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Abstract

This research presents a new combined deep learning system for effective and reliable identification of plant diseases in
complicated agricultural environments. One of the most difficult jobs in agriculture is identifying plant diseases early on.
Early disease detection in plants is crucial for increasing agricultural yield. With the application of machine learning and
deep learning techniques, this issue has been resolved. Large crop farms can now detect plant illnesses automatically, which
is advantageous as it reduces the monitoring time. The suggested approach consists of multiple important stages. To begin
with, image quality of the agricultural lands is improved through preprocessing techniques like noise reduction, gamma
correction and white balancing. Data augmentation is incorporated to expand the dataset and improve the generalization
capacity of the model. Efficient methods such as EfficientDet, Squeeze Net, colour and shape based features, are included
in feature extraction. The most relevant features are selected by a Hybrid Optimization Algorithm (HOA), which integrates
Mother Optimization Algorithm (MOA), Teaching learning-based optimization (TLBO) and Improved Wild Horse Opti-
mization (IWHO) to detect the various plant diseases like Bacterial Blight, Tungro, Blast and Brown spot. At last, a deep
learning detector, which may include Recurrent Convolutional Neural Networks (RCNN) and Recurrent Neural Networks
(RNN), Deep Neural Networks (DNN) and Bidirectional Long Short-Term Memory (Bi-LSTM) identifies the location and
type of plant diseases. Finally, HOA integrated with MOA, TLBO, IWHO feature selection and CNN classifier is proposed
for identification of planst diseases from the hyper spectral images. Gradient Descent (GD) method is used for weight
adjustment to tune the hyper parameters so as to reduce the loss function. It is also implemented to avoid over fitting and
improve the overall generalization. This comprehensive approach depicts encouraging results in overcoming challenges in
plant disease detection.
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Introduction

The need for efficient analysis arises due to the daily accu-
mulation of large amounts of aerial and satellite imagery;
and presenting a new method in our letter that uses con-
tent-based techniques to automatically identify and anno-
tate objects or areas in high-resolution aerial images (Sevo
and Avramovi¢ 2016) and innovate Convolutional Neural
Network (CNN) models for detecting important ground
features in aerial disaster images, such as buildings, vehi-
cles, vegetation, debris, and floods (Pi et al. 2020).The
identification of objects in aerial images is difficult due
to differences in size and direction, as well as a shortage
of comprehensive standards, leading to limited advance-
ments in this area (Ding et al. 2021). Presents a rapid,
accurate vehicle detection system employing Adaptive
Virtual Private Network (AVPN) to achieve precision for
small objects, and a combined R-CNN for simultaneous
identification of vehicle location and characteristics (Deng
et al. 2017).Identifying various objects in remote sensing
images is difficult, and deep learning methods such as Full
Resolution Convolutional Network (FRCN) are showing
potential despite facing application challenges (Deng et al.
2018).

When using Earth Vision, accurately identifying, and
classifying objects in aerial photos typically involves the
use of OBBs. However, this can lead to problems with
uncertainty in defining the target, which can impact the
efficiency and accuracy of the process (Wang et al. 2020a).
Suggests the use of CNNs to examine Unmanned Aerial
Vehicle (UAV) images, divided into tiles, for the classifi-
cation of multiple labels using radial basis function net-
works and a unique multi-labelling layer, demonstrating
encouraging outcomes (Zeggada et al. 2017). Presenting
YOLOs, designed specifically for analysing multiple types
of remote sensing imagery, providing a range of detection
capabilities at different scales, the ability to detect small
targets, predicting orientations, and featuring a unique
mid-level fusion architecture (Sharma et al. 2020) and
presenting "Focus-and-Detect," a two-stage approach to
addressing the detection of small objects. This framework
includes a clustering object detector guided by Gaussian
distribution and specific prediction for focal regions. Addi-
tionally, it incorporates Incomplete Box Suppression to
handle challenges related to object truncation (Koyun et al.
2022).Presenting a point-based estimator design that uti-
lizes spatial data through point representation and a con-
volutional network to improve localization precision and
differentiate recognition by aligning instances to achieve
feature-to-region congruence (Fu et al. 2020).

Feature Fusion Deep Networks (FFDN), improves
the detection of aerial images by using a combination of
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structural learning layer to enhance the spatial relation-
ship between the objects. This has shown significant pro-
gress on UAV 123 and UAVDT datasets (Long et al. 2019).
A Network for Multi-Scale Object Detection in Aerial
images (mSODANet) is a network specifically created for
the purpose of identifying objects within aerial images.
Hierarchical dilated convolutions are utilized to analyse
context from various perspectives and scales, ultimately
enhancing the ability to capture and detect visual data
effectively (Chalavadi et al. 2022) and suggested the use
of Adaptive Saliency Biased Loss to improve DNN object
detectors. This method involves adjusting the weight of
training examples and anchors based on saliency metrics
at the image or anchor levels (Sun et al. 2020) and present-
ing DHRec encoding for objects with multiple orienta-
tions, arranging the coordinates of vertices, creating two
horizontal boxes, and using area ratios to guide the decod-
ing from predicted double horizontal rectangles (Nie and
Huang 2022).Propose using a Scale Decoupling Module
in the early layers to underline small objects while sup-
pressing large ones, alongside Adaptive Anchor Matching
Strategy and Sparse Nonlocal Attention to improve detec-
tion accuracy efficiently (Ma et al. 2023).
The main key elements of this paper are as follows:

e Preprocessing is carried out by Image enhancement
techniques such as noise reduction via Bilateral Filter-
ing, Gamma Correction via contrast adjustment, and
White Balancing with Grey Card Reference via color
normalization are applied to improve image quality and
facilitate feature extraction.

e Data augmentation is carried out by the strategies, includ-
ing geometric transformations (rotation, flipping, scal-
ing).

e For to extract the Features from the image, EfficientDet
and Squeeze Net; Color based features like Color Coher-
ence Vector and Color Correlograms; and Shape based
features are used.

e To choose the best features a hybrid Optimization Algo-
rithm is designed by the combination of mother optimi-
zation algorithm, TLBO and Improved wild horse opti-
mization with levy flight algorithm Deep Learning-Based
Detection:

2. For to detect the deep learning-based detection, poten-
tially constructed using region-based CNNs (R-CNNs),
RNN and Bi-LSTM is used to localize and classify objects
based on the selected features and the hyper-parameter tun-
ing via hybrid deep learning techniques are applied to pre-
vent over-fitting and improve generalization.

The study is integrated into various parts: The first sec-
tion presents the introduction, the second section includes
a literature review, the third section details the proposed




Proceedings of the Indian National Science Academy (2026) 92:1185-1203

1187

methods, the fourth section analyses the results and their sig-
nificance, and lastly, the fifth section wraps up the research.

Literature review

In 2022, Wang et al. (Wang et al. 2022) proposed the Adap-
tive Recursive Feature Pyramid, which encompasses a recur-
sive structure, an Efficient Global Context bottleneck, and a
Discriminative Feature Fusion module. This design allowed
for efficient utilization of semantic and location informa-
tion across pyramid levels by using dense connections and
adaptive weighting. Extensive testing on VisDrone2019 and
DIOR datasets showed that ARFP outperformed existing
models, with average performance gains of 2.7% and 2.8%
respectively.

In 2020, Wang et al. (Wang et al. 2020b) created a new
method for training and making inferences, significantly
improving the accuracy of detecting objects in high-resolu-
tion aerial photographs. This method, different from straight-
forwardly regressing object orientations, used segmentation
tasks to make more accurate predictions of rotated bounding
boxes. Paired with a strategy that synthesizes images for
data augmentation, it effectively tackled the challenges of
data imbalance and achieved remarkable performance on
the Dataset of Object deTection in Aerial images (DOTA)
dataset through extensive experimentation.

In 2021, Han et al. (Han et al. 2021) presented the Sin-
gle-shot Alignment Network comprising a Feature Align-
ment Module and an Oriented Detection Module (ODM).
The FAM utilized a new Alignment Convolution method
to improve anchoring and adjust features, while the ODM
employed rotating filters to encode orientation, thereby
enhancing the alignment between classification and locali-
zation. This approach also enhanced the identification of
objects in extensive images, finding a more favorable bal-
ance between quickness and precision.

In 2024, Ge et al. (Ge et al. 2024) suggested an adapt-
able dynamic labelling method to enchance the detection of
small objects by adjusting the allocation thresholds for sam-
ples according to the specific characteristics of each ground
truth. This method, using dynamic IoU, improved training
by adjusting sample sets, leading to a significant improve-
ment in performance on AI-TOD and Levir-Ship datasets
without increasing computational expenses. Our approach
has exceeded the current standards in both efficiency and
accuracy.

In 2024, Weng et al. (Weng et al. 2024) presented
the Selective Frequency Interaction network, which is a
new method for detecting aerial objects. It includes two
main components: Selective Frequency-domain Fea-
tures Interaction and Selective Frequency-domain Fea-
ture Extraction. The SFFE module excelled in extracting

important frequency-domain information and it signifi-
cantly improved the richness of feature maps at various
frequencies.

In 2018, Xu et al. (Xu et al. 2018) presented a new frame-
work for detecting moving objects, which improves accuracy
by extracting selected feature points and predicting registra-
tion accuracy. Drawing on input from previous iterations, the
inaccuracies are removed and incorporated a measurement
to anticipate registration precision, providing guidance for
incorporating supplementary indicators. Our study on fea-
ture extractors for registering aerial infrared images found
that SURF and LDB are highly effective.

In 2021, Xu et al. (Xu et al. 2021) tackled the issue of fea-
ture misalignment by introducing a streamlined single-shot
detector that incorporates a pseudo anchor proposal module
and a context-based feature alignment module. The PAPM
enhanced the primary anchors for aligned positions, address-
ing spatial misalignment and imbalance issues. Following
this, CFAM adjusted the sampling points of the convolution
kernel using the main anchors, effectively resolving any mis-
alignment between the kernel and the object and extracting
powerful, aligned features.

In 2022, Xu et al. (Xu et al. 2022) created a new evalu-
ation method known as Normalized Wasserstein Distance,
combined with a Ranking-based Assigning approach, in
order to enhance the identification of small objects. The
NWD-RKA approach, which can be used with various
anchor-based detectors, has replaced traditional IoU thresh-
old-based methods, leading to substantial enhancements in
label assignment and offering extensive training supervision.
After conducting tests on four separate datasets, it was evi-
dent that NWD-RKA significantly improved the detection
of small objects.

In 2022, Hu et al. (Hu et al. 2022) suggested a training
method called Correction Maximization Training, which
focuses on removing incorrect annotations from datasets
before training a model. We developed a new noise filter
called the Probability Differential as part of our strategy to
accurately identify and correct errors in labels. After being
cleaned, the detector was trained using the revised dataset.
This method showed that it works well with popular object
detectors like Faster RCNN and Retina Net, requiring few
changes to hyperparameters when used with different data-
sets and models.

In 2020, Wang et al. (Wang et al. 2020a) suggested to
change the method of OBB regression by instead predict-
ing center-probability maps. This would help to minimize
uncertainties related to identifying targets and background
pixels. The use of the forecasted CenterMaps helped in cre-
ating OBBs. The Center Map OBB representation stood out
for its simplicity and effectiveness. Additionally, we have
incorporated a weighted pseudo segmentation-guided atten-
tion network to enhance the distinction between the desired
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objects and the densely populated background. This also aids
in predicting both horizontal bounding boxes and OBBs.

Problem statement

Depending on the advantages and disadvantages resulting
illustrated in Table 1 from the previous work, the problem
statement is identified. The major objective of this work is to
detect the plant diseases from the aerial images captured by
the surveillance drones used for incorporating smart technol-
ogy in agriculture.

Proposed methodology

To enhance the initial quality and feature extraction from
the images of the agricultural lands, a series of preprocess-
ing steps are incorporated, including Bilateral Filtering for
diminishing noise without blurring edges, Gamma Cor-
rection for optimizing contrast, and Grey Card Reference-
based White Balancing for achieving accurate color repre-
sentation. To mitigate the risk of overfitting and bolster the
algorithm’s ability to generalize across diverse data, we
apply data augmentation techniques such as rotations, mir-
roring, and scaling. In the feature extraction phase, a dual
approach is utilized as in Fig. 1 by combining EfficientDet
and SqueezeNet for capturing intricate details alongside
implementing Color Correlograms and Color Coherence
Vectors for color attributes, and geometric metrics like
Area, Perimeter, and Eccentricity for shape attributes.
To ensure the selection of the most impactful features,
a novel hybrid optimization algorithm is introduced by
merging the MOA with an Enhanced Wild Horse Opti-
mization (EWHO) integrated with TLBO, fine-tuning the
feature selection process for optimal performance. For the
object detection mechanism, we integrate a sophisticated
deep learning framework that combines the strengths of
region-based CNN, BiLSTM and Recurrent Neural Net-
works. This ensemble is meticulously designed to localize
and categorize objects with high precision. Additionally,

Table 1 Advantages and drawbacks of the previous research work

to optimize the model’s accuracy and robustness, a unique
combination of hybrid deep learning methodologies for
hyperparameter optimization, effectively minimizing over
fitting while maximizing generalization is employed across
unseen plant images as in Fig. 2.

Step 1: Preprocessing

e Image enhancement techniques such as noise reduction
via Bilateral Filtering, Gamma Correction via contrast
adjustment, and White Balancing with Grey Card Ref-
erence via color normalization are applied to improve
image quality and facilitate feature extraction.

¢ Data augmentation strategies, including geometric trans-
formations (rotation, flipping, scaling), are employed to
artificially expand the dataset and enhance the model’s
generalization capability.

Step 2: Feature extraction

e EfficientDet and Squeeze Net

e Color based features: Color Correlograms and Color
Coherence Vector

e Shape based features: Area, Perimeter, Eccentricity

Step 3: Feature selection

¢ An algorithm that combines different optimization tech-
niques is created to choose the most important features
from the pool that has been extracted. The hybrid optimi-
zation algorithm is the combination of mother optimiza-
tion algorithm, TLBO and Improved wild horse optimi-
zation.

Step 4: Deep learning-based detection

e A deep learning detector, potentially constructed using
region-based CNNs, RNN and Bi-LSTM is employed to
localize and classify the disease specific variations based
on the selected features.

Author Method Advantages Drawback

Xu et al. (Xu et al. 2021) Aligned single-shot detection with ~ Fixes spatial misalignment; Complexity in real-time application
pseudo anchor proposal improves feature alignment scenarios

robustly

Xu et al. (Xu et al. 2022) Normalized Wasserstein Distance ~ Enhances small object detection; ~ May require extensive computational
with Ranking-based Assigning optimizes label assignment resources

Hu et al. (Hu et al. 2022) Correction Maximization Training Improves model accuracy Initial filtering process can be time-
with Probability Differential consuming

Wang et al. (Wang et al. 2020a) Center-probability maps for OBB
regression

Simplifies OBB creation; reduces  Limited to specific types of object
target-background confusion detection tasks
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e Hyper-parameter tuning via hybrid deep learning tech-
niques are applied to prevent overfitting and improve
generalization.

Preprocessing

During the initial processing stage, improve the quality of
the image by employing various enhancement techniques
such as utilizing Bilateral Filtering to suppress noise,
implementing Gamma Correction to optimize contrast, and
enhancing color accuracy with the use of a Grey Card Refer-
ence for white balancing. Furthermore, enhance the dataset
and the model’s flexibility by utilizing data augmentation
techniques.

Bilateral filtering

The Bilateral filter is considered a peak choice for spatial
domain filtering, with the main goal of removing noise
from images. It effectively targets and removes additive
Gaussian noise by accurately predicting the value of
a given pixel. This is achieved by considering both the

!

Detected Outcome

spatial proximity and intensity similarity of pixels within
a localized vicinity. This method of filtering uses Gauss-
ian distribution equations to determine weights, consider-
ing the geometric and photometric connections between
pixels.

If the input image ‘f* is noisy, then the output can only
be produced as given in Eq. 1 through spatial domain filter-
ing below:

H,(X) = K;'(X) // f(e). ele. X)de )

Here,e(¢g, X) represents the geometric distance between
the central point X and its neighboring points 7e/. Further-
more, when focusing solely on the variations in intensity

within a small local area, the filtering process generates an
output defined by Eq. 2.

Hy(X) = K;'(X) // f(e) - S(f(e)f (X)de 2)

S(f(e)f (X) indicates the photometric distance between
the centre x and its neighboring points /¢/. Integration of

@ Springer



1190

Proceedings of the Indian National Science Academy (2026) 92:1185-1203

Fig.2 Images of the plants
affected by various diseases

Bacterial

blight

Tungro

Blast

Brown spot

the spatial and intensity distances of pixels within a local
neighborhood, yields an output as specified in Eq. 3.

H(X) = K~'(X) //f(e) -e(e,X) - S(f(e)f (X)de 3)

K(X) represents the normalization constant as shown in
Eq. 4.

KX) = // e(e.X) - S(f(e)f (X)de @)
In the standard bilateral filter designed to mitigate addi-
tive Gaussian noise, both the geometric distance ¢ and the

photometric distance S are modeled to adhere to Gaussian
distributions, as described in Egs. 5 and 6 respectively.

2
e(e.X) = exp (‘71 (d(: X)> ) )
d

2
s<e,x>=exP<—71<M> ) .

OR

Euclidian distance is denoted as /d?.
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Gamma correction

The process known as gamma correction adjusts the bright-
ness levels of an image through a non-linear transforma-
tion. By altering the gamma value, one can achieve different
degrees of image enhancement. Similar to gamma correc-
tion, logarithmic transformations are effective in brighten-
ing an image’s dark regions, enhancing contrast especially
in low-light areas. Such transformations are particularly
valuable for emphasizing details in darker regions. When
the gamma value is set below 1, this technique expands
the range of darker pixels while compressing the range of
brighter pixels, based on a fundamental power law in Eq. 7

S = CR )

The positive constant is Candy, The above equation can
be represented in an alternative form given in Eq. 8.

S=CR+e¢e) (®)

Gamma correction, also known as gamma adjustment,
is a technique used to alter the luminance of an image. The
principle behind this is to modify the input signal based on
a power-law relationship, which can be adjusted through the




Proceedings of the Indian National Science Academy (2026) 92:1185-1203

191

gamma value. This value can range from O to infinity, influ-
encing how the image’s brightness is adjusted. A gamma
of 1 implies a linear relationship between input and output,
maintaining the original brightness levels. When gamma is
set below ‘1’°, the image becomes brighter, as this setting
biases the adjustment towards higher, more luminous out-
put values. Conversely, a gamma value above 1 darkens the
image by favouring lower output values, thus making it suit-
able for correcting images that appear too bright or too dark.

White balancing with gray card reference

White balance in digital photography is typically achieved
by using a white piece of paper as a reference under the
subject’s ambient light. This method involves adjusting the
camera settings to ensure that white appears truly white,
maintaining the neutrality of all other colours in the photo.
Essentially, white balance is used to correct the colour
temperature of a photograph, ensuring that the colours are
rendered accurately based on the lighting conditions at the
scene. On the other hand, colour balance involves adjusting
the colours to compensate for colour casts caused by vary-
ing lighting conditions. This process might not always be
straightforward, as different algorithms handle the nuances
of colour correction in diverse ways. The objective of colour
balancing can vary: Some techniques aim to replicate the
scene’s colours as faithfully as possible, while others might
focus on enhancing the aesthetic appeal of the image. This
variation can sometimes complicate the understanding and
implementation of effective colour or white balancing tech-
niques in photography. A gray card serves as a crucial tool
in video production and photography, offering a standard
middle gray reference which aids in achieving consistent
exposures and accurate colour settings. This neutral gray
tool has an even spectral reflectance, making it ideal for
use with reflective light meters. Beyond its role in exposure
measurement, a gray card also acts as a key reference point
for setting white balance, helping cameras adjust to the col-
our temperature of different lighting conditions. Whether
utilized during a shoot for in-camera white balance adjust-
ments or in post-processing to fine-tune colour balance, a
gray card is essential for maintaining colour fidelity and
exposure accuracy in visual media.

Data augmentation—geometric transformations
(rotation, flipping, scaling)

Data augmentation techniques, including geometric trans-
formations such as rotation, scaling and flipping are applied
to enhance the diversity of the training set.

Scaling

Image scaling involves adjusting the dimensions of a plant
image by enlarging or reducing it according to specific scale

factors. This resizing process utilizes equations that map the
original pixel coordinates (X, Y) to new coordinates (X/, Y7)
in the resized plant image. The scaling factors, SyandS)y dic-
tate the proportion of change along the image’s width (rows)
and height (columns), respectively. These factors determine
how each pixel in the original image is positioned and repre-
sented in the scaled version, affecting the overall size (Egs. 9
and 10) of the output image.

X' =X-Sy ©

Y =Y-5, (10)

Interpolation is employed during image scaling to refine
object edges and preserve the aspect ratio when the scale
factors for both dimensions, SyandSy, are equal. This tech-
nique enhances model robustness by improving performance
across different image sizes. Upscaling involves expanding
an image and then cropping it back to its original dimen-
sions. Conversely, when downscaling, the image is reduced
while maintaining its original size, with the extra space filled
using techniques such as nearest neighbor to ensure no loss
of visual information.

Rotation

Image rotation, widely used in data augmentation for
computer vision, manipulates an image by rotating it through
an angle ranging from O to 360 degrees, thereby generating
diverse training samples. This transformation is guided by
equations that map original pixel coordinates (X, Y) to new
positions (X’ Y ) in the rotated frame, with 6 representing
the rotation angle in radians and (CyandCy) denoting the
center of the image. This process enriches the dataset and
enhances the model’s ability to generalize across varied
orientation.

X' = (X —Cx)cosf — (Y — Cy)Sinb + Cy (11)

Y = (X - Cx)cosf — (Y — Cy)Sinf + Cy (12)

Like image scaling, image rotation can also create empty
spaces in the image, which are typically filled using inter-
polation methods to ensure a seamless visual transition and
maintain image quality. The expression for image rotation
is illustrated in Eq. 11 and 12 respectively.

¢ Flipping

Image flipping depicted in Eq. 13, involves swapping
the left and right sides of an image. In hand gesture rec-
ognition, typically only horizontal flipping is applied.
The process for horizontal flipping is described by a
formula where (4, Y) represent the original pixel coordi-
nates, /' is the flipped pixel position in the image, and w
denotes the image’s width.
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Wo=w-1)—h (13)

For horizontal flipping, each row of pixels in the
image is reversed from left to right. This method does not
require any interpolation as it simply mirrors the image
across its vertical axis.

Feature extraction

Feature extraction techniquess employed include Efficient-
Det and SqueezeNet for image analysis, while colour-based
attributes such as Colour Coherence Vector and Colour Cor-
relograms, alongside shape-based features like area, perim-
eter, and eccentricity, are utilized to enhance object detection
and classification accuracy.

e EfficientDet

EfficientDet stands out due to its innovative archi-
tecture, drawing on the strengths of EfficientNet as its
backbone to capture complex features from challeng-
ing datasets, such as those involving various forest fire
scenarios. At the core of EfficientDet’s structure is the
bi-directional feature pyramid network (Bi-FPN), an
enhanced version of PANet that acts as the model’s neck.
Bi-FPN improves the integration of multi-scale features
through efficient, bidirectional feature fusion. It incor-
porates learnable weights that evaluate the importance
of different input features, enabling a more parameter
and computation-efficient fusion process compared to
the standard PANet utilized in YolovS5.EfficientDet also
employs a compound scaling method, similar to that of
EfficientNet, which strategically scales the resolution,

Fig. 3 EfficientDet EffcientNet

depth, and width across the backbone, the feature net-
work, and the prediction modules for both boxes and
class data. This methodical scaling enhances the model’s
performance and efficiency, adjusting to the computa-
tional resources at hand and allowing for incremental
accuracy enhancements as more resources become avail-
able. By integrating a unique mix of backbone, neck, and
head components, EfficientDet excels at processing and
learning diverse information, potentially surpassing the
capabilities of models like Yolov5, as demonstrated in
Fig. 3.

SqueezeNet

SqueezeNet is meticulously crafted to minimize its
parameter footprint, implementing several effective
strategies. Primarily, it replaces standard 3x3 filters
with smaller 1x1 filters, which are less computationally
intensive. Additionally, it reduces the number of input
channels to 3x3 filters, and strategically delays down-
sampling until later in the network, allowing for larger
activation maps earlier in the processing sequence. A dis-
tinctive feature of SqueezeNet is its “Fire Layers,” each
constructed of “Fire Modules,” illustrated in Figure 4.
Within each Fire Module, a squeeze layer equipped solely
with 1x1 filters channels its output to an expand layer that
merges both 1x1 and 3x3 filters. This architecture enables
the adjustment of three key hyperparameters: s1x1, elxl1,
and e3x3, where s1x1 indicates the number of 1x1 filters
in the squeeze layer, and e1x1 and e3x3 are the counts of
1x1 and 3x3 filters in the expand layer, respectively. This
design ensures the model remains highly efficient in its

BiFN

P5/32
P3/8

P3/8

GO

Head
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tor and Colour Correlograms are utilized to analyse and
describe the distribution and relationship of colours
within an image.

Colour coherence vector

The Vector of Colour Coherence extends traditional
colour histograms by splitting the colour representation
into two components: Coherent and incoherent vectors.
Coherence classification hinges on a predefined thresh-
old, z. If the size of a color region surpasses 7, it is classi-
fied as coherent; otherwise, it is deemed incoherent. This
approach helps in distinguishing between large, uniform
colour areas and scattered, non-uniform ones.

Initially, apply a blurring technique to mitigate exces-
sive separation by averaging the values of each pixel with
those of its eight surrounding neighbours. Subsequently,
construct both coherent and incoherent vectors using a
predetermined threshold value, 7, to categorize regions
based on their size and uniformity.

Define a, as the count of coherent pixels and Sy as the
count of incoherent pixels for each color segment. Each
color segment is then represented by the sum a; + ;.
Consequently, the colour coherence vector for the image
is formulated using these sums for each colour in Eq. 14.

< (ay+ B, ... (ay + By) > (14)

The comparison of images I and I' using the colour
coherence vector involves calculating the similarity or
differences between their vectors as in Eq. 15, 16 and 17
respectively.
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operations, SqueezeNet achieves impressive performance covy =< (ay + ) ... (ay + By) > (15)
despite its small size and has been widely adopted across
various applications. , , , ,
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Colour correlograms

The colour correlogram presents a nuanced approach
to analysing images by examining both the frequency of
colour appearances and the spatial relationship between
different colours. It is essentially a three-dimensional
histogram where two dimensions represent a pair of
pixel colours, and the third dimension captures the spa-
tial separation between them. At the core of a colour
correlogram is a matrix indexed by pairs of colours,
with each cell in the matrix (for a colour pair (C;, C;)
and a predefined distance ‘D’) revealing the likelihood
of encountering a pixel of color C, at the specified dis-
tance d from a pixel of color C; within the image. This
method offers a comprehensive way to understand the
intricate spatial interplay of colours in an image’s com-
position using Eq. 18.

&)

_ PR . _
Ye,c, =P € lc,ei[Pz € lc,||P1 —P2| —K]

(18)

When considering the full scope of colour correla-
tions across a plant image, the pairings between colours
(C,, Cy) from a set of M distinct colors, and distances K
within a range from 1foD, the calculation for a complete
color correlogram can become computationally inten-
sive, growing in complexity to O(M?D) This exhaus-
tive approach, which measures the distance |P; — P, |
between any two pixels P; and P,, is often streamlined
into a more manageable form known as the color auto-
correlogram. Unlike its more complex counterpart that
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accounts for every possible colour pair, the colour auto-
correlogram focuses solely on the spatial correlation
of matching colours. This simplification significantly
reduces the computational load to (O(MD)), offering a
more efficient yet still effective method for capturing
the essence of spatial colour relationships in an image
as in Eq. 19.

ag () =g () (19)

Choosing a larger d in colour correlogram analysis
heightens computational and storage demands, while
a smaller d may simplify features too much. Although
quantizing colours (M) to 64—256 broadens analysis, it
also increases complexity. The color auto-correlogram,
though resource-intensive, excels in image retrieval,
making correlograms essential for detailed image anal-
ysis.

e Shape based features
Shape-based features such as area, perimeter, and
eccentricity are crucial for analysing and classifying
geometric forms. The area measures the space con-
tained within the shape, the perimeter quantifies the
length around it, and eccentricity evaluates how much
the shape deviates from being a perfect circle.

e Eccentricity
Eccentricity given in Eq. 20, is a scalar metric
describing the shape of an ellipse based on its second
moments, matched to a particular region. It calculates
the ratio between the focal distance (distance between
the ellipse’s foci) and the length of its major axis, with
values ranging from O to 1.

(20)

Here, A is the semi-major axis, B is the semi-minor
axis, and C is the distance from the center to a focus.

e Area
Area represents the total count of pixels that form
a specific region, where pixels are either part of the
shape (typically represented as 1) or not (typically rep-
resented as 0), the formula to calculate the area of a
shape is given by Eq. 21.
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N
i,

J=1

~
Il

i(1,J), shows the pixel value at the I row &J™ column of
the image matrix, where =i(/, J) = 1if the pixel belongs
to the shape and i(/,J) = 0 otherwise .MandN are the
dimensions of the image in terms of rows and columns,
respectively.

e Perimeter

The perimeter of a shape in image analysis is calcu-
lated by summing the distances between consecutive
pairs of edge pixels that outline the shape. For shapes
represented in digital images, this typically involves add-
ing the lengths of the line segments connecting these
adjacent border pixels. The formula for the perimeter P
of a shape can be expressed in Eq. 22.

peri= )" D(Py,Py,,) 22)

K=1

PrandPy  are the consecutive pixels on the border of
the shape. ‘D’ is the distance.

Feature selection (Hybrid optimization algorithm)

A hybrid optimization algorithm that combines the fea-
tures of Teaching—Learning Based Optimization, Mother
Optimization Algorithm, and Wild Horse Optimization can
lead to an innovative approach that leverages the diverse
strengths of these individual strategies. This integration aims
to enhance global exploration and local exploitation capa-
bilities, making it robust for complex optimization problems.
Below is a step-by-step development of this hybrid model,
incorporating key elements and equations from TLBO,
MOA, and WHO.

Step 1: Initialization

A population-based meta-heuristic optimization algo-
rithm operates by evolving a set of candidate solutions over
multiple iterations. The solutions are conceptualized as vec-
tors within a defined problem space, with their collective
configurations forming a matrix (Eq. 23). At the inception
of the algorithm, this population matrix is populated accord-
ing to an initialization formula (Eq. 24). Each vector, repre-
senting a unique solution, specifies potential values for the
decision variables of the problem. Throughout the optimi-
zation cycle, the collective capabilities of these vectors are
harnessed to navigate and converge towards an optimal solu-
tion efficiently. The initial population was divided into mul-
tiple groups, indicated by x;. Each group includes a leader
known as a stallion, making the total number of stallions.
The remainder of the population, consisting of foals and
mares, was evenly distributed across these groups.
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X1 Xy Xy Xy
X =1 X =| X1 Xy Xim (23)
'xn M Xn,l Xn,] : Xn,M xM

X,; = LB, + rand(0,1) - (UB, = LB,), 1 = 1,2, ...,n:J = 1,2,... .M
(24)

/x/, denotes the matrix that holds all the candidate solu-
tions, where 7 is the total number of solutions in the popula-
tion, and M denotes the count of decision variables for each
solution. Each solution in the matrix,x;, is the Ith candidate,
described by a vector(X; |, ... Xj 5, ... X; 1), Where X ; is the
Jth variable of the ith solution. The function rand(0,1) is
utilized for random number generation uniformly distributed
between 0 and 1. The domain of each decision variable, j, is
defined by its lower bound,LB;, and upper bound,UB;.Con-
sider a scenario where there are M different subjects avail-
able to N learners (representing the population size, with
learners numberedK = 1foN). During each teaching—learn-
ing cycle, labelled/, the variable M, ; represents the average
performance in a specific/. In this model, the most adept and
knowledgeable learner across all subjects during a cycle is
designated as the teacher. This top performer is denoted by
Xiotai—Kvest,1» Fepresenting the highest achieving learner or the
‘teacher’ for that specific cycle.

Step 2: Fitness evaluation

Calculate the fitness of each candidate solution using
the objective function for all populations represented in
Equation 25.

f=r(x;) (25)

Step 3: Teaching phase

The teacher strives to enhance overall class knowledge,
yet learner gains depend on both teaching quality and learner
calibre. Differences in performance between the teacher’s
results and the average outcomes in each subject are calcu-
lated using Equation 26.

difference_mean;; = R, (xJ,Kbest,I - thJ,I) (26)

In subject, x; gy, /1 s the top learner’s score, acting as the
teacher. The Teaching Factor (TF), either 1 or 2, randomly
modifies means, influenced by a random number R; between
[0, 1], depicted in Eq. 27.

t; = Round[1 + Rand(0, 1){2 — 1}] 27)

During the teacher phase, the solution is updated using
the Equation 28

/
XK1

=Xkt difference_mean ¥, (28)

The updated variable x;’ ey
performance, serving as the basis for the learner phase
progression.

Step 4: Combine MOA and WHO search mechanisms

Following the TLBO teaching phase, merge the Multi-
Objective Algorithm (MOA) with the Wild Horse Optimi-
zation (WHO) strategy to enhance search space exploration
and exploitation efforts.

In the “Education” phase of the MOA approach, the best
population member, termed the “mother,” guides significant
changes in others’ positions for enhanced global search and
exploration, as per Equation 29. Successful position changes
improving objective scores are updated using Equation 30.

is retained if it improves

X7, =X, + Rand(0, 1) - (m, — Rand(2) - X, ) (29)
X, = xll)l’flp1 Sfl ) 30
r= x;, else, (0)

In the MOA’s first phase, the mother’s position m; influ-
ences each member x;’s position X ;, generating a new posi-
tion xfl, with dimensions Xf’lj,
rand(0,1) and rand(2) to assess changes using objective value

s

Equation 31 is used for modelling the grazing behaviour,
simulating how the population optimizes resource utilization
during the search process.

guided by random functions

x! =2zcos (2xr7) X <stalli0nj —x ) — stallion’ 3D

Lg Lg

The equation depicts the current position of foal/mare
group members influenced by the stallion’s position, a ran-
dom factor from -2 to 2, and adaptive dynamics.

Step 5: Learner phase

During the learner interaction phase of the algorithm,
students enhance their understanding by engaging with
peers. Two learners, ‘p” and ‘q’, are randomly chosen, ensur-
ing they have distinct knowledge levels from the recent
teaching phase. Here, x/, al—pl F X, al—q.; TEPTESENE the new
knowledge states of learners, ‘p’ and ‘q’, respectively, dif-
ferentiated from their previous states, X, ; and X, 41— /-
This process stimulates peer learning, where students benefit
from the diverse insights of others, given by Eq. 32 and
Eq. 33.

2 — / _ A . A ’
Xypr =X TR (xJ,pJ x],q,l)’ ¥ Xiorar—ps > Xiotal—q,1

(32)

" ) / _ / ./ /
xjspsl - x-/aPJ + Rl <'x.l,q,1 'xJ,p,I)’ lf'xtotal—q,l > 'xlotal—p,l (33)

Adopt x} , itimproves the objective function value.
Step 6: Update leaders and solution
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Apply the selected best fitness values to update the posi-
tions or solutions in the population using Equation 34.

X;=X;+R- (me,I - XI) 34

X;, is the current solution of the Ith individual. ‘R’ is a
random number typically in the range [0, 1]. This formulation
allows the incorporation of the best solutions from multiple
optimization techniques, improving overall performance by
leveraging the strengths of each algorithm, and dynamically
updating the WHO stallions based on the relative success of
their subgroups.

Step 7: Local and Global exploitation

In the MOA phase, mothers inspire their children to
enhance their capabilities, leading to better local search and
exploitation abilities by implementing minor adjustments to
the positions of population members. This upbringing phase
is simulated by generating a new position for each member,
reflecting children’s personality development as depicted in
Equation 35. Should the new position yield an improved
objective function value, the prior position of the member is
updated to this new one as outlined in Equation 36.

v UB, - LB,
X, =X +1,-,2,+,Rand, (,0,1,)) - ——— 35)

T

3 3
X = { X 5f’> (36)

X, else

In the third phase of MOA, calculate Xf ? for each popula-
tion member, updating positions based on iteration counter t
and random factors.To mimic the mating behaviour seen in
horses, where foals are separated before puberty and inte-
grated for breeding, the algorithm utilizes the formula in
Eq. 37.

xQK = crossover(xgl,xgj>,1 #J#K,Q0=7Z=end

crossover = mean

(37

In the horse optimization algorithm, the position of horse

Pin group K, denoted as xg « 18 determined by combining

the positions of horse Q in group / and horse Z in group J.

The crossover probability in this algorithm is labelled as PC,
remains fixed throughout the process.

Step 8:Termination
Repeat the Steps from 3 to 7 until a stopping criterion is

met, such as maximum number of iterations or convergence
is achieved.

@ Springer

Step 9: Output of the best solution

Identify and outcomes of the best solution from the final
population. By integrating these strategies, the hybrid algo-
rithm provides a comprehensive approach to tackling vari-
ous optimization challenges, effectively combining the struc-
tured learning of TLBO, the maternal guidance of MOA, and
the social dynamics of WHO. This model aims to efficiently
explore and exploit the search space, adjusting dynamically
to find optimal solutions in diverse problem landscapes.

Deep learning-based detection

In deep learning-based detection, a sophisticated detector
might be developed utilizing recurrent neural networks,
RCNN, and bidirectional long short-term memory net-
works. This detector is designed to accurately localize and
classify objects by leveraging carefully selected features.
To enhance the model’s performance and prevent over fit-
ting, hyper-parameter tuning is implemented using a blend
of deep learning techniques. This strategic tuning not only
helps in fine-tuning the model but also significantly boosts
its ability to generalize across different datasets.

e RCNN

R-CNN architecture is leveraged for object detection
in images, particularly for scenarios where an image con-
tains multiple objects, which traditional CNNs struggle
with due to their design for single-object classification.
R-CNN operates through a two-step process: Initially, it
employs selective search to identify potentially diseased
regions within a plant image. Each of these proposed
regions, amounting to about 2000 per image, is then pro-
cessed individually by separate CNN models to extract
features. This network architecture features five convo-
lutional layers, with the count of filter response maps
escalating from 96, to 256, twice 384, and finally back
down to 256.

In this architecture, every convolutional layer is suc-
ceeded by a rectified linear unit (ReLU) to introduce non-
linearity and a spatial max pooling operation to decrease
the spatial dimensions of the feature maps. Designed to
accommodate images of different sizes, the network
employs a Region of Interest (Rol) pooling layer to con-
vert the feature maps from each proposed region into
uniform, fixed-size vectors before they proceed to the
fully connected layers. This standardization is crucial
for ensuring consistent inputs for the subsequent stages,
which include softmax classification and bounding-box
regression. These layers are initialized with weights from
a zero-mean Gaussian distribution, with standard devia-
tions of 0.01 for classification and 0.001 for regression,
and biases initialized at zero. Individual learning rates are
set at 1 for weights and 2 for biases, alongside a global
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learning rate of 0.001 to optimize the training process
efficiently. To combat overfitting, dropout techniques are
applied to the fully connected layers. The network cul-
minates in two parallel output layers designed for class
prediction and bounding box adjustments as in Fig. 5.

RNN

Recurrent Neural Networks revolutionize sequence
predictions by leveraging a unique architecture where
outputs from prior steps are inputs to subsequent steps.
Unlike traditional neural networks, where inputs and
outputs function independently, RNNs rely on histori-
cal context, essential for tasks like predicting the next
word in a sentence. This contextual awareness is man-
aged through a hidden layer that maintains a ‘memory
state,” essentially storing relevant past input informa-
tion. This memory enables RNNs to process sequences
effectively, using shared parameters across all inputs and
hidden layers. This uniform application of parameters
across the sequence simplifies the network’s complexity
and enhances its ability to handle tasks where historical
data influences current output.

Bi-LSTM

Bidirectional LSTM incorporates two LSTM layers in
one, linking both to the output layer to improve learn-
ing long-term dependencies and, consequently, boost
model performance. Research has demonstrated that
bidirectional networks outperform standard models in
various applications, notably in estimating blood pres-
sure. BiLSTM utilizes a forward and a backward LSTM
layer, depicted in an illustrative layout, which processes
inputs in both chronological and reverse order. This dual
approach allows for richer contextual understanding and
more accurate predictions. The outputs of both LSTM

layers are merged using a sigmoid function into a single
output vector, reflecting the estimated value for the next
time step. Each layer in the BiLSTM is stacked, increas-
ing network depth which has been shown to effectively
address long-term dependency challenges in sequential
data. Moreover, introducing residual connections, which
add outputs from earlier layers to those of deeper layers,
can further enhance performance by facilitating deeper
network training without the degradation problem often
seen with increased depth.

Fully connected layer

The architecture involves passing the combined feature
vector from earlier layers through a sequence of three
fully connected layers. The ReLU activation function is
used in the first two layers to add non-linearity, and the
final layer uses SoftMax activation to create probability
distributions for various text sentiment categories. To
combat over fitting, the model incorporates L2-norm
regularization with a coefficient of 0.1 and dropout with
a rate of 0.30 in the fully connected layers. These tech-
niques help ensure that the model generalizes well to
new, unseen data by penalizing complex models and ran-
domly deactivating certain neurons during training.

SoftMax

SoftMax is a crucial function in CNNs that converts
the raw output scores from the network—also known as
logits—into a probability distribution across potential
class labels. This is achieved by first normalizing the log-
its so their total sum becomes 1. Each element in the vec-
tor is exponentiation and then divided by the total sum
of these exponentiation values, ensuring each element
falls between 0 and 1. These elements now represent the
probabilities that the input image belongs to each class.

Input RNN
—_— . —
Image > e - BIiLST Flattern
HEEEN Soft
max
FC1 FC2 l

Fig.5 Deep learning-based detection model

Detected outcome
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By providing a probability for each class, the SoftMax
function enables the CNN to make more precise and con-
fident predictions about the category of the input image.
Moreover, the following figures from Fig. 6a—e denotes
the process carried out by the suggested approach for
detecting the diseased regions from aerial images.

Results and discussion
Experimental setup

This section presents the findings and discussions derived
from the conducted research. This study utilizes PYTHON
to execute the proposed model, employing performance indi-
cators such as NPV, MCC, FNR, FPR, precision, F-measure,
sensitivity, specificity, and accuracy. A hybrid optimization
model enhances accuracy. It also explores accuracy loss
and density variations at learning rates of 0.7 and 0.8. The
proposed method is a combination of feature selection with
hybrid optimization of MOA +IWHO +TLBO and CNN
classifier. GD is used for tuning the hyper parameters like
learning rate, batch size and momentum.

Discussions

Table 2 delineates the comparative performance metrics for
various models, each set at a learning rate of 0.7, momentum
of 0.81 and a batch size of nearly 75% of the total data set.
The RNN model records an accuracy of 97.4048%, with
precision at 81.5789%, sensitivity at 98.4127%, and speci-
ficity at 97.2816%. Additionally, it scores an F-measure of
89.2086%, an MCC of 88.2472%, an NPV of 98.8801%,
a FPR of 2.7184%, and a false negative rate of 1.5873%.
The DNN model exhibits an accuracy of 95.8478%, preci-
sion of 73.4940%, sensitivity of 96.8254%, specificity of
95.7282%, F-measure of 83.5616%, MCC of 82.2480%,
NPV of 94.5960%, FPR of 4.2718%, and FNR of 3.1746%.
The CNN model displays superior performance with an
accuracy of 97.9239%, precision of 84.9315%, sensitivity of
98.4127%, specificity of 97.8641%, F-measure of 91.1765%,
MCC of 90.3209%, NPV of 99.8020%, FPR of 2.1359%,

& & 8

(a). (b). (©). (d). (e) Detection
Denoised Contrast Contrast White of diseases
image enhancement enhancement balancing  from the Plant
Imagery

Fig.6 Detecting the diseased regions from aerial images
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Table 2 Performance measures of proposed model with learning rate
0.7, momentum of 0.8 and 75% of the total dataset for training

Metrics RNN DNN CNN Bi-LSTM PRO-
POSED
Accuracy  0.974048 0.958478 0.979239 0.975779 0.991349
Precision  0.815789 0.73494  0.849315 0.855072 0.953125
Sensitivity 0.984127 0.968254 0.984127 0.936508 0.988254
Specificity 0.972816 0.957282 0.978641 0.980583 0.994175
F-Measure 0.892086 0.835616 0.911765 0.893939 0.99063
MCC 0.882472 0.82248  0.903209 0.88146  0.955809
NPV 0.988801 0.94596  0.99802  0.992141 0.998925
FPR 0.027184 0.042718 0.021359 0.019417 0.005825
FNR 0.015873 0.031746 0.015873 0.063492 0.011746

and FNR of 1.5873%. The Bi-LSTM model shows an accu-
racy of 97.5779%, precision of 85.5072%, sensitivity of
93.6508%, specificity of 98.0583%, F-measure of 89.3939%,
MCC of 88.1460%, NPV of 99.2141%, FPR of 1.9417%, and
FNR of 6.3492%. The proposed model surpasses all with an
accuracy of 99.1349%, precision of 95.3125%, sensitivity of
98.8254%, specificity of 99.4175%, F-measure of 99.0630%,
MCC of 95.5809%, NPV of 99.8925%, FPR of 0.5825%, and
FNR of 1.1746%.

In Table 3, the assessment of various models at a
learning rate of 0.8, momentum of 0.87 and batch size
of nearly 75% of the total data set is displayed. The RNN
model achieves an accuracy of 97.9221%, with a preci-
sion of 85.7143%, sensitivity of 98.8464%, specificity of
97.6261%, an F-measure of 92.3077%, MCC of 91.4765%,
NPV of 98.6547%, FPR of 2.3739%, and FNR of 1.1326%.
The DNN model registers an accuracy of 96.8831%, pre-
cision of 80%, sensitivity of 95.2121%, specificity of
96.4392%, F-measure of 88.2186%, MCC of 87.8358%,
NPV of 95.5547%, FPR of 3.5608%, and FNR of 2.9656%.
The CNN model reports an accuracy of 98.4416%, preci-
sion of 88.8889%, sensitivity of 98.6155%, specificity of

Table 3 Performance measures of proposed model with learning rate
0.8, momentum of 0.87 and 75% of the total dataset for training

Metrics RNN DNN CNN Bi-LSTM Proposed
Accuracy  0.979221 0.968831 0.984416 0.976623 0.997403
Precision  0.857143 0.8 0.888889 0.862105 0.979592
Sensitivity 0.988464 0.952121 0.986155 0.943655 0.995215
Specificity 0.976261 0.964392 0.982196 0.983294 0.997033
F-Measure 0.923077 0.882186 0.941176 0.914286 0.989691
MCC 0.914765 0.878358 0.934378 0.905326 0.988274
NPV 0.986547 0.955547 0.971325 0.99427  0.997655
FPR 0.023739 0.035608 0.017804 0.026706 0.002967
FNR 0.011326 0.029656 0.015125 0.051654 0.010357
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Table 4 Performance measures for the proposed model using GD
hyper parameter tuning, with learning rate 0.7, momentum of 0.81
and 75% of the total dataset for training

Metrics RNN DNN CNN Bi-LSTM Proposed
Accuracy  0.978221 0.968731 0.983416 0.966623 0.987403
Precision  0.854143 0.822 0.888779 0.862215 0.987592
Sensitivity 0.988364 0.952221 0.985155 0.942655 0.985215
Specificity 0.975261 0.963392 0.982596 0.983594 0.997133
F-Measure 0.923177 0.882286 0.941276 0.924286 0.989694
MCC 0.914755 0.878558 0.934478 0.905526 0.988374
NPV 0.986647 0.956547 0.972325 0.991427 0.995655
FPR 0.023729 0.035618 0.017814 0.026716 0.002957
FNR 0.011316 0.029626 0.015225 0.052654 0.020357

Table 5 Performance measures of proposed model using GD hyper
parameter tuning with learning rate 0.8, momentum of 0.87 and 75%
of the total dataset for training

Metrics RNN DNN CNN Bi-LSTM  Proposed
Accuracy  0.979221 0.968831 0.984416 0.976623 0.997403
Precision  0.857143 0.8 0.888889 0.862105 0.979592
Sensitivity 0.988464 0.952121 0.986155 0.943655 0.995215
Specificity 0.976261 0.964392 0.982196 0.983294 0.997033
F-Measure 0.923077 0.882186 0.941176 0.914286 0.989691
MCC 0.914765 0.878358 0.934378 0.905326 0.988274
NPV 0.986547 0.955547 0.971325 0.99427  0.997655
FPR 0.023739 0.035608 0.017804 0.026706 0.002967
FNR 0.011326 0.029656 0.015125 0.051654 0.010357

98.2196%, F-measure of 94.1176%, MCC of 93.4378%,
NPV of 97.1325%, FPR of 1.7804%, and FNR of 1.5125%.
The Bi-LSTM model notes an accuracy of 97.6623%, pre-
cision of 86.2105%, sensitivity of 94.3655%, specificity of
98.3294%, F-measure of 91.4286%, MCC of 90.5326%,
NPV of 99.4270%, FPR of 2.6706%, and FNR of 5.1654%.
The proposed model excels with an accuracy of 99.7403%,
precision of 97.9592%, sensitivity of 99.5215%, specificity
0f 99.7033%, F-measure of 98.9691%, MCC of 98.8274%,
NPV of 99.7655%, FPR of 0.2967%, and FNR of 1.0357%.
Tables 4 and 5 are incorporated to illustrate the perfor-
mance of Gradient Descent (GD) based hyper parameter
tuning.

Figure 7a—i, displays the performance metrics for the
proposed model at two different learning rates of 0.7 and
0.8. Excluding FNR and FPR, the model outperforms oth-
ers in all metrics, attributed to the integration of hybrid
optimization and deep learning techniques. Table 4 and 5,
illustrates that almost equivalent results are obtained for the
performance measures while using varied learning rates and
momentum values on 75% of the total data set.

Figure 8 shows how accuracy and loss vary at 0.7 as
learning rate. The graph highlights accuracy in blue and vali-
dation accuracy (Val accuracy) along with its corresponding
loss in orange.

Figure 9 displays the fluctuations in accuracy and loss at
a learning rate of 0.8. In the graph, blue represents accuracy
while orange indicates validation accuracy (Val accuracy)
and its associated loss.

Figure 10 depicts density plots for actual and predicted
values at learning rates of 0.7 and 0.8. In both graphs, the
actual values are indicated in orange, while the predicted
values are shown in purple. Table 6 and 7, depicts the accu-
racy values for two different hyper parameter models used
for training the deep learning models using GD. Optimal
accuracy is achieved for both the sets of hyper parameters
which are tuned using GD.

Conclusion

This study presents a cutting-edge hybrid deep learning
strategy designed to overcome the challenges presented
by traditional monitoring methods, especially in complex
and computationally limited scenarios. By incorporating
advanced image enhancement techniques like Bilateral
Filtering, Gamma Correction, and White Balancing, along
with extensive data augmentation, the approach substan-
tially improves image quality and increases the dataset size,
enabling more precise feature extraction for accurate plant
disease detection. The methodology leverages EfficientDet
and Squeeze Net to extract robust features, and introduces
innovative descriptors such as the Color Coherence Vector
and shape-based metrics to form an extensive feature set.
At the heart of this system is a tailored hybrid optimization
algorithm that combines the TLBO with an enhanced ver-
sion of the wild horse optimization algorithm, is deployed
for selecting the most pertinent features for plant disease
detection. The integration of sophisticated deep learning
architectures, including region-based CNNs, RNNs, and
Bi-LSTMs, with strategic hyper-parameter optimization,
GD for weight adjustment, feature Selection with hybrid
optimization of MOA +IWHO + TLBO and CNN classifier
ensures not only high accuracy but also effective generaliza-
tion to new scenarios in categorizing and detecting the plant
diseases. The future potential for this technology is signifi-
cant. Prospective studies could investigate its application to
real-time scenarios in dynamic environments like autono-
mous driving and surveillance, where fast and dependable
object detection is essential. Further advancements could
include exploring more complex deep learning models and
additional optimization strategies to further improve both
the precision and the speed of the object detection system,
extending the frontiers of current capabilities in the field.
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Fig.7 (continued)
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Fig.8 Accuracy- loss with learning rate 0.7
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Fig. 10 Density plot with learning rate 0.7 and 0.8
Table 6 Hyper parameters Hyper parameters Accuracy
for the various Deep learning
models using GD RNN DNN CNN Bi-LSTM Proposed
Learning rate=0.8 0.978 0.967 0.983 0.975 0.987
Batch Size=75% 0.856 0.821 0.879 0.872 0.962
Loss=0.0001 0.964 0.961 0.975 0.944 0.994
Activation function = Softmax 0.972 0.963 0.985 0.985 0.994
Momentum = 0.87 0.933 0.883 0.942 0.924 0.979
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Table 7 Hyper parameters H
t A

for the various Deep learning YPET parametets ceuracy

models using GD RNN DNN CNN Bi-LSTM Proposed
Learning rate=0.7 0.979 0.968 0.984 0.976 0.997
Batch Size=75% 0.857 0.8 0.888 0.862 0.979
Loss=0.0001 0.988 0.952 0.986 0.943 0.995
Activation function = Softmax 0.923 0.882 0.941 0914 0.989
Momentum=0.81 0914 0.878 0.934 0.905 0.988
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