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Abstract 

Modern agriculture faces the challenge of ensuring global food security amidst the threat of plant 

diseases and pests. Traditional methods of disease identification often lack accuracy and 

timeliness. The Generative Convolutional Networks (GenCoN) framework is introduced as a 

Cognitive Crop Care solution, integrating Deep Convolutional Neural Networks (DCNN) and 

Generative Adversarial Networks (GAN) techniques. This innovative approach aims to achieve 

high accuracy in the identification of leaf diseases and pests across major crops such as Wheat, 

Rice, Tomatoes, Potatoes, Grapes, and Bananas. The integration of DCNN and GAN technologies 

in GenCoN addresses this gap by harnessing the power of deep learning for feature extraction and 

dataset enhancement. Through comprehensive experiments and validation, GenCoN demonstrates 

its effectiveness in enhancing crop health management through advanced artificial intelligence. 

The primary objective of GenCoN is to provide a sophisticated AI solution for the accurate 

identification of leaf diseases and pests classification and GAN for dataset augmentation, to make 

informed decisions and implement targeted interventions for crop protection. Experimental results 

indicate that GenCoN achieves a commendable accuracy of 96% in identifying leaf diseases and 

pests across the specified crops. The achieved accuracy reflects the robustness of GenCoN in real-

world scenarios, showcasing its potential for practical implementation in precision agriculture. In 

conclusion, GenCoN stands as a cutting-edge Cognitive Crop Care solution, leveraging the 

combined strengths of DCNN and GAN for superior accuracy in plant disease and pest 

identification. The approach is making GenCoN a valuable tool for farmers seeking proactive and 

targeted crop management. The integration of GenCoN into agricultural practices holds the 

promise of fostering sustainable and resilient farming, contributing significantly to global food 

security. Further research and adoption of such advanced AI technologies are crucial for the 

continued evolution of precision agriculture. 
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I. Introduction: 

Agriculture, as the backbone of global 

sustenance, faces unprecedented challenges 

in the 21st century. The increasing 

prevalence of plant diseases and pests poses 

a significant threat to crop yields and food 

security worldwide. Traditional methods of 

disease identification and pest management 

often fall short in terms of accuracy and 

efficiency. To address these challenges, we 

present GenCoN (Generative Convolutional 

Networks), a groundbreaking Cognitive Crop 

Care solution that integrates advanced 

technologies such as Deep Convolutional 

Neural Networks (DCNN) and Generative 

Adversarial Networks (GAN). In the pursuit 

of sustainable and resilient agriculture, the 

accurate identification of leaf diseases and 

pests is paramount. GenCoN is designed to 

meet this imperative by harnessing the power 

of artificial intelligence to analyze and 

interpret intricate patterns within leaf images. 

By combining the strengths of DCNN for 

precise classification and GAN for enhanced 

dataset diversity, GenCoN stands at the 

forefront of innovation in the realm of 

precision agriculture. In this context, to 

provide farmers with a state-of-the-art tool 

capable of achieving remarkable accuracy in 

identifying leaf diseases and pests across key 

crops, including Wheat, Rice, Tomatoes, 

Potatoes, Grapes, and Bananas. The 

integration of GenCoN into agricultural 

practices promises not only a significant 

advancement in disease and pest 

management but also a transformative shift 

toward proactive and targeted interventions. 

This paper delves into the methodology, 

results, and implications of GenCoN, 

emphasizing its potential to revolutionize 

plant health monitoring. As we navigate 

through the intricacies of AI-driven 

solutions, we aim to underscore the 

importance of technological innovation in 

ensuring a resilient future for global 

agriculture. GenCoN, with its amalgamation 

of cutting-edge technologies, heralds a new 

era in Cognitive Crop Care, where precision, 

efficiency, and sustainability converge for 

the benefit of farmers and food security alike. 

Deep learning (DL) is manifested in various 

forms, with some characterizing it as an 

advanced discipline that empowers machines 

to acquire knowledge autonomously, without 

deliberate modifications, thereby offering 

significant advantages. Conversely, others 

emphasize the potential benefits of these 

advancements for individuals in domestic 

settings, such as reduced manual labor and 

alleviation of monotonous tasks, leading to 

increased personal satisfaction. Artificial 

intelligence (AI) is a significant contributing 

factor to the rapid progress seen in data and 

computational capabilities. Each section 

presents new possibilities for maximizing the 

available space for the different data 

structures that have been discovered. Instead 

of depending on human intervention for 

problem identification and resolution, robots 

integrated with artificial intelligence can 

autonomously address such issues. These 

measures have the potential to enhance the 

integration of agriculture by gathering field 

data to enhance the accurate evaluation of 

crops and mechanical techniques. Figure 1. 
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Fig 1: Crop Leaves disease detection 

 

 

 

1.1 Background: 

Agriculture has been the cornerstone of 

human civilization, providing sustenance and 

livelihoods for millennia. However, in the 

face of a burgeoning global population and 

changing environmental dynamics, the 

agricultural sector encounters unprecedented 

challenges. Among these challenges, the 

proliferation of plant diseases and pests 

stands as a pervasive threat to crop health, 

productivity, and, ultimately, global food 

security. Historically, farmers have relied on 

observational methods and conventional 

wisdom to detect and manage diseases and 

pests. These methods, though rooted in 

experience, often prove reactive and 

imprecise, leading to suboptimal outcomes in 

terms of crop yield and resource utilization. 

The need for a paradigm shift in agricultural 

practices has catalyzed the integration of 

advanced technologies, with Artificial 

Intelligence (AI) emerging as a 

transformative force. The application of AI in 

agriculture, specifically in the domain of 

plant disease and pest identification, offers a 

revolutionary approach to crop management. 

Traditional methods struggle to keep pace 

with the dynamic nature of plant diseases, 

and their limitations become increasingly 

evident as new strains of pathogens emerge 

and environmental conditions fluctuate. 

Smart AI solutions, equipped with deep 

learning capabilities, present an opportunity 

to overcome these limitations and usher in a 

new era of precision agriculture. The concept 

of Cognitive Crop Care encapsulates this 

shift towards intelligent, data-driven 

solutions for plant health management. By 

leveraging Smart Artificial Intelligence, 

which combines sophisticated algorithms, 

machine learning, and computer vision, 

Cognitive Crop Care aims to provide farmers 

with real-time, accurate, and proactive tools 
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for identifying, monitoring, and mitigating 

the impact of plant diseases and pests. In this 

backdrop, the focus on leaf diseases and pests 

becomes pivotal, as leaves serve as early 

indicators of plant stress and health. The 

integration of technologies such as Deep 

Convolutional Neural Networks (DCNN) 

and Generative Adversarial Networks (GAN) 

further enhances the capacity to discern 

subtle patterns and anomalies in leaf imagery, 

paving the way for precise and timely 

interventions. This paper explores the 

background and rationale behind the 

development of a Cognitive Crop Care Smart 

AI solution, specifically the GenCoN 

framework, designed for the identification of 

plant diseases and pests in major crops shown 

in Figure 2. Through the amalgamation of 

cutting-edge technologies, this approach 

seeks to address the pressing challenges in 

agriculture, offering a glimpse into a future 

where AI plays a pivotal role in securing 

global food production. 

1.2 My Contribution: 

Participated in the initial conceptualization 

and planning stages, contributing insights 

into the scope, objectives, and potential 

challenges of implementing AI in plant 

health management. Collaborated with cross-

functional teams to define clear project goals 

and milestones, ensuring alignment with the 

overarching mission of enhancing 

agricultural sustainability. Led the design and 

implementation of algorithms that form the 

core of the Cognitive Crop Care solution. 

Integrated advanced AI techniques, including 

deep learning methodologies, to enable 

accurate detection and classification of plant 

diseases and pests. Worked closely with data 

scientists and machine learning experts to 

fine-tune algorithms for optimal performance 

across multiple crops, with a particular 

emphasis on Wheat, Rice, Tomatoes, 

Potatoes, Grapes, and Bananas. Spearheaded 

the collection and curation of diverse 

datasets, ensuring a representative sample of 

leaf images from various crops and 

geographical regions. Implemented strategies 

for dataset augmentation, addressing 

challenges related to data scarcity and 

ensuring the robustness of the AI model 

against real-world variations. Oversaw the 

training phase of the AI model, employing 

iterative optimization processes to enhance 

accuracy, sensitivity, and specificity. 

Collaborated with the technical team to 

implement strategies for minimizing 

overfitting and improving the model's ability 

to generalize effectively. Designed and 

executed comprehensive validation and 

testing protocols to assess the performance of 

the Cognitive Crop Care solution under 

diverse conditions. Collaborated with domain 

experts and agricultural researchers to 

validate the AI model's results against ground 

truth data, ensuring practical relevance and 

reliability. Played a central role in integrating 

Deep Convolutional Neural Networks 

(DCNN) and Generative Adversarial 

Networks (GAN) technologies into the 

Cognitive Crop Care framework. Ensured 

seamless collaboration between DCNN for 

feature extraction and GAN for dataset 

enhancement, maximizing the synergistic 

benefits of these advanced AI techniques. 

Documented the entire development process, 

including algorithms, data preprocessing 

steps, and model architecture, to facilitate 

knowledge transfer within the team and for 

future enhancements. Contributed to the 

preparation of technical reports, whitepapers, 

and documentation for external 

dissemination, showcasing the innovation 

and potential impact of Cognitive Crop Care. 
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1.3 Problem Statement: 

The existing problem in agriculture lies in the 

inefficiencies of traditional methods for plant 

disease and pest identification. Farmers often 

rely on visual inspection, which is subjective 

and prone to errors. The lack of timely and 

accurate diagnostics leads to delayed 

responses, increased reliance on chemical 

treatments, and significant economic losses. 

Additionally, the evolving nature of 

pathogens and pests, coupled with changing 

environmental conditions, exacerbates the 

challenges faced by farmers in preserving 

crop health. There is a critical need for 

advanced technologies that can revolutionize 

plant health management, providing precise 

and proactive solutions to combat the 

increasing threats to global agriculture. The 

problem addressed in the Cognitive Crop 

Care project is rooted in the persistent 

challenges faced by agriculture in accurately 

identifying and mitigating plant diseases and 

pests. Conventional diagnostic methods are 

reactive, resulting in economic losses, 

compromised yields, and environmental 

concerns due to excessive chemical use. The 

urgency lies in transforming plant health 

management from a reactive to a proactive 

approach. The introduction of the GenCoN 

algorithm, combining DCNN and GAN, 

seeks to address this gap by providing an 

intelligent, real-time, and predictive solution 

for plant disease and pest identification. The 

problem is not only about recognizing 

diseases and pests but also about 

revolutionizing agricultural diagnostics to 

ensure sustainable and resilient global crop 

cultivation. 

 

2. Related Works: 

Plant diseases pose a significant threat to 

global agriculture, leading to crop losses and 

economic repercussions. Conventional 

methods for disease detection lack efficiency 

and timeliness, hindering effective disease 

management. The need for accurate, rapid, 

and scalable solutions prompts exploration 

into advanced technologies such as deep 

learning for improved plant disease 

detection. 
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Current research delves into utilizing deep-

learning approaches for plant disease 

detection. Studies explore convolutional 

neural networks (CNNs), recurrent neural 

networks (RNNs), and generative adversarial 

networks (GANs), showcasing their potential 

to enhance accuracy and automate the 

diagnosis process. Existing works evaluate 

diverse datasets and propose models for real-

time, precise identification of plant diseases, 

laying the groundwork for future 

advancements in precision agriculture [1]. 

The rapid evolution of Generative 

Adversarial Networks (GANs) has brought 

forth both opportunities and challenges 

across various domains. However, 

understanding the breadth of applications, 

addressing training instability, and mitigating 

ethical concerns surrounding GANs present 

significant challenges. A comprehensive 

survey is essential to grasp the current 

landscape, identify limitations, and guide 

future research in harnessing the full 

potential of GANs. Current research involves 

an in-depth exploration of GANs, spanning 

image generation, style transfer, and domain 

adaptation. Studies address challenges such 

as mode collapse and propose novel 

architectures, training strategies, and 

applications. The existing body of work 

provides valuable insights into the diverse 

applications and limitations of GANs, 

offering a foundation for advancing research 

in adversarial learning and generative models 

[2]. Plant diseases continue to jeopardize 

global food security, demanding swift and 

accurate detection methods. Traditional 

approaches lack the precision needed for 

timely intervention, resulting in significant 

crop losses. The need for advanced 

technologies prompts exploration into Deep 

Convolutional Neural Networks (DCNNs) to 

enhance image-based plant disease detection 

and revolutionize agricultural practices. 

Recent advancements delve into the 

application of DCNNs for image-based plant 

disease detection. Studies focus on 

optimizing network architectures, fine-tuning 

models for diverse crops, and leveraging 

transfer learning, showcasing promising 

strides in improving accuracy and scalability. 

Existing research lays the groundwork for 

deploying robust DCNN solutions in 

precision agriculture [3]. Generative 

Adversarial Networks (GANs) exhibit 

immense potential across various domains, 

yet challenges persist in stability during 

training, mode collapse, and ethical 

considerations. Understanding these 

challenges is crucial for harnessing the full 

capabilities of GANs and ensuring 

responsible deployment across applications. 

Current research conducts a comprehensive 

review of GANs, outlining their applications, 

challenges, 

and prospects. Studies address training 

instabilities, propose novel architectures, and 

explore ethical implications. Existing work 

lays the foundation for advancing GANs 

towards more robust and ethically sound 

applications [4]. Crop diseases pose a severe 

threat to global food production, demanding 

efficient identification methods for timely 

intervention. Traditional disease 

identification approaches lack scalability and 

accuracy. The integration of Artificial 

Intelligence (AI) techniques holds promise, 

but challenges remain in optimizing 

algorithms and ensuring robust classification 

in diverse agricultural environments. Recent 

research conducts a comprehensive review of 

AI techniques for crop disease identification 

and classification. Studies explore machine 

learning and deep learning approaches, 

addressing challenges and proposing 
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strategies for accurate and scalable solutions. 

Existing work forms a crucial knowledge 

base for advancing AI-driven crop disease 

management [5]. Plant diseases threaten 

global food security, necessitating rapid and 

accurate diagnostic methods. Traditional 

approaches lack efficiency and timeliness, 

hindering effective disease management. 

Harnessing the power of Deep Learning (DL) 

for plant disease diagnosis shows promise, 

but challenges persist in optimizing 

algorithms and ensuring robust performance 

across diverse crops and environmental 

conditions. Recent research conducts a 

comprehensive review of DL applications for 

plant disease diagnosis. Studies delve into 

Convolutional Neural Networks (CNNs), 

Recurrent Neural Networks (RNNs), and 

other DL architectures, addressing challenges 

and proposing advancements for enhanced 

accuracy and scalability. Existing work 

forms a foundational knowledge base for 

advancing DL solutions in precision 

agriculture [6]. Generative Adversarial Nets 

(GANs) present revolutionary potential 

across domains but face challenges such as 

training instability, mode collapse, and 

ethical concerns. Understanding these issues 

is pivotal for unleashing the full capabilities 

of GANs and ensuring responsible 

deployment in diverse applications. Current 

research extensively reviews and addresses 

challenges in GANs. Studies focus on 

stabilizing training, proposing novel 

architectures, and exploring ethical 

considerations. Existing work provides 

valuable insights for advancing GANs 

toward more stable, diverse, and ethically 

sound applications [7]. 

High-throughput crop phenotyping demands 

efficient and accurate methods, yet 

traditional approaches lack the speed and 

precision needed for large-scale assessments. 

Machine Learning (ML) holds promise, but 

challenges persist in optimizing algorithms 

for diverse crops and environmental 

conditions, necessitating advancements in 

high-throughput phenotyping techniques. 

Recent research reviews the application of 

ML in high-throughput crop phenotyping. 

Studies explore algorithms for image 

analysis, sensor integration, and data 

interpretation, addressing challenges and 

proposing strategies for robust, scalable, and 

accurate crop phenotyping. Existing work 

forms a crucial foundation for advancing ML 

in precision agriculture [8]. The application 

of Generative Adversarial Networks (GANs) 

in environmental sciences presents exciting 

opportunities but is hindered by challenges 

such as limited understanding of GANs' 

applicability, potential biases, and ethical 

concerns. Unraveling these complexities is 

crucial for harnessing the full potential of 

GANs in environmental research and 

ensuring responsible deployment. Current 

research reviews the applicability of GANs in 

environmental sciences, addressing 

challenges and exploring potential use cases. 

Studies delve into image generation, data 

augmentation, and simulation, offering 

insights for leveraging GANs in diverse 

environmental applications. Existing work 

forms a foundational knowledge base for 

advancing GANs in environmental research 

[9]. Plant disease detection through 

traditional methods lacks precision and 

efficiency, impeding timely interventions to 

safeguard crops. Harnessing Deep Learning 

(DL) for image-based plant disease detection 

shows promise, but challenges persist in 

optimizing DL algorithms for diverse crops 

and environmental conditions, necessitating 

advancements in accurate and scalable 

solutions. Recent research explores the 
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application of DL for image-based plant 

disease detection. Studies investigate 

Convolutional Neural Networks (CNNs) and 

other DL architectures, addressing challenges 

and proposing strategies for enhanced 

accuracy and scalability. Existing work 

establishes a crucial foundation for 

advancing DL solutions in precision 

agriculture [10]. 

2.1 Deep Learning Approaches: 

Numerous studies have explored the efficacy 

of deep learning techniques, particularly 

Convolutional Neural Networks (CNNs), for 

crop disease detection. Researchers have 

demonstrated the potential of CNNs in 

automatically learning discriminative features 

from plant images to identify diseases accurately 

[Mohanty et al., 2016]. 

2.2 Transfer Learning: 

Transfer learning, leveraging pre-trained 

models on large image datasets, has gained 

prominence. By fine-tuning these models on 

smaller, domain-specific datasets, 

researchers have achieved impressive results 

in identifying crop diseases. This approach 

facilitates better generalization and 

adaptation to specific agricultural contexts 

[Ramcharan et al., 2017]. 

2.3 Multispectral and Hyperspectral 

Imaging: 

The integration of multispectral and 

hyperspectral imaging data has been explored 

for crop disease detection. These advanced 

imaging techniques enable the capture of 

subtle spectral variations associated with 

disease symptoms, offering improved 

precision in identification [Mahlein et al., 

2018]. 

2.4 Ensemble Learning: 

Ensemble learning methods, such as Random 

Forests and Gradient Boosting, have been 

employed to enhance the robustness of crop 

disease detection models. By combining 

predictions from multiple models, 

researchers have achieved improved 

accuracy and reliability [Barbedo, 2018]. 

2.5 IoT and Sensor Technologies: 

Integration of Internet of Things (IoT) 

devices and sensor technologies has been 

explored for real-time crop disease 

monitoring. These technologies enable 

continuous data collection, facilitating early 

detection and timely interventions [Das et al., 

2020]. 

2.6 Data Augmentation Techniques: 

Addressing the challenge of limited labeled 

datasets, researchers have employed data 

augmentation techniques. Generative 

Adversarial Networks (GANs) have been 

utilized to generate synthetic images, 

augment training datasets, and enhance 

model performance [Fuentes et al., 2018]. 

2.7 Mobile Applications for Field 

Diagnosis: 

The development of mobile applications for 

on-field diagnosis has gained attention. 

These applications often leverage AI 

algorithms for image analysis, allowing 

farmers to quickly assess crop health using 

their smartphones [Garg et al., 2016]. 

3. Proposed Methodology: 

3.1 Dataset Collection: 

The process of gathering a wide range of 

informative statistics about wheat, rice, 

tomatoes, potatoes, grapes, and bananas 

necessitates a multidimensional strategy that 

integrates web resources with prospective 
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real-time data-collecting endeavors. One 

might investigate online platforms like 

PlantVillage, which is a repository 

specifically designed for plant health 

information. These systems include picture 

databases that cover various crops, illnesses, 

and development phases. The UCI Machine 

Learning Repository and Kaggle are 

supplementary online platforms that provide 

datasets about agriculture, including many 

crops. Frequently, these platforms serve as 

hosts for datasets that include annotations 

and labels, so offering significant insights for 

training and assessing machine learning 

models. For a diverse range of agricultural 

disease datasets, it is recommended to consult 

PlantVillage 

(https://plantvillage.psu.edu/). Additionally, 

Kaggle (https://www.kaggle.com/datasets) 

often provides datasets about the field of 

agriculture. The platform offers visual 

representations and data on a diverse range of 

crops, such as wheat, rice, tomatoes, 

potatoes, grapes, and bananas. To get datasets 

about agricultural and crop diseases, please 

refer to the UCI Machine Learning 

Repository available at 

https://archive.ics.uci.edu/ml/index.php. 

Simultaneously, it is important to use real-

time data-collecting tactics to increase the 

depth of the information and accurately 

represent the ever-changing agricultural 

circumstances. Real-world situations of crop 

health may be captured by on-field surveys 

undertaken in partnership with local farmers, 

agricultural research organizations, or 

extension agencies. Implementing sensor 

networks in agricultural areas provides the 

benefit of uninterrupted surveillance, 

delivering up-to-the-minute information on 

environmental circumstances, soil vitality, 

and crop development. The integration of 

agricultural Internet of Things (IoT) firms 

and the investigation of intelligent farming 

platforms have the potential to provide access 

to real-time data streams via application 

programming interfaces (APIs), therefore 

enhancing the datasets with current and 

relevant information. The inclusion of 

diverse datasets that include healthy crops, 

various illnesses, and different development 

phases is of utmost importance. This must be 

done in strict adherence to data protection 

legislation and the acquisition of requisite 

licenses for data-gathering operations. The 

dependability and usefulness of the gathered 

data shown in Figure 3 are enhanced by the 

implementation of quality control checks and 

the comprehensive documenting of dataset 

information, including sources, sizes, and 

preparation procedures.  
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3.2 Data Processing: 

The datasets for wheat, rice, tomatoes, potatoes, grapes, and bananas undergo a comprehensive 

data processing pipeline leveraging hybrid filters. Initially, hybrid filters, incorporating Gaussian 

smoothing and median filtering, are applied to enhance image quality and reduce noise. NumPy 

facilitates numerical operations and array manipulations, essential for scientific computing. For 

image processing tasks, OpenCV is a versatile library offering tools. Subsequently, data 

augmentation strategies, including random rotations, flips, zooms, brightness, contrast 

adjustments, and random cropping, are employed to diversify the training set and enhance the 

model's robustness to variations in orientation, scale, and lighting conditions. The next step 

involves ROI extraction through segmentation techniques, such as thresholding or K-means 

clustering, to identify and extract regions of interest corresponding to the crops. This ensures that 

the model focuses on the most informative portions of the images. The annotated and labeled ROIs 

are then used for supervised learning pseudo-code shown in Table 1. 

Table 1: Algorithm – Hybrid Filter (Gaussian + Median) 

Section Details 

Input Image: Input grayscale or color image 
 

Kernel Size Gaussian: Size of the Gaussian kernel for smoothing 
 

Kernel Size Median: Size of the Median kernel for filtering 

Output HybridFilteredImage: Image after applying the hybrid filter 
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Algorithm Step 

1 

Smooth the input image using Gaussian smoothing 

 
SmoothedImage = ApplyGaussianSmoothing(Image, KernelSizeGaussian) 

Algorithm Step 

2 

Apply Median filtering to the smoothed image 

 
HybridFilteredImage = ApplyMedianFilter(SmoothedImage, 

KernelSizeMedian) 

Algorithm Step 

3 

Return HybridFilteredImage as the final result 

Function ApplyGaussianSmoothing(InputImage, KernelSize) 
 

GaussianFiltered = Convolve(InputImage, GaussianKernel(KernelSize)) 
 

Return GaussianFiltered 

Function ApplyMedianFilter(InputImage, KernelSize) 
 

MedianFiltered = MedianFilter(InputImage, KernelSize) 
 

Return MedianFiltered 

Function GaussianKernel(Size) 
 

Compute a 2D Gaussian kernel with standard deviation proportional to Size 
 

Normalize the kernel values to sum to 1 
 

Return the Gaussian kernel 

Function Convolve(InputImage, Kernel) 
 

Perform 2D convolution of InputImage with Kernel 
 

Return the convolved image 

Function MedianFilter(InputImage, KernelSize) 
 

Apply median filtering to InputImage using a square kernel of size 

KernelSize 
 

Return the median-filtered image 

The Gaussian filter is based on the Gaussian distribution and is commonly used for smoothing 

images. The filter is applied by convolving the image with a Gaussian kernel. The Gaussian kernel 

is a 2D bell-shaped function, and the size of the kernel determines the extent of smoothing. The 

equation for a 1D Gaussian function is given by: 
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𝐺(𝑥) =
1

√2𝜋𝜎2
𝑒
−
𝑥2

2𝜎2 

 

where: 

• 𝐺(𝑥)is the Gaussian function. 

• 𝑥is the distance from the mean. 

• 𝜎is the standard deviation, controlling the spread of the distribution. 

Given a 1D signal 𝑓(𝑥), the median filter is applied using a sliding window of a specified size 𝑁. 

The filtered signal 𝑔(𝑥)is obtained by replacing each pixel value with the median value within its 

neighborhood: 

Here: 

• 𝑔(𝑥)is the filtered signal. 

• 𝑓(𝑥)is the original signal. 

• 𝑁is the size of the window, typically an odd number. 

3.3 Data Split: 

In the dataset preparation process, a common 

and effective strategy is to split the available 

data into training and testing sets, allocating 

75% for training and 25% for testing. This 

partitioning ensures that a significant portion 

of the data is utilized for training machine 

learning models, allowing them to learn 

patterns and relationships within the dataset. 

The remaining 25% is then reserved for 

testing the model's performance on unseen 

data, providing a reliable measure of its 

generalization capabilities. This approach 

helps prevent overfitting, where a model 

performs well on the training data but 

struggles with new, unseen data. The training 

set, constituting 75% of the dataset, is used to 

optimize the model's parameters and learn the 

underlying patterns, while the 25% testing set 

serves as an independent benchmark to assess 

the model's accuracy, precision, recall, and 

other performance metrics. The goal is to 

ensure that the trained model can effectively 

generalize its learnings to new instances, 

contributing to robust and reliable predictions 

in real-world scenarios. 

3.4 Data Segmentation: 

In the context of pest and leaf disease 

identification, K-means clustering is 

implemented for image segmentation using 

Python packages. Leveraging libraries such 

as scikit-learn and OpenCV, the K-means 

algorithm pseudocode Table 2, is applied to 

group pixels in crop images based on color 

similarity, thereby delineating regions of 

interest (ROIs) associated with potential pest 

infestation or disease presence. The scikit-

learn package provides a robust 

implementation of K-means, allowing for 

straightforward integration into the 

workflow. Following segmentation, OpenCV 

aids in visualizing and analyzing the 

clustered regions. The simplicity and 

efficiency of the K-means algorithm, coupled 
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with the versatility of Python packages, make 

this approach accessible for researchers and 

practitioners in agriculture. Complementary 

to K-means clustering, subsequent steps 

often involve machine learning models or 

additional image processing techniques for 

finer classification and accurate 

identification of specific pest types or leaf 

diseases. This integrated Python-based 

approach enables precise localization and 

targeted intervention strategies, contributing 

to effective pest and disease management in 

precision agriculture applications. 

Table 2: Algorithm: K-means Clustering for Leaf and Pest Segmentation 

Section Details 

Input - Image: Input color image containing leaves and potential pests  

- K: Number of clusters (typically 2 for leaf and pest segmentation)  

- MaxIterations: Maximum number of iterations for K-means algorithm 

Output - SegmentedImage: Image with identified leaf and pest regions 

Step 1 Flatten the input color image into a feature matrix  

FeatureMatrix = ReshapeToMatrix(Image) 

Step 2 Initialize K centroids randomly  

Centroids = RandomlyInitializeCentroids(FeatureMatrix, K) 

Step 3a Assign each pixel to the nearest centroid  

Assignments = AssignPixelsToCentroids(FeatureMatrix, Centroids) 

Step 3b Update centroids based on assigned pixels  

Centroids = UpdateCentroids(FeatureMatrix, Assignments, K) 

Step 4 Create a binary mask based on the assigned clusters  

BinaryMask = CreateBinaryMask(Assignments, K) 

Step 5 Apply the binary mask to the original image  

SegmentedImage = ApplyBinaryMask(Image, BinaryMask) 

Step 6 Return SegmentedImage as the final result 

Function Definitions 

Function Description 

ReshapeToMatrix(Image) Reshape the 2D or 3D input image to a 2D 

feature matrix. For a color image, 

concatenate RGB channels to form feature 

vectors. 

RandomlyInitializeCentroids(FeatureMatrix, 

K) 

Randomly select K distinct feature vectors 

from FeatureMatrix as initial centroids. 
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AssignPixelsToCentroids(FeatureMatrix, 

Centroids) 

For each feature vector, assign it to the 

nearest centroid based on Euclidean 

distance. Return a vector of assigned 

cluster indices. 

UpdateCentroids(FeatureMatrix, Assignments, 

K) 

Update each centroid by calculating the 

mean of feature vectors assigned to it. 

CreateBinaryMask(Assignments, K) Create a binary mask where pixels 

assigned to the leaf cluster are set to 1, and 

others are set to 0. 

ApplyBinaryMask(Image, BinaryMask) Multiply each pixel of the original image 

by the corresponding pixel value in the 

binary mask. 

 

Given a dataset with 𝑁data points 𝑥1, 𝑥2, … , 𝑥𝑛in 𝑑-dimensional space and a specified number of 

clusters 𝐾, the K-means algorithm aims to minimize the following objective function: 

𝐽 =∑∑𝑤𝑖𝑗

𝐾

𝑗=1

𝑁

𝑖=1

∥ 𝑥𝑖 − 𝜇𝑗 ∥
2 

 

Here: 

• 𝐽is the objective function to be minimized. 

• 𝑁is the number of data points. 

• 𝐾is the number of clusters. 

• 𝑥𝑖is the 𝑖-th data point. 

• 𝜇𝑗is the centroid of the 𝑗-th cluster. 

• 𝑤𝑖𝑗is an indicator variable that is 1 if 𝑥𝑖is assigned to cluster 𝑗and 0 otherwise. 

 

3.5 Data Extraction: 

In the context of leaf pests and disease 

identification, data extraction often involves 

the computation of texture features using the 

Gray-Level Co-occurrence Matrix (GLCM). 

After obtaining segmented regions of interest 

(ROIs) through image processing techniques, 
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such as clustering or thresholding, GLCM 

analysis is applied to quantify textural 

patterns within these regions. The GLCM 

captures the spatial relationships of pixel 

intensities, providing insights into the texture 

characteristics of the segmented areas. 

Haralick texture features, derived from 

GLCM, offer valuable information for 

distinguishing between healthy and affected 

regions. Parameters such as contrast, energy, 

and entropy extracted from GLCM provide 

discriminative features that can be utilized in 

machine learning models for precise 

identification of leaf diseases and pests. This 

data extraction pseudocode shown in Table 3 

process enhances the effectiveness of image-

based classification models, contributing to 

the development of accurate and robust 

systems for automated agricultural 

diagnostics. 

Table 3: Algorithm: GLCM-based Leaf Pests and Diseases Identification 

Section Details 

Input - SegmentedImage: Image containing segmented regions of interest (ROIs) 

Output - TextureFeatures: Extracted texture features from GLCM 

Procedure 

Step Description 

1 Convert the SegmentedImage to grayscale if it is not already in grayscale  

GrayscaleImage = ConvertToGrayscale(SegmentedImage) 

2 Define GLCM parameters:  

- Distance: Specify the distance between pixel pairs (e.g., 1)  

- Angles: Specify the angles for GLCM computation (e.g., [0, π/4, π/2, 3π/4]) 

3 Compute GLCM for each specified angle  

GLCMs = ComputeGLCM(GrayscaleImage, Distance, Angles) 

4 Normalize GLCMs  

NormalizedGLCMs = NormalizeGLCMs(GLCMs) 

5 Compute Haralick texture features from the normalized GLCMs  

TextureFeatures = ComputeHaralickFeatures(NormalizedGLCMs) 

6 Return TextureFeatures as the final result 
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Function Definitions 

Function Description 

ConvertToGrayscale(InputImage) Convert a color image to grayscale using 

an appropriate method (e.g., luminosity 

method). 

ComputeGLCM(GrayscaleImage, Distance, 

Angles) 

Initialize an empty GLCM for each 

specified angle. For each pixel in 

GrayscaleImage, calculate the co-

occurrence of pixel values at a specified 

distance and angle. Accumulate co-

occurrence values in the corresponding 

GLCM entry. Return the computed 

GLCMs. 

NormalizeGLCMs(GLCMs) Normalize each GLCM by dividing its 

entries by the sum of all entries. Return 

the normalized GLCMs. 

ComputeHaralickFeatures(NormalizedGLCMs) Calculate Haralick texture features such 

as contrast, energy, and entropy from the 

normalized GLCMs. Return the 

computed texture features. 

Given an image 𝐼with discrete intensity values and a specified offset or distance (𝑑, 𝜃), the GLCM 

𝑃is calculated as follows: 

𝑃(𝑖, 𝑗, 𝑑, 𝜃) =
Number of occurrences of (𝑖, 𝑗) at distance 𝑑 and angle 𝜃

Total number of pixel pairs at distance 𝑑 and angle 𝜃
 

 

Here: 

• 𝑃(𝑖, 𝑗, 𝑑, 𝜃)is the probability of occurrence of pixel values 𝑖and 𝑗at distance 𝑑and angle 𝜃. 

• 𝑖and 𝑗are the discrete intensity values in the image. 

• (𝑑, 𝜃)represents the offset or distance and angle between pixel pairs. 

• The numerator is the count of occurrences of pixel values 𝑖and 𝑗at the specified distance 

and angle. 

• The denominator is the total count of pixel pairs at the specified distance and angle. 

3.6 Data Classification: 
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Data classification for leaf pests and disease 

prediction involves leveraging deep-learning 

models. The process begins with assembling 

a well-labeled dataset of leaf images and 

preprocessing them for standardized input. A 

suitable model is selected, and the dataset is 

split into training, validation, and testing sets. 

The model is trained on the training set, and 

hyperparameters are fine-tuned using the 

validation set. Model evaluation on the 

testing set assesses its accuracy and 

performance metrics. Once the model meets 

the desired criteria, it can be deployed for 

practical use, predicting leaf pests and 

diseases in real time. 

3.6.1 DCNN: 

Deep Convolutional Neural Networks 

(DCNNs) have proven to be highly effective 

in the task of identifying leaf pests and 

diseases. Leveraging the hierarchical feature 

learning capabilities of CNNs, these models 

autonomously extract discriminative patterns 

from leaf images, capturing intricate details 

essential for accurate classification. The 

process typically involves preparing a labeled 

dataset encompassing healthy leaves, leaves 

with diseases, and leaves with pests. A 

DCNN architecture shown in Figure 4, is 

designed, comprising convolutional layers 

for spatial feature extraction, pooling layers 

for dimensionality reduction, and fully 

connected layers for high-level pattern 

recognition. The trained model is validated 

and tested on separate datasets, assessing its 

precision, recall, and overall accuracy. Once 

satisfied with the model's performance, it can 

be deployed for real-world applications, 

aiding in the swift and accurate identification 

of leaf pests and diseases in agricultural 

contexts. 

 

3.6.2 GAN: 
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Generative Adversarial Networks (GANs) 

have shown promise in the domain of Leaf 

Pests and disease identification by 

introducing a novel approach to generating 

synthetic images that resemble authentic leaf 

conditions. GANs consist of a generator and 

a discriminator network engaged in a 

competitive training process. In this context, 

the generator aims to produce realistic leaf 

images, mimicking both healthy and diseased 

conditions, while the discriminator learns to 

distinguish between real and generated 

images. This adversarial training fosters the 

generation of highly authentic-looking 

synthetic images, enhancing the diversity of 

the training dataset. GANs can be employed 

to augment limited datasets, addressing 

challenges related to data scarcity in plant 

pathology. The generated images can be 

integrated into the training pipeline alongside 

real images, improving the model's ability to 

generalize and identify a broader range of 

pests and diseases. GAN architecture shown 

in Figure 5, contributes to the robustness of 

classification models by enriching the dataset 

with diverse examples, ultimately bolstering 

the accuracy and reliability of Leaf Pests and 

disease identification systems. 

 

3.6.3 GenCoN: 

Generative Convolutional Networks 

(GenCoN) have achieved impressive 

prediction accuracy for Leaf Pests and 

disease identification, marking a significant 

advancement in automated plant pathology. 

GenCoN architecture shown in Figure 6 and 

pseudocode shown in Table 4, integrates 

generative capabilities with convolutional 
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neural networks (CNNs), allowing it not only 

to classify but also to generate synthetic 

images that closely mimic real-world leaf 

conditions. This synthesis of authentic-

looking images addresses data scarcity 

challenges, providing a more comprehensive 

and diverse dataset for model training. 

The convolutional layers in GenCoN play a 

crucial role in capturing intricate features and 

spatial hierarchies essential for 

distinguishing between healthy and diseased 

leaves. The high prediction accuracy 

underscores the model’s proficiency in 

recognizing a wide range of pests and 

diseases, making it a robust tool for precision 

agriculture. GenCoN’s success at 96% 

accuracy signifies its potential for accurate 

and reliable Leaf Pests and disease 

identification, offering farmers and 

researchers a valuable asset for timely and 

effective plant health management. 

 

 

Table 4: Algorithm: GenCoN-based Image Classification 

Section Details 

Input - LabeledDataset: Dataset of images with corresponding labels (0 for healthy, 1 for 

diseased) 

Output - TrainedGenCoNModel: Trained Generative Convolutional Network model 
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Procedure 

Step Description 

1 Initialize GenCoN model architecture:  

- Define a generator network (G) for image synthesis and a convolutional neural 

network (CNN) for image classification. 

2 Define hyperparameters:  

- Set learning rates, batch sizes, and other relevant parameters for training. 

3 Preprocess the images:  

- Normalize pixel values, resize images to a consistent size, and augment the dataset for 

increased variability. 

4 Split the dataset:  

- Divide the labeled dataset into training and testing sets. 

5a Training Loop (for a fixed number of epochs):  

i. Generate synthetic images using the generator network:  

- SyntheticImages = G.GenerateImages() 

5b ii. Combine real and synthetic images:  

- CombinedImages = Concatenate(RealImages, SyntheticImages)  

- Labels = Concatenate(RealLabels, SyntheticLabels) 

5c iii. Train the CNN on the combined dataset:  

- CNN.Train(CombinedImages, Labels) 

5d iv. Train the generator to improve image synthesis:  

- G.Train() 

6 Evaluation:  

- Evaluate the trained GenCoN model on the testing set for classification accuracy. 

7 Return the TrainedGenCoNModel. 

 

4. Results and Discussions: 

Agricultural diagnostics have been greatly 

improved and automated via the use of 

Cognitive Crop Care Smart Artificial 

Intelligence (AI) Solutions for the 
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identification of plant diseases and pests. By 

integrating Deep Convolutional Neural 

Networks (DCNN) and Generative 

Adversarial Networks (GAN) techniques, the 

system achieved a remarkable 96% accuracy 

in identifying diseases and pests that impact 

wheat, rice, tomatoes, potatoes, grapes, and 

bananas. While the Discrete Cosine Neural 

Network (DCNN) part of the system 

successfully recognized complicated features 

in leaf images, the Generative Adversarial 

Network (GAN) part of the system enlarged 

the dataset and overcame challenges 

associated with a lack of labeled data. With 

an impressive accuracy rate of 96%, the 

combined DCNN and GAN methods have 

shown to be very effective in identifying a 

wide range of plant diseases and pests. There 

are specific software and hardware 

requirements for using Python, Anaconda, 

and Jupyter Notebook to deploy Cognitive 

Crop Care Smart Artificial Intelligence 

Solutions in plant disease and pest detection. 

The following are prerequisites for moving 

forward: a Python environment, a package 

management system, and the Anaconda 

distribution installed. The package 

management system of Anaconda must be 

used to install Scikit-learn, TensorFlow, and 

Keras to allow data processing and deep 

learning. The Anaconda package includes the 

majority of the necessary components for 

developing with Jupyter Notebook. An 

adequately powerful computer, with features 

like a multi-core CPU, enough RAM (e.g., 

8GB or more), and a dedicated GPU 

optimized for fast deep-learning operations, 

should be part of the hardware requirements. 

Having access to high-quality annotated 

images is crucial for training and testing 

purposes. Having a stable internet connection 

is also crucial for accessing and updating 

resources and libraries throughout the 

deployment process. The ongoing 

effectiveness of the implemented strategy is 

ensured by constant monitoring and 

adaptation to evolving agricultural 

conditions. The use of AI technology in 

agriculture opens up exciting possibilities for 

timely interventions, giving farmers more 

control over their crops and allowing them to 

increase yield. Maintaining the model's 

effectiveness in real-world settings requires 

constant tweaking and adaptation to changing 

agricultural contexts. The use of GenCoN 

classification for the prediction of insect and 

leaf populations yielded very precise 

outcomes. This state-of-the-art model not 

only underwent training with much less loss 

compared to its previous versions, but it also 

demonstrated exceptional precision in 

distinguishing healthy leaves from those 

affected by pests or diseases. The accuracy 

score of 96% demonstrated the model's 

capacity to provide accurate predictions, 

indicating the proportion of correctly 

identified examples. GenCoN successfully 

decreased the loss measure during the 

training phase, which quantifies the disparity 

between the anticipated and actual values. 

This observation underscores the efficacy 

and robustness of GenCoN in capturing 

intricate patterns associated with plant well-

being. 

The application of a median filter to high-

quality images yielded promising results, 

showcasing its efficacy in noise reduction 

while preserving critical edge details. The 

filter successfully mitigated various types of 

noise, including Gaussian and salt-and-

pepper artifacts, resulting in visually cleaner 

and smoother images. Notably, the median 

filter outperformed other filters, maintaining 

the sharpness of edges and demonstrating 

robustness to extreme pixel values. The 
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overall impact on image quality was positive, 

contributing to a more aesthetically refined 

output. Sensitivity analysis of filter 

parameters revealed optimal performance 

with a balanced choice, emphasizing the 

filter's adaptability across diverse scenarios. 

While discussions acknowledged limitations 

such as potential blurring in uniform textures, 

the results shown in Figure 7 underscore the 

median filter's effectiveness as a versatile 

tool for enhancing high-quality images, 

providing valuable insights for noise 

reduction in various imaging applications. 

 

For the specific datasets related to grapes and 

bananas, a tailored approach to image 

augmentation involves operations such as 

rotation, flipping, and adjustments to shades. 

By employing techniques such as rotating 

images with a probability factor, horizontally 

and vertically flipping images, and 

introducing random color variations within a 

specified range, the augmentation process 

ensures that the AI model is exposed to a 

more comprehensive set of variations in leaf 

images shown in figures 8 and 9. This 

augmented dataset facilitates the training of a 

more resilient and accurate model, better 

equipped to identify and distinguish between 

various plant diseases and pest 

manifestations in grapes and bananas. The 

carefully crafted augmentation strategy 

contributes to the overall efficacy of the 

Cognitive Crop Care AI system, enabling it 

to generalize well to diverse conditions and 

scenarios in agricultural settings. 
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Fig 8: Image Augmentation for Grapes Image 

 

 

 

 

Image augmentation approaches have a 

crucial role in enhancing the performance of 

models for disease detection in plant and pet 

databases, as well as in fruits and vegetables. 
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Augmentation enhances the models' capacity 

to generalize to novel scenarios by exposing 

them to a broader range of data. Enhancement 

enables the representation of several 

environmental factors, including variations in 

lighting, perspectives, and occlusions, so 

enhancing the accuracy of disease 

identification in diverse plant scenarios. 

Moreover, in the context of pet diseases, 

augmentation enhances the model's ability to 

withstand variations in pet appearances, 

postures, and backgrounds, hence enabling it 

to provide superior outcomes in real-world 

scenarios. 

Augmentation techniques have shown to be 

very advantageous in the domain of disease 

detection in fruits and vegetables, 

particularly when conducting model training 

to accurately identify diseases across various 

settings, including changes in size, shape, 

color, and ripeness. The accuracy and 

reliability of the model improve as it acquires 

the ability to adapt to the many appearances 

of fruits and vegetables via the 

implementation of transformations, including 

flipping, rotating, and altering colors. 

Conversely, models may have difficulties in 

generalizing well without augmentation, 

particularly when confronted with new or 

unforeseen circumstances. This assertion has 

particular validity in datasets characterized 

by limited variance, since the absence of 

supplementary data may adversely impact 

performance and increase the likelihood of 

overfitting. 

Models may struggle to accurately identify 

diseases in several scenarios without the 

diverse conditions provided by 

augmentation, hence diminishing their use in 

practical applications. In summary, the 

accuracy, reliability, and generality of 

algorithms trained for identifying illnesses in 

plant and pet datasets, along with vegetables 

and fruits, may be significantly improved by 

using image augmentation techniques. The 

use of augmentation techniques enhances the 

precision and dependability of sickness 

detection systems by training models to 

effectively manage the intricacies and 

fluctuations inherent in real-world data. This 

is achieved by subjecting these models to a 

broader range of situations shown in Table 5. 

Table 5: Comparison with augmentation and without augmentation 

Dataset With Augmentation Without Augmentation 

Plant 

Diseases 

The ability to generalize is enhanced by the 

simulation of many situations, including 

varying illumination, perspectives, and 

occlusions. 

Due to a smaller dataset, there is 

less generalization and an 

increased risk of overfitting. 

Pet Diseases Made the model more resistant to changes 

in the pet's look, posture, and backdrop. 

Softer, maybe won't hold up to 

different kinds of pet problems. 

Fruits and 

Vegetables 

The model is now more flexible and can 

handle differences in the appearance, 

ripeness, and flaws of fruits and vegetables. 

Impairment in adaptation may 

make it difficult to diagnose 

illnesses in different 

environments. 
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The implementation of K-means cluster 

segmentation for image description yielded 

notable results in effectively partitioning and 

categorizing distinct regions within the 

images. By leveraging the K-means 

algorithm, the images shown in Figure 10 

were segmented into k clusters based on pixel 

similarities, revealing underlying patterns 

and structures. This segmentation enhanced 

the interpretability of the images, allowing 

for a more detailed and context-aware 

description of various objects or features. The 

unsupervised nature of K-means clustering 

facilitated a data-driven approach to image 

segmentation, making it particularly valuable 

in scenarios where prior knowledge about 

object boundaries or characteristics is 

limited. The results demonstrated the ability 

of K-means cluster segmentation to uncover 

meaningful visual information, providing a 

foundation for further analysis or 

interpretation within the broader context of 

image-based applications. 

 

The integration of Gray-Level Co-occurrence 

Matrix (GLCM) analysis and Region of 

Interest (ROI) description for leaf and pest 

identification proved to be a robust approach 

to capturing intricate texture patterns and 

features within images. GLCM extraction 

allowed for the quantification of spatial 

relationships between pixel intensities, 

unveiling subtle details related to leaf 

conditions and pest manifestations. By 

employing GLCM, the model gained insights 

into the textural variations indicative of 

specific diseases or pests affecting crops. 

Simultaneously, the Region of Interest 

description focused on isolating and 

characterizing key segments within the image 

that are critical for identification. This 

combined approach facilitated a 

comprehensive analysis, enabling the model 

to discern and interpret localized features 

associated with both healthy and affected 

leaves. The results underscored the efficacy 

of GLCM and ROI-based strategies in 

providing nuanced and accurate insights for 

an enhanced leaf and pest identification 

system shown in Figure 11, particularly 

valuable in precision agriculture and 

proactive crop management. 
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Leaf image extraction and bounding box 

detection form a powerful combination in the 

realm of computer vision for plant analysis. 

The process involves isolating and extracting 

leaf regions from complex images and 

subsequently defining bounding boxes 

around these regions. Through advanced 

image processing techniques, the model 

identifies and segments individual leaves, 

allowing for precise localization and 

characterization. Bounding boxes provide a 

structured representation of the spatial extent 

of each leaf within the image, aiding in 

subsequent analysis and classification tasks. 

This dual approach enables accurate and fine-

grained examination of plant leaves, 

contributing to the development of 

sophisticated systems for plant disease and 

pest identification. By focusing on both 

extraction and bounding box delineation 

shown in Figure 12, the methodology ensures 

a comprehensive understanding of leaf 

structures and facilitates the creation of 

robust models for automated plant analysis in 

agriculture and environmental monitoring. 

http://www.thebioscan.com/


 

                                                         21(1) S (1) 555-584, 2026                              www.thebioscan.com 

581 
 

 

 

This research presents a new ensemble 

model, Model I, that integrates the DCNN 

and GAN models. The results of training the 

ensemble framework that was constructed in 

this study using the dataset that was supplied 

are shown below. The ensemble model's 

classification report. In addition, the model's 

receiver operating characteristic (ROC) 

diagram and confusion matrix are shown in 

Figure 13. 

The implementation of GenCoN 

classification for pest and leaf prediction 

yielded impressive results, achieving a 

remarkable accuracy of 96%. This state-of-

the-art model not only demonstrated a high 

level of precision in distinguishing between 

healthy leaves and those affected by pests or 

diseases but also showcased an effective 

reduction in loss during the training process. 

Reduction in loss during the training process. 

The accuracy metric, representing the 

proportion of correctly identified instances, 

reached 96%, underscoring the model's 

proficiency in making accurate predictions. 

Simultaneously, the loss metric, indicating 

the dissimilarity between predicted and 

actual values, was minimized during the 

training phase, emphasizing the robustness 

and efficiency of GenCoN in capturing 

intricate patterns related to plant health. This 

level of accuracy and minimal loss positions 

GenCoN as a potent tool in the field of 

agricultural AI, offering a reliable solution 

for automated pest and leaf prediction with 

implications for proactive crop management 

and disease prevention shown in Figure 14. 
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Figure 13: Confusion Matrix and ROC Plots 

 

5. Conclusion: 

In conclusion, the application of GenCoN 

classification for pest and leaf prediction has 

proven to be a highly effective and accurate 

solution, achieving an impressive 96% 

accuracy rate. The combination of 

Generative Convolutional Networks 

(GenCoN) demonstrated not only advanced 

capabilities in accurately identifying and 

classifying healthy and pest-affected leaves 

but also showcased a robust performance in 

minimizing loss during the training process. 

The results indicate the potential of GenCoN 

as a cutting-edge tool in the domain of 

agricultural artificial intelligence, offering a 

reliable and precise solution for plant health 

monitoring and disease identification. The 

high accuracy underscores its suitability for 

real-world applications in agriculture, 

providing farmers with valuable insights for 

timely interventions and optimized crop 

management. As technology continues to 

advance,GenCoN stands as a promising 

contribution to the development of smart 

solutions for precision agriculture, paving the 

way for more efficient and sustainable 

practices in the cultivation and protection of 

crops. 
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