loss over a certain time period, based on historical records. The HGCSO is formulated by
combining HGSO and CSO, leveraging the benefits of both algorithms.

Step I: Initialization: The solution initialization is formulated as,

M:{M17M2>~'7MM7“WM”7};1SMST]} (27)

where, expresses total solution and 7}, symbolizes 11*"solution.

Step 2 Discovery of Error: The optimal solution is found using the error function, which is formulated as a
minimization problem, as shown:
RN ’
MSerr ==Y [Kn— O] (28)
= 52

h=1

where, K, signifies expected output, and O denotes output of classifier, g symbolizes entire data samples, such
thatl < h < g.

Step 3: Find update solutions:
To generate global optimum solution, the proposed HGCSO is adapted, which is given as,

XY [BMopest (1) + YRo,w (1) Mpest (u)] [1 — K1Rand — K2 Rand]
—[K1RandMy, w(u) + KoRandM,, (u)] [1 — XY — XY~ (29)

Mo,w(u + 1) = XY(B + "y) — Rand(K1 + K?)

Subtract M, ., (u) on both sides,

XY [BMopest(u) + YRo,w(w) Mpest (u)] [1 — K1 Rand — K2 Rand]
_ —[KiRandMr, w(u) + Kz RandM;, (u)] [1 = XY 8 — XY7] (30)
Mow(u+1) — Mo w(u) = XY (35 7) = Rand(Kr + K3) — Mo,w(u)

As per CaViaR!?, the update equation is given by the current and past observation and is expressed as,

X P

Mow(u) =80+ Y 01 % Mouw(u— 1)+ > Suf(Mo,w(u— w)) (31)
o=1 w=1

where,d represents a vector of unknown parameter, M, .,(u) represents current autoregressive quantile, and

Mo, (u — 1) is the previous autoregressive quantile, f[.]Jrepresents fitness of solution, and w is constant.

Assume x = p = 2,
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Mo,w(u) :50 + 61M0,w(u - 1) + 62Mo,w(u - 1) + 61f(Mo,w(u - 1)) + 62f(Mo,w(U - 2)) (32)
Mo, (u) =80 + 01 (Mo,w(u — 1) + f(Mo,w(u — 1)) + d2(Mo,w(u — 1) + f(Mo,w(u — 2)) (33)

After substituting equation (33) in equation (30) in RHS, the final update of CHGCSO is given as,

Mo +1) = Mo (u) = 5 69

where,

A =XY [BMopest (u) + YRo,w (u) Myest (u)] [1 — K1Rand — Kz Rand)
— [KiRandM,, v (u) + KoRandM,, o (w)] [1 — XY B — XY7]
B =XY (8 +v) — Rand(K1 + K2) — 60 — 61 (Mo,w(u — 1) + f(Mow(u — 1))
— 82 (Mo (u = 1) + f(Mow(u — 2))

(35)

(36)

where Rand signifies an arbitrary number between 0 to 1, K; and K> represent the random numbers, Yrefers
constant, u indicates iteration time, M, pes¢ (1) indicates best gas o in cluster w, M, ., (u) represent the position
of the rooster and M., ., (u) indicate the position of chicken, Mpyes¢(u) denotes optimum gas in swarm, 3
implies the capability of gas o, and v denote impact of other gases on gas o in cluster w, and X denote flag that
alters search agent direction and Ro,., () refers solubility of gas o in cluster w, § implies an unknown parameter
vector, M, .,(u) denotes present autoregressive quantile, and M, ., (u — 1) is the preceding autoregressive
quantile, f[.] represents solution fitness.

Step 4 Evaluation of Best Solution: After recomputing the error for each solution, the one showing the least
error is selected as the optimal solution.

Step 5 Termination: The procedure is repeated until the optimal disease detection solution is obtained, and
the process is terminated after reaching the maximal iteration %maz -

Results and discussion
The efficiency of CHGCSO+DRN is evaluated by varying training data using 100 and 200 nodes.

Experimental setup
The CHGCSO+DRN are implemented on Matlab and Windows 10 OS having 2GB RAM and Intel Core
processor.

Dataset

The rice leaf diseases dataset (https://archive.ics.uci.edu/ml/datasets/Rice+Leaf+Diseases) comprises three
classes of diseases that include Brown spot, bacterial leaf blight, and Leaf smut wherein each class contains 40
images. The dataset is multivariate, featuring integer attributes, with 120 instances and a total of 57,566 web hits.
The dataset was created by manually dividing infected leaves into distinct classes based on disease type.

Experimental outcomes

Figure 5 displays the experimental outcomes of CHGCSO+DRN. Here, the input rice leaf image is revealed in
Figure 5a). The pre-processed image is revealed in Figure 5b). The HoG feature extracted image is depicted in
Figure 5c¢). The LTP feature extracted image is displayed in Figure 5d).

Evaluation measures
Sensitivity, energy, accuracy, F1-score, specificity and ROC are the considered evaluation metrics in this model.

Comparative assessment
The techniques taken for the assessment include SCA based RideNN?*, RF+SVM+LR*¢, DCNN?%, Residual
network (ResNet)'4, MCFN*>, ESRGAN*?, and CHGCSO+DRN.

a) Evaluation utilizing 100 nodes

Figure 6 exposes comparative analysis with 100 nodes. The accuracy results are shown in Figure 6(a). For
90% of data, the testing accuracy measured by SCA based RideNN, RF+SVM+LR, DCNN, ResNet, MCFN,
ESRGAN, and CHGCSO+DRN are 0.784, 0.767, 0.776, 0.826,0.784, 0.767, and 0.868. The sensitivity result is
presented in Figure 6(b). For 90% of training data, the sensitivity analyzed by SCA based RideNN, RF+SVM+LR,
DCNN, ResNet, MCFN, ESRGAN, and CHGCSO+DRN are 0.790, 0.775, 0.735, 0.769, 0.741, 0.756, and 0.846.
The specificity result is shown in Figure 6(c). For 90% of training data, the specificity analyzed by SCA based
RideNN, RF+SVM+LR, DCNN, ResNet, MCEN, ESRGAN, and CHGCSO+DRN is 0.796, 0.786, 0.814, 0.819,
0.776, 0.826, and 0.888. The review with fl-score is displayed in Figure 6(d). For 90% of training data, the f1-
score evaluated by SCA based RideNN, RF+SVM+LR, DCNN, ResNet, MCEN, ESRGAN, and CHGCSO+DRN
are 0.773,0.757, 0.765, 0.815, 0.773, 0.757, and 0.855. The ROC analysis is displayed in Figure 6(e). When FPR is
10, the TPR of SCA based RideNN, RF+SVM+LR, DCNN, ResNet, MCFN, ESRGAN, and CHGCSO+DRN are
1,1,1,1, 1, and 1. The values of AUC are 0.5098, 0.5207, 0.5274, 0.5396, 0.541, and 0.5575.

b) Evaluation utilizing 150 nodes
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(a)
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Fig. 5. Experimental outcomes of developed CHGCSO+DRN with (a) Input Image (b) Pre-processed Image
(c) HoG feature Extracted Image (d) LTP Feature Extracted Image.

The estimation of techniques with 150 nodes is exposed in Figure 7. The accuracy results are provided in
Figure 7(a). When training data is 50%, the accuracy measured by SCA based RideNN, RF+SVM+LR, DCNN,
ResNet, MCFN, ESRGAN, are 0.598, 0.606, 0.649, 0.694, 0.774, 0.796, and the CHGCSO+DRN is 0.774.
The sensitivity result is given in Figure 7(b). For 50% of training data, the sensitivity created by SCA based
RideNN, RF+SVM+LR, DCNN, ResNetMCEN, ESRGAN, are 0.600, 0.612, 0.633, 0.665,0.796, 0.815, and the
CHGCSO+DRN is 0.750. The specificity result is shown in Figure 7(c). For 50% of training data, specificity
obtained by SCA based RideNN, RF+SVM+LR, DCNN, ResNet, MCEN, ESRGAN, are 0.655, 0.660, 0.686,
0.704, 0.816, 0.825, whereas the CHGCSO+DRN is 0.752. The fl-score analysis is shown in Figure 7(d). For
90% of training data, the fl1-score evaluated by SCA based RideNN, RF+SVM+LR, DCNN, ResNet, MCFN,
ESRGAN, and CHGCSO+DRN are 0.815, 0.798, 0.806, 0.859, 0.763, 0.785, and 0.902. The ROC analysis is
displayed in Figure 7(e). When FPR is 10, the TPR of SCA based RideNN, RF+SVM+LR, DCNN, ResNet,
MCEFN, ESRGAN, and CHGCSO+DRN are 1,1, 1, 1, 1, and 1. The values of AUC are 0.5128, 0.5287, 0.5354,
0.5446, 0.5653, and 0.5885.

c) Evaluation utilizing 200 nodes
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Fig. 6. Comparative of methods with 100 nodes using (a) Testing accuracy (b) Sensitivity (c) Specificity (d)
F1-score (e) ROC.

Figure 8 shows estimate of methods accompanying 200 nodes. The accuracy result is revealed in Figure 8(a).
For 90% of training data, the accuracy generated by SCA based RideNN is 0.933, RE+SVM+LR is 0.831, DCNN
is 0.854, ResNet is 0.867, MCFN is 0.825, ESRGAN is 0.816, and CHGCSO+DRN is 0.943. The sensitivity result
is conferred in Figure 8(b). For 90% of training data, the sensitivity obtained by SCA based RideNN is 0.889,
RF+SVM+LR is 0.883, DCNN is 0.904, ResNet is 0.860, MCFN is 0.816, ESRGAN is 0.825, and CHGCSO+DRN
is 0.933. The evaluation of specificity is presented in Figure 8(c). For 90% of training data, the specificity
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Fig. 7. Comparative with 150 nodes using (a) Accuracy (b) Sensitivity (c) Specificity (d) F1-score (e) ROC.

generated by SCA located RideNN is 0.831, RF+SVM+LR is 0.747, DCNN is 0.749, ResNet is 0.912, MCFN is
0.825, ESRGAN is 0.816, and CHGCSO+DRN is 0.920. The f1-score estimation is given in Figure 8(d). For 90%
of training data, the f1-score judged by SCA located RideNN, RF+SVM+LR, DCNN, ResNet, MCFN, ESRGAN,
and CHGCSO+DRN are 0.920, 0.820, 0.842, 0.855, 0.814, 0.805, and 0.930. The ROC analysis is displayed in
Figure 8(e). When FPR is 10, the TPR of SCA based RideNN, RF+SVM+LR, DCNN, ResNet, MCFN, ESRGAN,
and proposed CHGCSO+DRN are 1,1, 1, 1, 1, and 1. The values of AUC are 0.5245, 0.5347, 0.5524, 0.5696,

0.5815, and 0.6035.
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Fig. 8. Assessment with 200 nodes using (a) Accuracy (b) Sensitivity (c) Specificity (d) f1-score (e) ROC.

K-Fold cross validation
Table 2 represents the analysis based on k-fold cross validation by considering 100, 150, and 200 nodes based on
all evaluation metrics. Here, the performance is increased when increasing the k-fold and the maximum results
are obtained at k-fold=9.
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Metrics K-Fold/ Methods ‘ 5 ‘ 6 ‘ 7 ‘ 8 ‘ 9
100 nodes
SCA located RideNN | 0.559 | 0.625 | 0.734 | 0.743 | 0.772
RF+SVM+LR 0.566 | 0.575 | 0.673 | 0.714 | 0.756
DCNN 0.606 | 0.633 | 0.684 | 0.723 | 0.764
Accuracy | ResNet 0.648 | 0.688 | 0.724 | 0.773 | 0.814
MCFN 0.625 | 0.644 | 0.679 | 0.732 | 0.772
ESRGAN 0.634 | 0.657 | 0.688 | 0.724 | 0.756
CHGCSO+DRN 0.724 | 0.753 | 0.802 | 0.833 | 0.855
SCA located RideNN | 0.565 | 0.648 | 0.746 | 0.764 | 0.778
RF+SVM+LR 0.576 | 0.588 | 0.668 | 0.724 | 0.763
DCNN 0.595 | 0.648 | 0.684 | 0.705 | 0.724
Sensitivity | ResNet 0.626 | 0.675 | 0.705 | 0.725 | 0.757
MCFN 0.606 | 0.626 | 0.673 | 0.714 | 0.730
ESRGAN 0.636 | 0.662 | 0.683 | 0.724 | 0.745
CHGCSO+DRN 0.706 | 0.724 | 0.778 | 0.814 | 0.833
SCA located RideNN | 0.576 | 0.639 | 0.746 | 0.756 | 0.784
RF+SVM+LR 0.599 | 0.635 | 0.692 | 0.734 | 0.774
DCNN 0.624 | 0.677 | 0.704 | 0.780 | 0.802
Specificity | ResNet 0.640 | 0.690 | 0.727 | 0.790 | 0.806
MCEN 0.616 | 0.648 | 0.684 | 0.724 | 0.764
ESRGAN 0.644 | 0.705 | 0.732 | 0.803 | 0.813
CHGCSO+DRN 0.704 | 0.763 | 0.822 | 0.853 | 0.874
SCA located RideNN | 0.551 | 0.616 | 0.724 | 0.733 | 0.761
RF+SVM+LR 0.558 | 0.567 | 0.664 | 0.704 | 0.745
DCNN 0.598 | 0.624 | 0.675 | 0.713 | 0.753
Fl-score | ResNet 0.639 | 0.678 | 0.713 | 0.762 | 0.803
MCFN 0.616 | 0.635 | 0.670 | 0.722 | 0.761
ESRGAN 0.625 | 0.648 | 0.678 | 0.713 | 0.745
CHGCSO+DRN 0.713 | 0.743 | 0.791 | 0.821 | 0.843
150 nodes
SCA located RideNN | 0.589 | 0.659 | 0.774 | 0.784 | 0.814
RF+SVM+LR 0.596 | 0.606 | 0.710 | 0.753 | 0.797
DCNN 0.639 | 0.667 | 0.722 | 0.763 | 0.806
Accuracy | ResNet 0.683 | 0.726 | 0.763 | 0.815 | 0.858
MCFN 0.657 | 0.674 | 0.734 | 0.752 | 0.762
ESRGAN 0.673 | 0.684 | 0.734 | 0.757 | 0.784
CHGCSO+DRN 0.763 | 0.794 | 0.846 | 0.878 | 0.901
SCA located RideNN | 0.591 | 0.678 | 0.780 | 0.800 | 0.814
RF+SVM+LR 0.603 | 0.615 | 0.699 | 0.758 | 0.798
DCNN 0.623 | 0.678 | 0.716 | 0.737 | 0.757
Sensitivity | ResNet 0.655 | 0.707 | 0.738 | 0.759 | 0.792
MCFN 0.679 | 0.714 | 0.745 | 0.772 | 0.784
ESRGAN 0.694 | 0.726 | 0.753 | 0.784 | 0.803
CHGCSO+DRN 0.738 | 0.758 | 0.814 | 0.852 | 0.871
SCA located RideNN | 0.645 | 0.673 | 0.785 | 0.795 | 0.825
RF+SVM+LR 0.650 | 0.668 | 0.728 | 0.773 | 0.814
DCNN 0.676 | 0.712 | 0.740 | 0.821 | 0.844
Specificity | ResNet 0.693 | 0.726 | 0.765 | 0.832 | 0.848
MCFEN 0.664 | 0.706 | 0.753 | 0.784 | 0.861
ESRGAN 0.687 | 0.726 | 0.774 | 0.804 | 0.823
CHGCSO+DRN 0.741 | 0.803 | 0.865 | 0.878 | 0.890
Continued
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Metrics K-Fold/ Methods 5 6 7 8 9
SCA located RideNN | 0.581 | 0.650 | 0.763 | 0.773 | 0.802
RF+SVM+LR 0.588 | 0.598 | 0.700 | 0.743 | 0.786
DCNN 0.630 | 0.658 | 0.712 | 0.752 | 0.794

Fl-score | ResNet 0.674 | 0.715 | 0.752 | 0.803 | 0.846
MCFN 0.648 | 0.665 | 0.724 | 0.741 | 0.751
ESRGAN 0.664 | 0.675 | 0.724 | 0.746 | 0.773
CHGCSO+DRN 0.752 | 0.783 | 0.834 | 0.866 | 0.888
200 nodes
SCA located RideNN | 0.646 | 0.689 | 0.771 | 0.776 | 0.919
RF+SVM+LR 0.566 | 0.702 | 0.780 | 0.809 | 0.819
DCNN 0.548 | 0.575 | 0.747 | 0.766 | 0.841

Accuracy | ResNet 0.647 | 0.683 | 0.731 | 0.776 | 0.854
MCFN 0.654 | 0.665 | 0.724 | 0.768 | 0.813
ESRGAN 0.674 | 0.714 | 0.763 | 0.784 | 0.804
CHGCSO+DRN 0.781 | 0.833 | 0.873 | 0.899 | 0.929
SCA located RideNN | 0.714 | 0.726 | 0.733 | 0.739 | 0.876
RF+SVM+LR 0.683 | 0.729 | 0.810 | 0.850 | 0.870
DCNN 0.611 | 0.644 | 0.784 | 0.819 | 0.891

Sensitivity | ResNet 0.515 | 0.621 | 0.776 | 0.827 | 0.847
MCFN 0.692 | 0.734 | 0.745 | 0.792 | 0.804
ESRGAN 0.714 | 0.745 | 0.757 | 0.812 | 0.813
CHGCSO+DRN 0.779 | 0.843 | 0.883 | 0.899 | 0.919
SCA located RideNN | 0.743 | 0.755 | 0.776 | 0.779 | 0.818
RF+SVM+LR 0.661 | 0.708 | 0.724 | 0.732 | 0.736
DCNN 0.566 | 0.684 | 0.720 | 0.724 | 0.738

Specificity | ResNet 0.688 | 0.755 | 0.802 | 0.818 | 0.899
MCFN 0.713 | 0.724 | 0.763 | 0.793 | 0.844
ESRGAN 0.764 | 0.784 | 0.791 | 0.811 | 0.862
CHGCSO+DRN 0.776 | 0.791 | 0.802 | 0.834 | 0.907
SCA located RideNN | 0.647 | 0.690 | 0.772 | 0.776 | 0.920
RF+SVM+LR 0.567 | 0.703 | 0.781 | 0.810 | 0.820
DCNN 0.549 | 0.575 | 0.748 | 0.767 | 0.842

Fl-score | ResNet 0.647 | 0.684 | 0.731 | 0.777 | 0.855
MCFN 0.654 | 0.665 | 0.725 | 0.768 | 0.814
ESRGAN 0.675 | 0.715 | 0.764 | 0.785 | 0.805
CHGCSO+DRN 0.782 | 0.834 | 0.874 | 0.899 | 0.930

Table 2. Analysis on K-Fold cross validation.

Analysis based on routing

Figure 9shows the analysis based on routing. In this research, the routing performance of the devised model
is compared with other routing techniques, such as Competitive Shuffled Shepherd Optimization (CSSO)'2,
Sunflower EarthWorm (S-EWA)*!, and Novel Intelligent Robust Optimized Dynamic and Efficient Cluster
(NIRODEC) protocol®. The residual energy metric is considered for the evaluation and Figures 9a), 9b), and
9¢) denote the assessment based on 100, 150, and 200 nodes respectively. When the number of rounds 1000, the
residual energy obtained by the CSSO, S-EWA, NIRODEC protocol, and the devised scheme is 0, 0, 0, and 0.033
for 100 nodes, 0.001, 0.001, 0.001, and 0.046 for 150 nodes, and 0.006, 0.009, 0.011, and 0.059 for 200 nodes,
respectively.

Ablation study

Table 3 shows the ablation study of the CHGCSO+DRN. Here, the performance of the CHGCSO+DRN is
compared with each individual component and the performance is high for CHGCSO+DRN for all evaluation
metrics. The evaluation is done by considering different nodes.

Comparative discussion

Table 4 depicts the evaluation accompanying 100, 150 and 200 nodes. Here, we discuss the best results. Utilizing
200 nodes, the very high evaluating accuracy of 0.943, specificity of 0.920, sensitivity of 0.933, and F1-score of
0.930 is calculated by the CHGCSO+DRN. The reasons for the better performance of the devised approach are
discussed below: In the devised approach, the HGCSO is devised by combining HGSO and CSO, which inherit
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Fig. 9. Assessment based on routing (a) 100 nodes, (b) 150 nodes, and (c) 200 nodes.

the advantages of both algorithms. Here, the HGSO is effective in addressing the engineering design issues
whereas the CSO can acquire enhanced optimization outcomes in both robustness and accuracy. The proposed
CHGCSO is developed by combining the CAViaR model and HGCSO is used to train DRN. The CAViaR model
indicates the evolution of quantile in contrast to time considering an autoregressive procedure and evaluates the
attributes with respect to regression quantiles. It is a statistical method, which is utilized to compute the quantity
of potential loss that could occur over a particular time period using past records. Thus, the effectiveness of the

devised approach is optimum than the conventional approaches.
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100 nodes
Methods/ Training data | DRN | HGSO+DRN | CSO+DRN | Proposed CHGCSO+DRN
Accuracy
50 0.697 | 0.712 0.727 0.735
60 0.738 | 0.742 0.757 0.765
70 0.797 | 0.790 0.806 0.815
80 0.817 | 0.820 0.837 0.846
90 0.835 | 0.842 0.859 0.868
Sensitivity
50 0.656 | 0.695 0.709 0.716
60 0.682 | 0.713 0.728 0.735
70 0.697 | 0.766 0.782 0.789
80 0.746 | 0.802 0.818 0.826
90 0.786 | 0.820 0.837 0.846
Specificity
50 0.668 | 0.693 0.707 0.715
60 0.718 | 0.751 0.767 0.775
70 0.761 | 0.810 0.826 0.835
80 0.811 | 0.840 0.857 0.866
90 0.849 | 0.861 0.879 0.888
Fl-score
50 0.687 | 0.703 0.717 0.724
60 0.728 | 0.731 0.746 0.754
70 0.785 | 0.779 0.795 0.803
80 0.806 | 0.809 0.825 0.834
90 0.823 | 0.830 0.847 0.855
150 nodes
Methods/ Training data | DRN | HGSO+DRN | CSO+DRN | Proposed CHGCSO+DRN
Accuracy
50 0.699 | 0.751 0.767 0.774
60 0.709 | 0.782 0.798 0.806
70 0.718 | 0.833 0.850 0.859
80 0.777 | 0.865 0.883 0.892
90 0.797 | 0.887 0.906 0.915
Sensitivity
50 0.718 | 0.727 0.742 0.750
60 0.738 | 0.746 0.762 0.769
70 0.787 | 0.801 0.818 0.826
80 0.797 | 0.839 0.856 0.865
90 0.837 | 0.858 0.876 0.885
Specificity
50 0.708 | 0.729 0.744 0.752
60 0.738 | 0.791 0.807 0.815
70 0.788 | 0.852 0.869 0.878
80 0.828 | 0.864 0.882 0.891
90 0.856 | 0.877 0.895 0.904
Fl-score
50 0.689 | 0.741 0.756 0.764
60 0.699 | 0.771 0.787 0.795
70 0.708 | 0.821 0.838 0.847
80 0.766 | 0.853 0.870 0.879
90 0.785 | 0.875 0.893 0.902
200 nodes
Methods/ Training data | DRN | HGSO+DRN | CSO+DRN | Proposed CHGCSO+DRN
Accuracy
50 0.738 | 0.769 0.785 0.793
60 0.776 | 0.820 0.837 0.846
Continued
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200 nodes
Methods/ Training data | DRN | HGSO+DRN | CSO+DRN | Proposed CHGCSO+DRN
70 0.818 | 0.860 0.878 0.887
80 0.838 | 0.885 0.903 0.912
90 0.856 | 0.915 0.934 0.943
Sensitivity
50 0.738 | 0.767 0.783 0.791
60 0.806 | 0.830 0.847 0.856
70 0.857 | 0.870 0.888 0.897
80 0.876 | 0.885 0.903 0.912
90 0.907 | 0.905 0.924 0.933
Specificity
50 0.771 | 0.764 0.780 0.788
60 0.791 | 0.779 0.795 0.803
70 0.796 | 0.790 0.806 0.815
80 0.822 | 0.821 0.838 0.847
90 0.881 | 0.893 0.911 0.920
Fl-score
50 0.728 | 0.758 0.774 0.782
60 0.765 | 0.809 0.826 0.834
70 0.807 | 0.848 0.866 0.874
80 0.826 | 0.872 0.890 0.899
90 0.844 | 0.902 0.921 0.930
Table 3. Ablation Study.
Nodes Metrics SCA based RideNN | RF+SVM+LR | DCNN | ResNet | MCEN | ESRGAN | Proposed CHGCSO+DRN
Accuracy | 0.784 0.767 0.776 0.826 0.784 0.767 0.868
100 nodes Sensitivity | 0.790 0.775 0.735 0.769 0.741 0.756 0.846
Specificity | 0.796 0.786 0.814 0.819 0.888
Fl-score 0.773 0.757 0.765 0.815 0.773 0.757 0.855
Accuracy | 0.826 0.809 0.818 0.871 0.774 0.796 0.915
150 nodes Sensitivity | 0.826 0.810 0.768 0.805 0.796 0.815 0.885
Specificity | 0.837 0.827 0.857 0.861 0.875 0.835 0.904
F1-score 0.815 0.798 0.806 0.859 0.763 0.785 0.902
Accuracy | 0.933 0.831 0.854 0.867 0.825 0.816 0.943
200 nodes Sensitivity | 0.889 0.883 0.904 0.860 0.816 0.825 0.933
Specificity | 0.831 0.747 0.749 0.912 0.856 0.875 0.920
Fl1-score 0.920 0.820 0.842 0.855 0.814 0.805 0.930
Table 4. Comparative Discussion.
Methods Computation time (sec)
SCA based RideNN | 44.562
RF+SVM+LR 43.675
DCNN, 48.367
MCEFN 41.537
ESRGAN 40.966
DRN 47.895
ResNet 45.736
CHGCSO+DRN 39.671
Table 5. Analysis based on Computation Time.
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Analysis based on computation time

Table 5 displays the analysis based on computation time. Here, when comparing the existing methods, like,
SCA based RideNN, RF+SVM+LR, DCNN, MCEN, ESRGAN, DRN, ResNet, and the CHGCSO+DRN attains
minimum computation time.

Conclusion and future work

A novel model has been developed for plant disease classification in an IoT network. The process begins with
the simulation of the IoT network to monitor crop diseases. Routing is performed using the HGCSO algorithm,
where the fitness function incorporates energy, delay, distance, and LLT. At the BS, plant disease classification
is conducted by collecting images of rice crops. Each rice crop image undergoes preprocessing, with median
filtering applied to eliminate noise. Then, feature extraction is performed to identify key characteristics. Finally,
plant disease classification is achieved using a Deep Recurrent Network (DRN), where the DRN is trained with
the CHGCSO algorithm. The CHGCSO is a hybrid model combining the CAViaR model and HGCSO. The
CHGCSO-based DRN outperforms existing methods, achieving a maximum accuracy of 94.3%, sensitivity of
93.3%, specificity of 92%, and an F1-score of 93%. In future, the applicability of the model will be extended
beyond rice crops to support disease detection in a variety of plant types, enabling broader usage in agriculture.
Also, the test will be conducted under different environmental conditions and IoT network configurations to
evaluate and enhance the reliability of the model and accuracy across diverse real-world scenarios.

Data availability
The data and code supporting this study’s findings are available from the corresponding author upon reasonable
request.
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