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Abstract:

The GreenGuard: CNN-Enhanced Paddy Leaf Detection for Crop Health Monitoring
initiative will create multiple future-oriented results. The processing of agricultural
imagery becomes revolutionized through the combination of median filtering and
Exponential Tsallis entropy Gaussian Mixture model (EXTS-GMM) advanced
techniques initially. The essential preprocessing operation delivers better quality data to
the Convolutional Neural Network (CNN) classifier which results in optimal
performance outcomes. The simple integration of CNN classifiers will launch an
innovative age that delivers more accurate and efficient paddy leaf detection for
agricultural images. Deep learning features of a CNN enable it to uncover complex
structural details found in both normal and sick paddy leaf specimens. The classifier's
aptitude creates an efficient pathway to execute precise assessment and group data into
appropriate categories while processing extended agricultural database information
rapidly. Effective implementation of "GreenGuard" will reshape conventional paddy
field crop health monitoring systems into modern standards. Modern agricultural
stakeholders can make precise choices about pest management along with disease
control and irrigation schedules because of timely crop health assessments from the
implemented system. The new capabilities generated from this empowerment system
will create major crop yield growth and enhance food safety protocols as well as
promote sustainable farming throughout paddy farms globally.

1. Introduction

The combination of complex image processing
capabilities together with Convolutional Neural

The "GreenGuard" project stands as a
groundbreaking agricultural innovation that leads
transformative change because it provides complete
protection [1,2]. Vast green fields contain sentinel
plant leaves which support wide community food
distribution. The silent green landscape contains a
persistent agricultural problem which scientists and
farmers have fought since the time of old to defend
their valuable crops against multiple plant hazards.

GreenGuard emerges as an innovative agricultural
technology program which brings state-of-the-art
solutions to confront traditional crop challenges [3].

Networks (CNNs) gives "GreenGuard" its purpose
to transform agricultural crop examination
methods.

The research aims to provide farmers with an
observation capability which detects paddy leaf
anomalies by focusing solely on this task [4].
GreenGuard explores complex agricultural image
elements and delicate image structures to offer
timely crop health information to farmers. Beyond
its technological accomplishments "GreenGuard
exists as a platform which brings together
innovative forces that cross geographical limits [5].
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A solution which calls farmers and scientists along
with technologists to join forces dedicated to
preserving agricultural landscapes stays ready to
protect their vitality and resilience. We should
remember that the agricultural future depends on
both our seed planting and our intelligent care of
them until maturity.

2. Literature survey

The GreenGuard project utilizes advanced
technology to develop entirely new approaches for
monitoring and sustaining paddy crop health. This
survey evaluates important research  and
technological advancements which establish the
basic principles for guiding the project work.

The detection along with diagnosis of crop diseases
became a fundamental research domain within
agricultural image processing. Bauer et al. (2011)
introduced how image processing techniques could
identify crop leaf disease symptoms during their
initial investigations [6]. Research performed in this
area established digital pictures as an important tool
for agricultural diagnosis.

The correct processing of images requires effective
techniques which minimize noise. The non-linear
digital filtering procedure known as Median
filtering demonstrated its capability to clear noise
from images while maintaining edges in the work
presented by Tukey (2014). Agricultural image
processing applications have commonly utilized
this technique to make images suitable for further
analytical purposes [7]. Ramesh et al. (2018)
applied median filters to agricultural images before
disease detection and obtained improved detection
accuracy according to their study.

The process of separating essential areas from
backgrounds requires advanced techniques in
agricultural image work. The Exponential Tsallis
entropy Gaussian Mixture Model (EXTS-GMM)
presents robust features for dealing with diverse
and intricately complex backgrounds according to
research [8]. The concept of non-extensive entropy
presented by Tsallis (1988) was later used by Zhao
et al. (2016) to develop background removal
methods suitable for image processing applications.
Deep learning revolutionized image classification
tasks after Convolutional Neural Networks (CNNs)
became a part of the agriculture sector. LeCun et al.
(1998) introduced CNNs which show remarkable
capabilities across numerous domains particularly
in agricultural settings according to Khalesi and
Javadzade (2021) [9]. The research of Mohanty et
al. (2016) presented CNNs as highly effective tools
to distinguish plant leaf images between healthy
and diseased conditions.
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The evaluation process requires comparing
different algorithms alongside benchmarking for
assessing their performance effectiveness. Studies
conducted by Ferentinos in 2018 analyzed diverse
deep learning models consisting of CNNs for
identifying plant diseases and he demonstrated
CNNs delivered the highest accuracy along with
robust results [10]. The investigation established
standards that can be used to assess the CNN
framework employed by the "GreenGuard" project.
Disease detection accuracy increases through the
combination of different types of data which
includes combining both RGB images with
hyperspectral data sources. Zhang et al. (2020)
showed through their research that multimodal data
fusion strengthens agricultural applications such
that it could lead to advanced crop health
monitoring frameworks [9].

Al technology demands explainability and
interpretability capabilities because its models have
become increasingly complex. Decision-making
procedures within neural networks become
accessible to humans through SHAP and LIME
methods as described by Lundberg and Lee (2017)
and Ribeiro et al. (2016) [5]. The techniques
enhance trust and transparency in Al-driven
diagnostics which permits farmers and agricultural
stakeholders to comprehend and reliably accept Al
system suggestions [11].

3. Methodology
3.1 Data acquisition and preprocessing

Image Collection

The "GreenGuard" initiative's first stage depends
critically on creating a solid database containing
top-quality images of paddy leaves. The
Convolutional Neural Network (CNN) model
requires this dataset during its training and
validation stage. We will obtain high-definition
images from various agricultural paddy fields to
complete this objective [4]. Different paddy fields
should be included because their diversity helps our
dataset represent multiple environmental conditions
and leaf health statuses.

Field Diversity and Conditions

The identification of normal paddy leaves requires
pictures for establishing a reference standard to
define unaltered leaf appearance. The model uses
these pictures to learn how to identify healthy leaf
characteristics  before distinguishing  between
healthy and disease-affected or pest-infected leaves.
We will obtain pictures of leaves experiencing
different diseases including bacterial blight and
blast in combination with sheath blight. Every
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condition displays its own unique symptoms which
include spots together with discolorations and
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Figure 1. Proposed Methodology

lesions. Specific disease markers become detectable
by the model because of included images. The
microbial attacks on paddy leaves are primarily
caused by leafhoppers together with stem borers.
The model will benefit from viewing various leaf
pictures that display how pests physically attack
paddy plants.

The growth of paddy leaves is vulnerable to
environmental stress when exposed to droughts,
water saturation and unstable nutrient levels.
Additional images depicting the stress conditions
will strengthen the dataset so the model becomes
better at distinguishing between stress sources that
are pests or diseases versus those that are
environmental factors.

Image Capture Techniques

The utilization of high-definition cameras enables
image acquisition with exceptional quality which
shows clear details from leaf structures together
with surface features. The model needs this high
resolution for learning precise features.
High-resolution camera installed drones will take
images while flying at aerial heights. The method
enables quick and broad-scale image acquisition
that encompasses extensive areas of paddy fields
and records leaves throughout their development
stages under different situations.
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The Research will control lighting factors by taking
images under optimal daytimes and under
controlled light settings whenever possible.
Uniform lighting throughout the dataset allows the
model learning process to become less complex
because it prevents variations which would
otherwise hinder learning.

3.2. Noise Reduction with Median Filtering

The collection stage needs follow-up preprocessing
work that requires essential noise reduction as its
primary objective. The raw agricultural images
carry noisy brightness and color variations as
shown in figure 1 that make it tough for the model
to learn vital information. Our strategy for noise
reduction includes using median filtering because it
is a commonly used non-linear approach for this
objective.

Median Filtering Process

The retaining of edges remains a strength of median
filtering because this technique stands in contrast to
linear filters that may produce blurring effects. The
detection of leaves’ edges and contours represents a
critical factor for agricultural image analysis
because pests and diseases become visible through
this information.
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Pixel analysis with median filtering occurs when
software examines pixels, and adjacent ones present
in defined areas (3x3 or 5x5). The central pixel
value becomes replaced with the median value
which comes from nearby image pixels. Through
this process both image noise and important image
features remain intact, but noise becomes smoother.
The reduction of salt-and-pepper noise affects
agricultural images through typical occurrences of
white and black pixels.

High-resolution camera installed drones will take
images while flying at aerial heights. The method
enables quick and broad-scale image acquisition
that encompasses extensive areas of paddy fields
and records leaves throughout their development
stages under different situations.

Median Filtering Process

The retaining of edges remains a strength of median
filtering because this technique stands in contrast to
linear filters that may produce blurring effects. The
detection of leaves’ edges and contours represents a
critical factor for agricultural image analysis
because pests and diseases become visible through
this information.

Pixel analysis with median filtering occurs when
software examines pixels, and adjacent ones present
in defined areas (3x3 or 5x5). The central pixel
value becomes replaced with the median value
which comes from nearby image pixels. Through
this process both image noise and important image
features remain intact, but noise becomes smoother.
The reduction of salt-and-pepper noise affects
agricultural images through typical occurrences of
white and black pixels. Random occurrences of
white and black pixels. Visual information integrity
in images depends highly upon median filtering
because this processing method successfully
removes salt-and-pepper noise.

Implementation and Benefits

The algorithm requires minimal computation time
when working with large datasets, so it matches the
needs of this project which handles extensive image
data collection.

The overall image quality benefits from median
filtering because it removes noise without
damaging essential features of the images. [10] The
guality enhancement represents an essential
requirement for the following feature extraction and
classification processes because it ensures optimal
input data reaches the CNN model.

The CNN achieves improved performance because
noise-free images help it identify genuine paddy
leaf health patterns and significant features. The
"GreenGuard" project builds its success through the
precise collection and data processing of images
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alongside median filtering noise reduction because
this combination provides accurate detection and
classification capabilities. Representative high-
quality images strengthen the CNN model detection
ability leading to more accurate identification of
paddy leaf health conditions which supports better
crop management outcomes.

4. Exponential tsallis entropy gaussian
mixture model (exts-gmm)

4.1. Complex Background Elimination

The primary subject which includes paddy leaves is
hard to determine within agricultural images
because the backgrounds typically have both
complex elements and significant noise. A
successful detection and segmentation of paddy
leaves serves as a fundamental requirement for
agricultural analyses that include health monitoring
as well as yield estimation [7]. EXTS-GMM stands
as a complex algorithm that combines Tsallis
entropy with Gaussian distributions to improve
foreground-background separations.
The Exponential Tsallis entropy Gaussian Mixture
Model extends the capabilities of Gaussian Mixture
Models (GMM) used in probabilistic subpopulation
modeling especially for clustering purposes.
Standard GMM models find difficulty when
analyzing complex image backgrounds whose
intense pixel distributions are substantial.

The EXTS-GMM adopts Tsallis entropy as an
advanced entropy version which extends beyond
Shannon entropy standards. The concept of Tsallis
entropy functions well with non-Gaussian
distributed data having extensive interactions
because it stems from non-extensive statistical
mechanics. Agricultural image complexity and
diversity can be better handled by EXTS-GMM
through its implementation of Tsallis entropy
analysis.

An exponential weighting system incorporated into
the entropy calculations enhances segmentation
process sensitivity and specificity according to [11].
The exponential weighting component increases the
distinction between foreground entropy and
background entropy to improve model performance
in paddy leaf recognition tasks.

Breakdown of the EXTS-GMM Process

Our approach for agricultural image background
removal employs EXTS-GMM to separate complex
backgrounds and show paddy leaves prominently.
Image segmentation through the Gaussian Mixture
Model (GMM) technique constitutes the first part
of the process before proceeding to other steps.
GMM demonstrates Gaussian distributions for each
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cluster while enabling parameter measurement of
mean and variance to serve as analysis base. The
process of entropy calculation requires Tsallis
entropy evaluation for every pixel within the image.
Tsallis entropy serves as a quantitative tool which
evaluates pixel intensity value randomization and
successfully analyses nonlinear features common
within agricultural scene datasets. It is essential to
determine relevant image features by filtering out
unnecessary noise in this step.

The process of Tsallis entropy calculation leads to
exponential weighting of derived values. The
weighting process increases the distinguishability
between paddy leaves (foreground elements) and
the background through the enhancement of
minimal entropy value variations. Such an
enhancement produces  greatly  enhanced
segmentation outcomes.

Following the computation of weighted entropy
values the model divides pixels into background
and foreground sections. The segmentation
algorithm separates pixels into background and
foreground by assigning paddy leaves to pixels that
demonstrate lower entropy values which indicates
certain and less random patterns. Background
distinctions are created with pixel values having
elevated entropy measures. The last stage involves
optimizing the original segmentation method
through  successive  improvements.  Through
repeated processing the model adjusts to image
characteristics that lead to both more precise paddy
leaf detection and better visibility of image

segments.
The Exponential Tsallis entropy Gaussian Mixture
Model helps producers eliminate complex

backgrounds in agricultural images effectively. The
method enhances detection accuracy for paddy
leaves while creating better quality segmentations
of the images. The method facilitates better
agricultural analysis together with improved
agricultural decision-making.

4.2 Feature extraction

The process of background removal completes
successfully as the subsequent important step
concentrates on extracting key features which
distinguish healthy leaves from diseased ones. The
process separates essential attributes from the
images since it identifies and separates color
elements together with texture features along with
shape characteristics and vein patterns.

Health indicators of leaves depend heavily on Color
Analysis since it detects essential diagnostic
information about leaf vitality. The leaf color
distribution emerges as an indication of chlorosis
(yellowing) that commonly reflects nutrient
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deficiencies together with possible diseases.
Changes in color across leaves enable the detection
of spots that do not match the standard green
pigmentation of normal healthy vegetation thus
enabling early diagnosis of future problems.

The surface quality analysis of leaves is known as
Texture Analysis. A leaf's texture serves as an
indicator to recognize many aspects of its health
state. = Researchers analyze three  surface
characteristics in their examination including
smoothness and roughness together with surface
regularity patterns.[11]A leaf's healthy state can be
assessed through smooth surface texture but rough
surfaces often point to diseases and physical body
damage. Observational based texture analysis
enables specialists to detect alterations which
cannot be witnessed through human perception
alone.

The method examines leaf geometry to derive
diagnostic information. The condition of a leaf can
often be detected through analysis of its form in
addition to its edge structures. [6]The typical leaf
appearance gets altered when irregular edges occur
or when it shows deformation or displays unusual
growth patterns thus indicating stress or damage or
disease condition. The shape analysis technique
reveals abnormal conditions which might be
triggered by environmental factors or pathogenic
agents. Analysis of wvein patterns consists of
studying the fingers of veins inside leaves. The
visual examination of leaf veins plays a vital role
for specific disease and nutrient disorder diagnoses.
A healthy leaf displays uniform vein progression
yet diseased vegetation shows anarchic or disturbed
vein patterns.

The analysis of paddy leaves uses two special
techniques which include Watershed Segmentation
and Chlorosis Extraction using Biological
Extraction Optimization (BEO). The methods
enable researchers to precisely find and separate
crucial leaf characteristics for generating
dependable outcomes.

Watershed Segmentation represents a powerful
method that enables medical practitioners to
precisely outline leaf boundaries in image contents.
The grayscale image becomes a surface map when
employing this approach, so pixel intensity serves
as elevation indicators. Light pixels represent high
elevations, and dark pixels correspond to low
elevations under the conceptual comparison of an
image as topographical surface. The watershed
algorithm detects ridges known as watershed lines
which form distinct areas like how watersheds split
geographical basins in topography.

A grayscale transformation initiates the process
followed by reliable contrast enhancement between
leaf and background objects. The watershed



S. M. Mustafa Nawaz, K. Maharajan, N. N. Jose / IJCESEN 11-1(2025)832-841

algorithm performs a scan of the image which
detects the high elevation ridges to achieve
successful separation of each leaf from background
elements. Accurate feature extraction depends
heavily on this specific boundary detection because
it ensures the correct assignment of features to
image regions. Watershed Segmentation provides
accurate boundary detection of leaves which
enables more precise analysis of leaf characteristics
including shape analysis, texturing features and
vein pattern investigation.

The specialized chlorosis detection method known
as Biological Extraction Optimization enables the
optimization of biological feature identification via
its detection of chlorosis signatures. Plant leaves
become yellow in chlorosis, yet this condition
signifies essential nutrients deficiencies in the plant.
Through BEO technology scientists detect chlorotic
regions more effectively by processing chosen
color channels that represent leaf discoloration
patterns. A deep examination of leaf colorations
takes place to identify candidate regions which
differ from normal green colors of healthy leaf
tissues. The optimized extraction method of BEO
helps achieve greater accuracy in chlorotic area
identification even when detecting faint symptoms
of nutrient deficiencies.

The system first scans different color channels to
identify yellow pixels because they signal chlorosis.
BEO executes advanced algorithms that segment
chlorotic areas by analyzing color intensity patterns
alongside distribution patterns across different
portions of the image. The method enables both the
detection of chlorotic spots in leaves along with
their precise degree of color change thus providing
complete leaf health information.

The detection capability of scientists regarding
chlorotic areas improves through BEO technology
by processing specific color channels which
highlight leaf  discoloration  patterns.  The
identification of candidate regions different from
normal leaf-green tissue colors occurs through a
thorough examination of leaf color signals.
Through its enhanced extraction process BEO
provides better chlorotic area detection capabilities
during the identification of subtle nutrient
deficiency symptoms.

4.3. Crafting the Neural Odyssey

The journey of CNN training begins in an extensive
image database which serves as the entrance to
understand the complex structures of normal and
affected paddy leaves. In this domain our network
travels through pixelated environments while
learning to differentiate subtle markers that define
living plants from sickened ones.
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Under the direction of supervised learning our CNN
begins an exploration to unravel leaf health visual
information. Each passing step guides the network
deeper into the convolutional layers until it reveals
the hidden design patterns inside image data
structures. Through the learning process the
network master’s the detection of complex color
patterns together with textural forms and
dimensional forms used to distinguish healthy
states from sick conditions.

We augment the training data with data
augmentation techniques that become our version
of artistic data infusion as described in [12].
Techniques such as rotation, flipping and scaling
generate new data combinations which strengthen
both model robustness and its ability to predict
results  outside training set  boundaries.

4.4, Navigating the Parameter Seas

Our mission to shape the neural framework of a
CNN demands us to optimize parameters that will
create an efficient and accurate performance. The
endeavor known as hyperparameter tuning works
like model configuration navigation to discover
maximum model potential. The learning rate and
batch size and network depth receive precise
adjustments from us through a process that matches
the skill of a master artist working with a chisel to
shape a piece of art. The aim of this process
involves finding the optimal balance which
enhances predictive effectiveness while keeping
system operation costs low.

Our progress through unknown
territories  remains  possible
validation methods function equally to a
navigational compass in  such  complex
environments. Evaluation sets alongside different
fold cycles provide the necessary tests to analyze
model performance by revealing refined indications
of overfitting and underfitting issues.

The optimization model aims to reach highest
accuracy levels while uniting reliability functions
with  efficient performance. Our repeated
optimizations move us steadily toward the coveted
peak of model performance which will reveal the
hidden details in paddy leaf digital images.

The SHAP method operates as a virtual detective
who analyzes the internal operations of our CNN
network. The game-theoretical foundation of SHAP
allows the model to provide individual credit to
each attribute in its predictive process (Figure 2).
This additive perspective reveals neural pathways
by following every pixel input to explain final
decision outputs which matches the process of
analyzing brushstrokes in paintings. The model
interpretability puzzle contains a solution in the

parameter
because  cross-
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form of LIME which provides clear insight. Using
local interpretability as its basis LIME follows a
detailed process to explore neural networks at
granular detail and reveal individual prediction
reasons.

Figure 2. Performance Validation

Table 1. Overall Performance Matrics

METRIC CNN MODEL
Accuracy 0.95
Precision 0,92
Recall 0.93
F-Measure 0.92

LIME works similarly to a magnifier by producing
modified input data instances which display model
responses for revealing system operations. By using
this detailed procedure, we expose neural network
shadows thereby exposing network decisions for
understandable comprehension by users.

Our implemented XAl techniques enable project
users to turn the mysterious neural black box into
an intelligible explanatory window. The
combination of SHAP and LIME provides end-
users with insight into complex Al models so they
can confidently understand the labyrinth of Al.

5. Evaluation metrics and performance
analysis

5.1. Navigating the Metrics Maze

Our study of CNN model efficiency leads us
through diverse evaluation metrics that separately
uncover distinct aspects of its performance
behavior. Accuracy forms the core measurement in
classification assessment since it shows the
percentage of properly classified data to the total
which functions as an indicator for correct
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assessments. Table 1 is functions as a precise tool
which distinguishes between correct and incorrect
positive instance classifications showing the ratio
of positives correctly identified relative to the total
positive predictions. The wide net approach of
recall determines the correct classification rate for
positive instances out of their total number for
complete positive results. The Fl-score integrates
precision and recall concepts through harmonious
combination to generate a complete performance
assessment that considers false positive and
negative results (table 2). Table 3 is the
preprocessing impact.

Table 2. Detailed Precision, Recall and F- Measure

Class Precision | Recall F-Measure
Healthy Leaves 0.95 0.94 094
Diseased Leaves 0.90 0.93 092

Table 3. Preprocessing Impact

Preprocessing Accuracy Noise
Method Improvement | Reduction
(%)
Median Filtering +5% 759
ExTS-GMM +7% 80%
Combined +125 90%

Approach

The Area under the ROC Curve (AUC-ROC)
functions as a noble wave that curves across the
horizon to demonstrate how the model separates
different classes at different thresholds which
delivers important information about discrimination
ability.

5.2. Embracing Comparative Analysis

Our search for excellence leads us to analyze
performance comparisons between our CNN model
and conventional along with contemporary models.
Probabilistic Bayesian Networks along with Naive
Bayes Classifiers maintain interpretability through
their simple design although they typically struggle
to process the multi-faceted aspects of paddy leaf
imagery. The defense system of classifiers known
as Support Vector Machines (SVMs) provides
strong stability combined with versatility though
their extent of scalability along with parameter
adjustment requirements can present obstacles. The
interpretability trait of Decision Trees allows users
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to understand decision processes although model
overfitting remains a challenge whereas KNN
achieves effective classification through proximity-
based methods until facing space limitations greater
than three dimensions. This comparative evaluation
demonstrates how CNNs function as ultimate
paddy leaf detection tools which adopt traditional
wisdom and modern innovations.

6. Results and Discussions
6.1. Embracing Real-World Trials

The completion of our Al diagnostic tool remains
our focus while we start testing methods in
agricultural research institutions with valuable
experience in the field. The research institutions
work together to thoroughly test our models
through clinical validations while managing various
environmental settings and crop plant types.

Figure 3. Confusion Matrics
6.2. Navigating Regulatory

The journey to excellence within our organization
leads us under regulatory compliance to verify both
safety and effectiveness of our diagnostic tool. We
design our models by strictly following agricultural
technology standards that obey regulatory
requirements regarding data privacy together with
accuracy and user safety standards. Our diagnostic
tool fulfills all requirements because we follow
these standards with precise attention.

The tool meets all necessary standards and delivers
trust to users while facilitating broader market
acceptance.

6.3. Unleashing Innovation
Deployment

Through

Our proactively positioned Al-driven diagnostic
tool will enter the agricultural sector through the
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combination of regulatory compliance and
validation. Through complete integration with
farming operations, we enable farmers to obtain
practical insights which they can access through
straightforward graphic user interfaces as seen in
Figure 3. Farmers will access new innovative tools
for crop management through this deployment
which provides them essential data for informed
disease control decisions. Our effort to extend
advanced agricultural tools to every farmer creates
important change that develops ecological farming
along with secure food availability throughout time.

7. Ethical considerations
7.1. Digital field protection

We serve as the protectors of data information
while we keep privacy sacred within the extensive
digital domains. All compiled soil-based data
pieces will receive reverence through complete
anonymization procedures and protection under the
strongest ethical standards. The same dedication
which farmers show towards their crops will drive
our mission to protect the farming community by
keeping their sensitive information out of reach
from unauthorized observers thereby creating a
digital platform based on privacy and trust.

7.2. Cultivating Fairness Amidst Diversity

Understanding diversity represents our journey
toward diagnostic excellence which we approach
with proper respect and appreciation. We will
actively develop fairness and equity in diagnostics
by identifying the implicit biases which appear in
data and Al models. We deploy bias reduction
strategies which enable our diagnostic tool to
prosper within all types of farming areas and
communities throughout the fields.

The "GreenGuard" initiative serves as a visionary
force that is bringing about substantial changes in
paddy crop health monitoring within the domains of
innovation and agricultural stewardship. Our
evolutionary path toward complete agricultural
protection starts through advanced technology
combinations with classic farming experience to
change crop guarding systems. The entire sequence
of our methodological progress from collecting data
to deploying solutions has been designed to create a
transformative shift in agricultural revival.

We manage data systems with absolute dedication
to protect digital privacy rights on this complex
information path. Our commitment to fairness and
equity develops an atmosphere that allows crop
growers to have their voices heard while giving
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value to every harvest so we can overcome biases
and establish inclusive practices.

Our final vision demonstrated "GreenGuard"
evolving from its tool status to becoming a symbol
which offers power to farmers who operate
worldwide. Farmers now advance against disease
challenges and stressors because "GreenGuard"
gives them  actionable  knowledge and
empowerment that breeds excellent confidence and
resilience. CNN is interesting tool and it was used
in different fields as reported [13-27].
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