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The need for agricultural innovation arises from the growing demand for efficient methods
to detect and manage crop diseases. The existing methods for leaf disease are time-
consuming and labour-intensive. Recently, the arrival of artificial intelligence like machine
learning (ML) and deep learning (DL)models considerably improved the agriculture field.
It supports precise agriculture, real-time detection systems, and automated solutions. In this
work, a new DL model called LeafInsightNet is proposed for disease classification in betel
leaves. LeafInsightNet involves different multistage processes like a pre-trained ResNet-18
encoder, DynamicConvolutionBlock and Dual-Stage Attention mechanisms. This
integration allowed for the extraction of relevant features from the leaf. Then, the
metaheuristic algorithm of Starfish Optimization is used to select optimal features from
extracted features. Finally, the parameter-tuned random forest (RF) classifier is applied for
disease classification. Additionally, the system is integrated with a low-cost real-time
detection robot. This robot is equipped with an ESP controller and Wi-Fi module which
allows remote monitoring and disease detection. The robot's interface is designed with a
Flask server for real-time interaction and control. The architecture and system are optimized
for ease of use, cost-effectiveness, and real-time applicability. To further evaluate the
model’s practicality in energy-constrained and real-time environments, LeafInsightNet is
tested on three hardware platforms: GPU (NVIDIA RTX 3060), ESP32 microcontroller, and
Field-Programmable Gate Array (FPGA) (Xilinx Zyng-7000). The FPGA implementation
achieves a good trade-off between inference speed, power consumption and accuracy. The
implementation results indicate that LeafInsightNet is suitable for low-power and real-time
agricultural robotic disease detection with scalable field deployment.

1. INTRODUCTION

error. As a result, these methods failed to detect diseases at an
early stage and led to significant losses. There is a need for

Betel leaf (Piper betel) holds significant cultural, medicinal,
and economic value, especially in countries across Asia where
it is widely cultivated [1]. Betel leaves are used in various
forms, including in the preparation of betel quid, which is
chewed for its stimulating effects. Beyond its cultural
importance, betel leaf is also a key agricultural commodity
with its cultivation contributing to the livelihoods of many
farmers [2]. However, the health and productivity of betel leaf
plants are severely impacted by diseases. It is affected by the
various diseases of downy mildew, leaf spot, and blight. The
cause of this disease leads to a drop in both the quality and
yield of the crop. These diseases not only threaten farmers’
incomes but also affect the marketability of betel leaves.

Timely detection and effective monitoring of leaf diseases
are needed to control the spread of plant infections [3]. The
conventional methods use manual inspection for disease
detection. It consumes more time and is subject to human
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more accurate and automated disease monitoring systems.

Image-based detection systems have emerged as an
effective solution for disease classification in plants [4]. This
system applies machine learning (ML) and deep learning (DL)
models for the accurate detection of leaf detection and
classification. It includes different stages of preprocessing,
feature extraction and classification. The performance of a
system depends on the filter types used for preprocessing and
the types of architecture used for feature extraction. The
different ML and DL models used for classification like
support vector machine, AdaBoost, and Convolutional Neural
Network (CNN) [5]. This model can automatically analyze
betel leaf images and detect early signs of disease with its type
of infection [6].

But still, the current methods for crop disease detection face
several challenges. One of the major limitations is the
complexity of feature extraction. The conventional feature
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extraction techniques struggled to capture the intricate details
and subtle variations in leaf patterns caused by diseases.
Moreover, many models are based on pre-trained networks
without training them to specific datasets such as betel leaves.
This leads to limited accuracy in disease classification.
Additionally, robotic systems used for real-time disease
detection are often prohibitively expensive which makes them
inaccessible to small-scale farmers. These systems use high-
end controllers, sensors, and computational resources which
significantly increase the overall cost. The high cost and
complexity of robotic solutions limit their use for farmers to
adopt scalable and affordable disease management systems.

This work proposes a cost-effective solution by combining
anovel DL model and a real-time detection robot. It integrates
the DL model of LeafInsightNet for accurate betel leaf disease
classification and the ESP controller with Flask interface for
real-time detection. The proposed LeaflnsightNet introduces
several unique innovations that set it apart from conventional
deep learning models for plant disease classification:

* Dynamic Convolution for Adaptive Feature Extraction.

* Compared to traditional static convolution kernels,
dynamic convolution in LeaflnsightNet adaptively adjusts its
filters based on the input features.

* Dual-Stage Attention Mechanism for Enhanced Feature
Refinement.

The incorporation of both spatial and channel attention is
used for the model to selectively emphasise disease-relevant
regions of the leaf and suppress background noise and
redundant information.

(1) Synergistic Integration of Dynamic Convolution and
Attention

The combination of dynamic convolution and dual-stage
attention provides a synergistic effect and enables the model
to simultaneously adapt feature extraction and refine attention
focus.

(2) Improved Performance with Computational Efficiency

Despite incorporating advanced modules, LeafInsightNet
remains lightweight and computationally efficient.

2. RELATED WORK

Hridoyet al. [7] developed a modified CNN model based on
the Swish activation function for betel leaf disease
classification. The modified CNN includes three depth-wise
separable convolutions and two fully connected layers to
extract features from the betel leaf. Compared to a
conventional CNN, the modified CNN shows an accuracy
improvement from 89.53% to 93.45%. Likewise, Abd Algani
et al. [8] developed an Ant Colony Optimization (ACO)
combined CNN for leaf disease categorisation. The parameter
of the CNN model is tuned using ACO to achieve higher
accuracy.

In their study, Ullah et al. [9] presented a new DL model
called the Deep Tomato Detection Network (DTomatoDNet)
for tomato leaf detection. It consists of 19 learnable layers with
1 x 1 convolution kernels to deeply learn features from tomato
leaves. The overall accuracy achieved by the model is 91.5%.

To reduce model complexity such as parameters and
calculations, an Asymmetric Dilated Convolution-based Leaf
Attention Design (LAD) Inception model is proposed by Zhu
et al. [10]. The fully connected layer is changed by global
average pooling to further decrease complexity. Results show
that the model uses only 1.25MB of space for implementation.
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A hybrid model of Inception-V3 CNN with transfer learning
is proposed by Liu et al. [11] for leaf disease detection. The
inception-V3 model uses auxiliary classifiers to overcome the
vanishing gradient problem in the model.

Cap et al. [12] constructed a new type of Generative
Adversarial Network (GAN) model called LeafGAN. It uses
its own attention mechanism to learn features from augmented
images. Compared to CycleGAN, LeafGAN achieves 6.5%
higher accuracy in detection.

Nnamdi et al. [13] proposed a self-controlled MobileNetV2
model for bean leaf disease classification. This control is used
to improve the training time of the model. Experimental results
on 1,368 bean leaf images show that MobileNetV2 achieves
an accuracy of 89.5%. Similarly, Begum et al. [14] introduced
a MobileNetV3 model based on a gated self-attention strategy
called the Gated Self-Attentive Convoluted MobileNetV3
(GSAtt-CMNetV3) model for pepper leaf disease
classification. Initially, the images are pre-processed with
histogram equalisation. Then, clustering is applied for
segmentation. Finally, Osprey optimisation is used to tune
GSAtt-CMNetV3 for classification. Results on the pepper leaf
dataset show an accuracy of 96.5%.

A hybrid model of the restructured residual dense network
is introduced by Kanda et al. [15] for tomato leaf disease
detection. The residual connection of the model is used for
faster convergence. The dense connections are used to retain
important features at each layer by concatenating the inputs
and outputs of each layer.

Roshni Polly [16] proposed a different type of DL model for
leaf disease classification. The first model is a modified
version of YOLOv7 with a Rat Swarm Optimizer called
YR2S. The second model is a Red Fox Optimization-based
ShuffleNetv2 called RFO-ShuffleNetv2. The optimizers are
used to tune the hyperparameters of the models. Likewise, S.
Chouhan et al. [17] proposed a bacterial foraging optimizer
combined with a radial basis function neural network called
BRBFNN, for leaf disease detection. The optimizer is used to
tune the weights of the radial basis function to achieve higher
accuracy.

Fu et al. [18] presented the CycleGAN model with a new
attention mechanism. The proposed CycleGAN is applied to
the mango leaf disease data set and compared with other DL
models.

The hybrid ResNet and CapsNet model is proposed by
Madhavi et al. [19] for leaf disease classification. ResNet is
used for strong feature extraction, and CapsNet improves
spatial understanding of image transformations. The hybrid
model achieves an accuracy of 93%.

Zhang and Zhang [20] proposed a new DL model called
Cascading Autoencoder with Attention Residual U-Net
(CAAR-UNet) for plant disease classification. The U-Net with
an attention mechanism between the encoder and decoder is
used for accurate segmentation. The performance of the model
is compared using accuracy and intersection over union
metrics.

Xiao et al. [21] proposed a new lightweight model called
SE-VRNet. It combines a deep variant residual network
(VRNet) and a squeeze-and-excitation (SE) module with an
attention strategy. This SE-VRNet model accurately classifies
the disease in the presence of dispersed locations of lesions.

Aggarwal et al. [22] proposed a Zero-Shot Transfer
Learning (ZSTL) for leaf disease detection. A key component
of ZSTL is creating an embedding space where both seen and
unseen classes share a common representation. It uses
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additional information about the unseen classes, such as
semantic attributes or textual descriptions.

Prakash et al. [23] used a DL model of EfficientNet B4 for
paddy disease classification. It shows an accuracy of 93%. In
a similar way, Wani et al. [24] applied EfficientNet B4 for
apple leaf disease classification.

Deepa, et al. [25] introduced a DL model to improve the
accuracy of maize crop leaf disease detection. This model is
constructed using an enhanced Faster-RCNN architecture. It
uses ResNet-50 with spatial-channel attention to compute deep
key points which are then localized and categorised into
distinct classes. Results on the maize crop leaf disease dataset
show that RCNN achieves an average accuracy of 94% and a
mean Average Precision (mAP) of 0.94.

Rodriguez-Lira et al. [26] proposed an enhanced target
detection model based on YOLOV7 for tomato leaves disease
classification. The YOLOv7 model is modified with a new
detection mechanism. For image segmentation, the Scale-
Invariant Feature Transform technique is used to identify key
regions.

Kotwal et al. [27] proposed a cross-layered U-Net model for
segmenting affected portions in leaves. The residual
connections are introduced in the U-Net to achieve better dice
score rates. The extracted features are classified using a
support vector machine.

Mohanty et al. [28] proposed an ensemble model for leaf
health condition classification. It includes different DL models
such as ResNet50, VGG19, and ConvexNet for classification.
The accuracy is improved by 4.3% when compared to the sole
model. Kusuma and Jothi [29] proposed a Vision Transformer-
based leaf disease detection model. The Vision Transformer
(ViT) applies transformer architecture to computer vision by
treating an image as a sequence of patches. It learns global

Input image

dependencies through self-attention. Similarly, Chang et al.
[30] proposed a modified ViT-based leaf disease classification
model.

Dubey et al. [31] proposed a two-fold leaf disease
classification model. Initially, the features of leaves are
extracted using a CNN architecture. Then, a modified bi-long
short-term memory (MBi-LSTM) classifier is used for disease
detection based on the extracted features. The accuracy
reached by the MBi-LSTM model is 93.5%.

Bathe et al. [32] proposed ConvDepthTransEnsembleNet, a
weighted deep ensemble learning architecture to improve the
accuracy of rice crop leaf disease detection. The
ConvDepthTransEnsembleNet showed a precision rate of
95.4% on a limited and unbalanced dataset.

3. PROPOSED MODEL

The proposed betel leaf disease classification framework
consists of four key stages: data augmentation, feature
extraction, feature enhancement, and classification. To
increase the number of images and address data imbalance,
data augmentation is performed. It generates multiple images
based on noise, geometric variations, and color variations,
including brightness. In the feature extraction stage, the deep
learning model LeafInsightNet is used to extract more relevant
features from betel leaves. After feature extraction, Starfish
Optimization (SO) is used to select the optimal features. In the
classification stage, the refined feature vector is fed into a
parameter-tuned Random Forest (RF) classifier. The
parameters of the RF classifier are tuned using SO to achieve
minimal classification error. The overall workflow is given in

Augmentation

Feature extraction

LeafInsightNet

Feature selection

using SO

Figure 1.
using ]

RF classifier

h 4

Optimized Feature
Vectors

|

L

Bacterial Leaf Disease

@

Dried Leaf images
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Figure 1. Overall workflow

3.1 LeaflnsightNet architecture

LeafInsightNet is a feature extraction model which is
composed of several advanced components to extract
hierarchical and discriminative features from leaf images.

493

These components include a pre-trained encoder (ResNet-18),
dynamic convolutions, and dual-stage attention blocks. These
blocks are used to focus on important regions and channels of
the leaf images. The connections of the LeafInsightNet are
given in Figure 2.
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Figure 2. LeaflnsightNet model

3.1.1 Input layer

The input layer is responsible for accepting the raw image
data. The input image is RGB, and its size is typically 224 x
224 pixels. It can be expressed as follows:

— NXCXHXW
Xinput = Image € R

(1
where, N & C denotes the batch size and the number of
channels, H and W are the height and width of the input image.

3.1.2 Self-Supervised Learning PretrainedEncoder

The ResNet-18 encoder is a pre-trained CNN model. It
extracts low- and mid-level features from the leaf image.
ResNet-18 uses residual connections which help mitigate the
vanishing gradient problem by enabling deeper networks to
learn effectively [33]. ResNet introduces residual connections
where each block learns a residual function F(x), i.e., the
difference between the output and input of the block as
follows:

2)

where, H (x) is the output, F(x) is the learned residual
function, and W; are the weights of the layers. The ResNet-18
layers learn hierarchies of features and reduce the spatial
resolution as it move deeper into the network. The last residual
block output features are reduced to a vector representation
using Global Average Pooling (GAP). The feature extraction
from ResNet-18 is given as:

Fresnet = ResNet — 18(Xinput) e RYVX512 (3)

where, FResNet is the feature map of size [batch_size, 512].
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3.1.3 DynamicConvBlock

Dynamic convolution uses learnable filters that are
dynamically adapted based on the leaf image. This is used for
the model to learn more complex features by adapting to each
specific input. This block refines the feature map learned by
ResNet and allows it to focus more on relevant patterns in the
input data. The dynamic convolution block applies 3 x 3
convolution to the feature map with dynamically learned
filters. These filters are not fixed; they adjust based on the
input data. Let Frogyer € RV*512 be the feature map from
ResNet-18, and D be the learnable dynamic filter. The output
of this block is:

F

DynConv

= Conv3x3(F, D)

esNet > (4)
where Fpyncony is the refined feature map with dynamic

convolutions and D is a dynamically learned filter of size 3 %
3.

3.1.4 Dual-stage attention block

The dual-stage attention block aims to refine the feature
maps by focusing on the most informative regions and
channels in the feature maps. It uses two attention strategies:
Channel Attention and Spatial Attention.

3.1.5 Channel attention

This attention focuses on the most important channels in the
feature map, thereby allowing the model to weigh the
relevance of each feature map. It applies GAP to the feature
map. The channel-wise average is passed through two fully
connected layers, followed by a sigmoid activation to generate
a channel attention map. It can be expressed as follows:

A

channel

= o (W, .ReLU(W,.GAP(F),, ) ©)

where, W, W, are the learnable weights, and ¢ represents the
sigmoid function. A panne 1S the channel attention map.

3.1.6 Spatial attention

This attention focuses on important spatial regions (pixels)
within the feature map. A 7 x 7 convolution is applied to the
feature map to model spatial dependencies. The output is
passed through a sigmoid function to generate a spatial
attention map. It can be expressed as follows:

A

spatial

= o (Conv7x7(F, DynCony ) (6)

where, Agpqriar is the spatial attention map. The refined
feature map after processing both channel and spatial attention
is:

F

A =

x A

DynConv X Channel spatial (7)
This final feature map is weighted by both channel-wise and

spatial-wise attention.

3.1.7 GAP

GAP is used to minimise the spatial dimensions of the
feature map into a 1D vector for each input image. It computes
the average over each channel and discards the spatial
dimensions (height and width). It can be expressed as follows:

Foap = GAP(Fyy) € RV*2%6 (3)



where, Fi;4p is the global average pooled feature map.

3.1.8 Final feature vector

After global average pooling, the result is a compact feature
vector of size 256 for each image. This vector contains high-
level, discriminative features that represent the leaf image. It
can be denoted as follows:

Frinat = Fgap € RN*256 )

The final output is a discriminative feature vector of the
input image, which reduces the dimensionality and retains
important information for classification tasks.

The choice of 256 features is based on the fact that it allows
the model to retain enough discriminative information and
reduces the risk of overfitting. This dimensionality is chosen
as a balance between -capturing sufficient high-level
information for classification and maintaining computational
efficiency. Before applying SO, this feature vector was used
as a rich representation of the leaf image.

LeafInsightNet is proposed to adaptively enhance feature
extraction for plant disease classification. Dynamic
convolution is used to learn filters that adjust based on the
specific input data. It increases the model's ability to capture
complex and varied patterns. This dynamic adaptation of
filters contrasts with static convolutions in traditional models.

Further, the dual-stage attention mechanism refines this
process by focusing the model's attention on both relevant
spatial regions and important channels in the feature map.
Spatial attention is used for the model to emphasise disease-
relevant regions. The channel attention selectively highlights
informative features across different channels. This integrated
approach is used for the model to focus on the most
discriminative features.

3.2 Starfish Optimization algorithm

The optimisation techniques are used to find a solution for
engineering problems [34]. SO is motivated by the biological
behaviors of starfish (sea stars). Starfish are marine organisms
known for their remarkable abilities. It has unique locomotion,
sensory systems, and regenerative capabilities [35]. The
starfish's ability to explore its environment through multiple
arms and its preying and regeneration mechanisms form the
basis of the algorithm. Starfish move using tube feet located
on the underside of their arms. They have the ability to move
spontaneously without a brain or a heart. It is guided by
nervous signals and hydraulic pressure. The eyes are
positioned at the tips of the arms which allows them to detect
brightness, shadows, heat, and environmental variations. Also,
they have a unique ability to regenerate lost limbs and, in some
cases, regenerate an entirely new organism to create a single
arm. It is a cooperative hunting strategy where they work
together to catch prey, such as clams and oysters. This unique
behaviour is mathematically modelled to solve real-world
problems. The SO mimics the starfish's behavioral phases—
exploration and exploitation—to solve optimization
challenges, with the following steps:

3.2.1 Initialization phase

The initialization phase sets up the population of starfish at
random positions within the design variable space. The
positions of starfish are denoted by a matrix X, where each row
corresponds to a starfish's location in the multi-dimensional
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design space. It can be given as follows:

Xll Xlz -.-XlD
X = [X21 X2z ..X2p (10)
XNl XN2 ---XND

where N is the number of starfish (population size), D is the
number of dimensions of the optimization problem. Each
position X;; of the i-th starfish in the j-th dimension is
generated randomly within the upper and lower limits of the
design variables.

where, [; and u; are the lower and upper limits of the j-th
dimension, r is a random coefficient between zero and one.

The fitness values of all starfish are then evaluated using the
objective function.

3.2.2 Exploration phase

In the exploration phase, the algorithm simulates the
starfish's behavior of moving using its multiple arms (when the
dimension D > 5) and a single directional search pattern when
D <5. For D > 5 (five-dimensional search), the update of the
starfish's position follows the equation:

Y,.p:X,.p+a(c—X,.p)r (12)
where, Y, is the updated location of the i-th starfish in the p-
th dimension, X;,, is the current location of the i-th starfish in
the p-th dimension, a is a random factor that varies from zero
to one, X;;, is the best position in the p-th dimension. If the

updated location falls outside the boundary of the design
variables, the starfish tends to remain in the previous position:

Yip if Yipe[lp Up]

X. = i
P {Xip otherwise

(13)

For D <5 (unidimensional search), only one arm moves at
a time, and the position update follows:

Y, =X, +h.(X,,-X,

i klp - ip

)+ (X, = X,) (14)
where, Xj1, and Xy,,, are randomly selected positions of other
starfish, h,and h, are random coefficients between —1 to +1,

The position update depends on the energy E; of the starfish
which evolves with iterations as follows:

nT

E; = cos (

) (15)

max

where, T is the current iteration, and T,,, is the maximum
number of iterations.

3.2.3 Exploitation phase

The exploitation phase focuses on using the preying and
regeneration attitude of starfish. The preying behavior
involves a two-directional search, where the starfish use
messages from other starfish and their own best positions. The
regeneration phase is focused on improving global
convergence by altering the position of the last starfish. The



position update can be stated as follows:

Y =X,

ip = “best,p

+ Direction, ~(Xi,, — Xhe_w, ) (16)

where, Direction,. (Xip —Xbest,p) is a random factor and
Xpestp is the best position known. The regeneration phase
occurs when the starfish loses an arm. It denotes a new
optimization process. This ensures better global exploration
for the algorithm.

3.3 Starfish Optimization-based feature optimization

In this work, SO is used for the optimal selection of features.
The quality of features majorly impact on the classification
results. For optimisation, the starfish optimizer is initialised
with a population of candidate solutions. Each solution
denotes the feature set extracted from the LeafInsightNet
model. The proposed SO-based feature optimization
pseudocode is explained below:

Input: Dataset D with feature set F and labels Y,
population size N, maximum number of iterations Max_Iter

Initialization

Generate an initial population of N candidate solutions
with random feature subsets.

Assess the fitness of each candidate using the
classification error obtained from a Random Forest
classifier.

Iterative Optimization

Repeat until the stopping criterion (Max_Iter) is met:

Exploration Stage:

For each solution i:

* Identify a group of better-performing solutions

CP..

* Randomly choose one solution SP; from this
group.

¢ Update the position of solution i by referencing
SPi.

e If the updated position achieves a lower
classification error, replace the old position.
Exploitation Stage:
For each solution i:
= Refine its position using both the best solution
found so far and the population mean.
=  Accept the updated solution if it provides
improved fitness.
Global Update:
e Refresh the best global solution Xbest
whenever a superior candidate is found.
Output
Return the optimal feature subset Xbest along with its
associated classification error.

The fitness function is calculated based on the classification
error RF classifier. The SO algorithm iteratively performs
exploration and exploitation stages to find optimal feature sets.
A random solution (SP;) is selected from CP; and the current
solution's feature set is altered based on SP;. If the update
improves the fitness (classifier error), the current feature
subset is replaced by the new one. After the global search, the
algorithm shifts focus to local search. Each solution updates
its position (feature subset) based on the best solution found
so far (Xpest) and the average solution of the population. This
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phase refines the feature subset further, concentrating on
promising regions of the feature space. Again, if the update
increases the classifier's accuracy, the solution is accepted.
The process repeats for a predefined number of iterations or
until convergence. Finally, the optimal features are returned to
the model for classification.

3.4 Random Forest classifier

The RF is a supervised ML model that works by
constructing a multitude of decision trees during training and
outputs either the mode of the classes. It uses the power of
ensemble learning to improve prediction accuracy and reduce
overfitting. The key strategies of RF are Decision Trees,
Bagging, Random Subspace and Ensemble Prediction. The
structure of the RF classifier is given in Figure 3. RF consists
of multiple decision trees and each tree is built using a random
subset of features and data samples. Each decision tree
predicts a class for the input features. The trees are trained
using the principle of the Gini impurity or entropy to split data
at each node. During tree construction, RF selects a random
subset of features at each split to minimize the correlation
among the trees and increase generalization. After tree
construction, RF uses bagging or bootstrap aggregating. In
bagging, random sampling with replacement is used to create
multiple training datasets from the original dataset. This
process ensures diversity among the trees. The final output
(accuracy) is estimated by the majority voting mechanism
where the class predicted by most trees is selected as the
model’s output.

—
Feature Feature Feature
subset subset | 77 subset
-/
v
—
Decision Decision Decision
Tree 1 Tree2 | 77 Tree ‘n’

Classification
result

Figure 3. Random forest (RF) classifier structure

For classification tasks, splits are based on minimizing the
Gini impurity. Gini impurity for a node is defined as follows:

c
GZI—Z:pi2

i=1

)

where, C denotes the number of classes, p; is the ratio of
samples belonging to class i. A split is selected to reduce the
weighted average of the Gini impurity across child nodes.



Alternatively, entropy can be used as a split criterion as
follows:

[
H == piog 2(p) (18)
i=1

The final output of the RF classifier is determined by
majority voting among T decision trees. For input X, the
output class ¥ can be computed as follows:

7 =modeh (X),h,(X)....

h, (X) (19)

where, h;(X) is the output of the t-th decision tree.
3.5 Starfish Optimization-based parameter tuning

RF classifier performance is mainly influenced by its
hyperparameters, particularly the number of estimators
(Nestimators)  and  maximum  tree  depth (maxaepm). These
parameters determine the complexity and generalizability of
the model. In this work, the Starfish Optimization is applied to
discover the optimal configuration for these hyperparameters,
accelerating the optimization procedure and enhancing the
overall accuracy of the RF model. The algorithm for the SO-
based parameter updation is provided below:

Pseudocode: SO for RF model parameter adjustment
Input:
e Dataset D with feature set F and labels Y
e Population size N
e Maximum number
Max_Generations
e  Search ranges for Random Forest hyperparameters
(n_estimators, max_depth)
Population Initialization
e Randomly generate N candidate solutions within
the specified hyperparameter bounds.
e Each candidate X;=[n_estimators,max_depth]
e For every candidate solution:
o Train a Random Forest classifier using
Xi.
o Evaluate its performance
classification accuracy.
o Define the fitness function as model
accuracy (lower error — higher fitness).
Optimization Process
Repeat until Max_Generations is reached:
Exploration Phase:
o For each candidate i:
= Identify a subset of solutions
with better fitness (CP;).
= Randomly pick one solution
(SPi) from CP;.
= Update X; by shifting towards
the hyperparameters of SP;.
= If the updated X; achieves
higher accuracy, replace the old
one.

of generations

using

Exploitation Phase:
o For each candidate i:
=  Adjust its position using both
the best-known solution (Xpest)
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and the mean of the population
(Xmean)-

=  Apply a fine-tuning step around
the new hyperparameters.

= Accept the refined solution if
fitness improves.

Global Best Update:
o If any candidate outperforms the current
best (Xpest), update Xpes: accordingly.

Output
e The optimized Random Forest hyperparameters
Xbest.
e Their corresponding evaluation metric

(classification accuracy or error).

The hyperparameters nNegtimators and maxgepm are initialized
randomly within predefined ranges. Each solution (starfish) in
the population represents a combination of these values. Each
solution's fitness is evaluated by training an RF model with the
given hyperparameters and calculating its classification error.
The algorithm performs a global search during this phase.
Each starfish identifies the best solutions (CP;) and selects a
random solution (SP;) from these candidates. The position
(hyperparameters) is updated based on SP;. If the updated
hyperparameters improve the fitness, the current values are
replaced. The algorithm focuses on refining the
hyperparameters locally by updating them based on the best
result obtained so far (Xpest) and the mean position (Xmean) of
the population. This ensures that the optimization procedure
converges to the best values.

The process is repeated until the convergence condition is
reached. At the end, the best set of hyperparameters (Xpest) is
output, minimising classification error and maximising model
performance.

4. RESULT AND DISCUSSION

The dataset is downloaded from the Mendeley website
(https://data.mendeley.com/datasets/g7{pgjS7wc/1). It
consists of labeled betel leaf images. Furthermore, the images
were collected from Sholavandan village, Madurai district,
Tamil Nadu, India. Betel leaves are largely cultivated as a
major cash crop in Sholavandan, where they are grown on
approximately 150 acres. The total image count is 3,560. The
distribution of images across disease categories in the original
dataset is as follows: Healthy Leaf (HL) — 900 images,
Bacterial Leaf Disease (BLD) — 890 images, Dried Leaf (DL)
— 885 images, and Fungal Brown Spot Blight (FBSB) — 885
images. The inclusion of images from the Sholavandan region
adds natural variability in terms of lighting, leaf orientation,
and background conditions, which are often absent in curated
datasets. This diversity enhances the representativeness of the
dataset and improves the robustness of the proposed
LeafInsightNet model. Consequently, the model is better
equipped to generalize to real-world agricultural
environments. The collected images are further increased by
data augmentation. In this work, three augmentation
techniques are used: noise, geometric variations, and color
variations in brightness. The geometric variation includes
rotations and flips. The color variations include brightness,
contrast, and hue shifts. After augmentation, the total image
count increases to 4,360. The entire dataset is divided into
training and test sets. The test set contains 145 HL images, 142


https://data.mendeley.com/datasets/g7fpgj57wc/1

BLD images, 143 DL images, and 143 FBSB disease images.
The visualisation of the dataset images with augmentations is
given in Figure 4.

The proposed LeaflnsightNet is coded in Python and
simulated using IDLE 3.12 environtment. The performance of
the model is assesed using following metrics:

Accuracy = % (20)
Recall = (T;—ZN,) (21)
Precision = (TPT;P,) (22)

Fl score = 2. Precision .Recall (23)

(Precision + Recall)

where, TN is True Negatives, TP is True Positives, FN is False
Negatives and FP is False Positives.

= -

Figure 4. Input images

The hardware prototype was implemented using ESP32
modules. The two modules of ESP32 for the motor and camera
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interface. The L298 driver is used to control the gear motors
for robot movements. The collected image is sent to the cloud
through the Wi-Fi module. The images are processed in the
Flask server environment. The proposed model classifies the
images based on stored feature files and sends the results to
the ESP32 module again. The indication given to the ESP32
modules. The hardware prototype is given in Figure 5. The
corresponding processing results are displayed in a server
system.

Figure 5. Implementation results

The performance evaluations for the hardware setup are
conducted. The ESP32 successfully processed input images at
an average rate of 12—15 frames per second which is sufficient
for near real-time disease detection. The power consumption
measurements indicated that the ESP32 operates at ~160 mA
during active processing and ~10 mA in idle mode. It increases
the operation on battery-powered deployments. These
specifications prove that the proposed robotic system is both
efficient and energy-conscious.

Figure 6 shows the training and validation performance of a
proposed model over 30 epochs. In the accuracy plot, both
training and validation accuracy improve steadily which
denotes the model's effectiveness in learning and convergence.
Similarly, the loss plot shows a sharp decline in both training
and validation which denotes the successful error
minimization. Overall, the model exhibits strong performance
with balanced accuracy and low loss. Further improvements
could include hyperparameter tuning or regularization to
minimize validation fluctuations.
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1.2 4

1.0

0.8 1

0.4 T T T
15 20 25 30
Epoch

10

15 20 25 30

Epoch

Figure 6. Model accuracy and loss validation curve
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Receiver Operating Characteristic (ROC) Curve
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Figure 7. Receiver Operating Characteristic (ROC) of the model
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Figure 8. Feature importance plot

The Receiver Operating Characteristic (ROC) curve of the
LeaflnsightNet model is given in Figure 7. The ROC curves
suggest that the classification models perform very well in
distinguishing between these leaf conditions. The models for
"Healthy Leaf" and "Dried Leaf" are particularly strong with
the Area Under the Curve (AUC) scores of 1 & 0.99. The
models for "Bacterial Leaf Disease" and "Fungal Brown Spot
Disease" are also good, though with a slightly higher potential
for misclassification with the 0.978 & 0.983 AUC scores.

The feature importance plot of LeaflnsightNet model is
visualised in Figure 8. It denotes that only a few features
contribute significantly to the model’s predictions and most
have very low importance. The RF classifier parameter tuning
convergence curve is given in Figure 9. The initial fluctuations
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show that the fish are exploring the parameter space and trying
different combinations of parameters. The rapid decrease
shows that the SO algorithm is effectively guiding the
population towards better regions of the parameter space. The
algorithm effectively explores the parameter space and
converges to a solution with a low classification error. In the
RF classifier, the parameter of negtimators Varies from 10 to 200
and maxqepm varies from 2 to 50 for optimization to achieve
low error. The SFO finds nNestimators as 95 and maxepin as 44 for
better classification results.

The confusion matrix of the proposed model for both
augmented and non-augmented data sets is given in Figure 10.
The obtained results are given in Table 1. The performance
metrics highlight the impact of data augmentation on model



performance. The model without augmentation achieves
higher precision, recall, and F1 scores across all classes with
an overall accuracy of 95.4%. However, with augmentation,
there is a significant improvement with the accuracy rising to

98.7% and all metrics showing considerable improvement
across classes. This proves that data augmentation improves
model performance for this work.
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Figure 9. Starfish Optimization (SO) convergence curve
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Table 1. Evaluation of the model based on data augmentation
Model Class Precision Recall F1-Score Accuracy (%)
HL 1 1 1
. . BLD 0.933 0.933 0.933
Without augmentation DL 0932 0.953 0.942 95.4
FBSB 0.951 0.929 0.940
HL 1 1 1
. . BLD 0.971 0.971 0.971
With augmentation DL 0.986 0.993 0.979 98.7
FBSB 0.971 0.990 0.982

The ablation study of proposed disease classification
models using different variations of the LeaflnsightNet
architecture is given in Table 2. The Model 1 is the
LeafInsightNet with RF classification. The feature and model
parameters are not optimized. It achieves an accuracy of
96.86%. This Model 2 configuration removes the dynamic
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block and attention mechanism which results in a slight
reduction in performance. It achieves an overall accuracy of
95.6%. Model 3 is a CNN-based model with an RF classifier
that achieves an accuracy of 93.7%. The outcome of the
ablation study indicates that both the dynamic block and
attention mechanisms in the LeafInsightNet architecture



significantly enhance the model's classification capabilities,
especially for more complex or less prominent disease
categories (DL and FBSB). The confusion matrix is obtained
for the models given in Figure 11.

The performance comparison of LeafInsightNet model with
existing models is shown in Table 3. The LeaflnsightNet
model achieves the highest accuracy of 97.8% and

outperforms all other models in the comparison. Other models
like those based on Improved YOLOv7 and ConvDepth
TransEnsembleNet with accuracies of 96.3% and 95.4%,
respectively, also show strong performance, but the proposed
model surpasses them, proving its superior effectiveness in
disease classification.

Table 2. Ablation study of proposed disease classification models

Model Class Precision Recall F1-Score  Accuracy (%)
HL 1 1 1
LeafInsightNet+ RF without Feature & Parameter Optimization BLD 0.965 0.965 0.965 96.86
(Model-1) DL 0.927 0.972 0.949 '
FBSB 0.985 0.944 0.964
HL 1 1 1
LeafInsightNet without Dynamic Block + without Attention +RF BLD 0.937 0.944 0.940 95.6
(Model-2) DL 0.937 0.944 0.940 ’
FBSB 0.971 0.985 0.978
HL 1 0.993 0.997
CNN+ RF BLD 0.923 0.930 0.927 937
(Model-3) DL 0.909 0.916 0.912 ’
FBSB 0.963 0.963 0.963
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Table 3. Performance comparison with other models

Method Accuracy (%)
Modified CNN 92.5
ACO-CNN 90.0
DTomatoDNet 91.5
V3 CNN+ transfer learning 93.0
PiTLiD, based on pre-trained Inception-V3 94.0
CNN )
LeafGAN 95.4
MobileNetV2 89.5
Gated Self-Attentive Convoluted 920
MobileNetV3 (GSAtt-CMNetV3) )
A restructured residual dense network 93.0
YR2S & RFO-ShuffleNetv2 94.8
BRBFNN 88.0
CycleGAN 92.6
ResNet + CapsNet 93.0
CAAR-UNet 91.5
SE-VRNet 90.0
Zero-Shot Transfer Learning 91.0
EfficientNet B4 93.0
Improved Faster-RCNN with ResNet-50
. ) 94.0
and spatial-channel attention
Improved YOLOvV7 96.3
MICL-UNet 92.8
SUNet 92.0
Hybrid model combining ResNet50 and 934
VGG16 '
Vision Transformer model 94.5
MBi-LSTM model 93.5
ConvDepth TransEnsembleNet 95.4

Table 4. Real-Time performance comparison of SO with
other optimizers

Metric SO GA PSO

Inference time per image (ms) 185 210 200
Classification accuracy (%) 98.7 96.5 97.3
Feature selection time (ms) 250 400 350
Parameter tuning time (ms) 350 500 450
Power consumption (W) 1.8 2.0 2.1
Energy efficiency (mJ/operation) 333 420 420

Note: SO: Starfish Optimization; GA: Genetic Algorithm; PSO: Particle
Swarm Optimization

Table 5. Combined ablation study

Component Removed Ac:;:)a y
ResNet-18 (Replaced with VGG16/DenseNet) 95.2-96.5
Dynamic Convolution (Replaced with Static
) 96.3
Convolutions)
Dual-Stage Attention (Replaced with Single
. 95.6
Attention)

The performance of SO is compared with other standard
optimizers like Genetic Algorithm (GA) & Particle Swarm
Optimization (PSO). The comparison results are given in
Table 4. The SO model shows the fastest inference time and
reduced feature selection time. The SO model achieved the
highest classification accuracy with minimal power
consumption. Overall, the SO is identified as most feasible for
real-time applications.

The ablation study-based component replacement is given
in Table 5. It is observed that removal of any component from
LeafInsightNet leads to a noticeable drop in performance.

In addition to the laboratory setup, the proposed prototype
is evaluated under varied environmental conditions. These
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conditions include Varying lighting conditions, Field
obstructions and Varying distances between the camera and
the leaf. To access the scalability for large-scale agricultural
deployment, the prototype is deployed as multiple ESP32 units
across different parts of a larger area. The proposed system
shows  successful  synchronisation and low-latency
communication via Wi-Fi. The results are given in Table 6.
The FPGA implementation provided better scalability and
reduced power consumption to ~12 W compared to ESP32 and
maintained real-time performance in the field. The accuracy of
disease classification varied under different field conditions,
as given in Table 7. The model shows stable performance for
varying conditions.

Using cloud-based servers, the capability of protype is
tested to process data from multiple robots simultaneously and
analyze large-scale farm data. The system handled up to 500
images per minute with average processing times per image
staying under 200 ms. It is observed that the ESP32 is suitable
for small-scale and low-cost deployments. The FPGA version
is better suited for large-scale farms due to its low power and
high scalability.

Table 6. Updated results for realistic field conditions

Inference Inference Power Power
Test . . . .
Scenario Time Time Consumption Consumption
(ESP32) (FPGA) (ESP32) (FPGA)
Ideallab g5 10 35 ms 1.8 W 12W
conditions
Field with 200250 45 5o ms 19w 2w
varying light ms
Fieldwith 1 0 50 ms 21W 12w
obstructions
Multiple
robots in
farm 190 ms 38 ms 1.9W (avg) 12 W (avg)
(Scalable (@8 (ave)
test)

Table 7. Impact of environmental conditions on performance

Test Condition Accuracy Precision Recall F1-
%) Score
Or‘gma;eft‘eld test 98.7 0982 0983  0.982
Varying lighting 97.1 0970 0973 0971
conditions
Field 96.3 0963 0961  0.962
obstructions
Multiple robot 97.5 0975 0976 0975
deployment
Data aggregation 98.2 0.981 0.982  0.981
in cloud
5. CONCLUSION

In this work, a new system is proposed for a low-cost leaf
betel leaf detection robot. The data augmentation technique is
used to produce a greater number of images and to increase
accuracy. For leaf disease classification, a new feature
extraction and classification model is proposed. It includes
different modules to extract more distinctive features from
betel leaf. The Starfish Optimization is used for both feature
optimization and parameter tuning. The use of a robust feature
extraction pipeline combined with an optimized Random
Forest classifier ensures high accuracy and efficiency in



disease recognition. Furthermore, the incorporation of a low-

cost,

real-time detection robot improves the system's

practicality and enables farmers to monitor crops remotely and
take timely actions. Future work will focus on optimizing
LeaflnsightNet using advanced hyperparameter tuning and
expanding the dataset with different betel leaf images. In

addition,
challenging conditions

real-time detection under
and explore low-power FPGA

plan to enhance

deployment for efficient field operation.
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