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Abstract:- 

The Detecting and classifying crop diseases is 

essential for maintaining food security and 

maximizingagriculturalproductivity.Traditiona

l methods often depend on manual inspections, 

which is time-consuming and error-prone. 

Especially when applied large-scale farming 

operations. This Research Article a hybrid 

artificial intelligence approach that harnesses 

the capabilities of machine learning combined 

with deep learning techniques for precise 

detection and classification of crop diseases. 

By integrating various artificial intelligence 

technique such as support vector machines 

(SVM) and convolutional neural networks 

(CNN).This system adapts effectively to 

distinct challenges across different agricultural 

regions. Utilizing image processing 

techniques, it examines crop images to detect 

visible disease symptoms while artificial 

intelligence models accurately  

 

predict disease types. The framework has been 

evaluated in diverse agricultural settings, 

showcasing its effectiveness in identifying an 

array of crop diseases including fungal, 

bacterial, and viral infections. Experimental 

results underscore the benefits of using hybrid 

AI models not only by enhancing diagnostic 

accuracy but also by reducing false positives—

thereby equipping farmers with real-time 

actionable insights crucially needed for 

decision-making processes. This research 

provides a scalable solution tailored towards 

global management aimed at advancing 

sustainable agriculture practices thereby 

improving worldwide food security concerns. 

 

Keyword:  
artificial intelligence, convolutional neural 

networks (CNNs), support vector machines 

(SVM), crop, detection. 

 

Introduction:- 

Crop diseases pose a significant risk to global 

agriculture, affecting food security and 

economic stability. As population growth, 

climate change, and resource limitations place 

greater demands on agricultural systems, it is 

crucial to detect crop diseases early and 

accurately. Traditional methods of disease 

detection—like manual field inspections or 

lab-based tests—are often time-consuming, 

labor-intensive, and unreliable for large-scale 

or diverse farming regions. 

Recent breakthroughs in Artificial Intelligence 

(AI) have opened the door to more efficient 

and scalable solutions for tackling these 

challenges. AI-driven methods, especially 

those involving machine learning (ML) and 

deep learning (DL), have demonstrated 

considerable potential in automating the 

detection and classification of crop diseases 

via image analysis and interpretation of 

environmental data. However, despite these 
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advancements, AI models frequently face 

difficulties generalizing across different crops 

and environmental conditions encountered in 

diverse agricultural regions. The manifestation 

of diseases can differ significantly based on 

factors such as climate, soil type, and crop 

variety—posing a unique challenge for AI-

based approaches.  To address this challenge, 

hybrid AI approaches—merging multiple 

machine learning models and a variety of data 

sources—present an effective solution. These 

hybrids integrate methods like Convolutional 

Neural Networks (CNNs) for image analysis, 

Support Vector Machines (SVMs) for 

classification tasks, and Random Forests (RF) 

for decision-making processes to capitalize on 

the unique advantages each model offers. This 

integration enhances the accuracy and 

adaptability in detecting crop diseases. 

Furthermore, by incorporating environmental 

factors such as temperature, humidity, and soil 

moisture into these systems can accommodate 

regional differences that influence disease 

progression; thereby offering farmers more 

customized and efficient solutions.  This Work 

is designed to investigate the capability of 

hybrid AI models in identifying and 

categorizing crop diseases across various 

agricultural areas. By combining visual data 

from image capture device like camera 

imagery with environmental factors, this 

approach aims to provide a more reliable, 

precise, and region-specific solution for early 

disease detection. The study will highlight 

how hybrid AI models can surpass the 

limitations of traditional methods and single-

model AI systems, ultimately promoting 

sustainable farming practices and enhancing 

food security. 

 

A. Objective 

The aim of this research is to create and assess 

hybrid artificial intelligence (AI) models for 

precisely detecting and classifying crop 

diseases in various agricultural areas. This 

study intends to: 

 

1. Integrating AI Approaches: Merge various 

machine learning algorithms, including 

Convolutional Neural Networks (CNNs), 

Support Vector Machines (SVMs), and 

Ensemble Learning techniques, to develop 

hybrid models that improve the accuracy of 

disease detection. 

2. Enhance Diagnostic Precision: Employ hybrid 

AI models to precisely categorize crop 

diseases using image data and sensor inputs, 

facilitating the early detection of plant 

ailments while minimizing false positives and 

negatives. 

3. Adapting to Environmental Variability: Create 

models that can adjust to different 

environmental conditions, crop varieties, and 

disease patterns, ensuring the system remains 

robust across diverse agricultural regions. 

4. Enhance Disease Management: Deliver 

practical insights to farmers by combining AI 

models with real-time data sources, allowing 

for efficient and prompt action to control the 

spread of crop diseases. 

5. Boost Crop Production: Increase crop yields 

by lessening disease impact, optimizing 

control strategies, and minimizing losses with 

early detection and effective management. 

6. Evaluate Model Efficiency and Scalability: 

Analyze how well hybrid AI models can scale 

in expansive agricultural settings, comparing 

their accuracy and computational efficiency to 

traditional methods. 

 

B Motivation 

This research is driven by the escalating global 

challenges in agriculture, particularly due to 

the surge in crop diseases that result in 

substantial economic losses, jeopardize food 

security, and affect livelihoods around the 

world, especially in developing nations. As the 

agricultural sector evolves, it becomes 

essential to implement more efficient, scalable, 

and precise methods for managing crop 

diseases effectively. 

1. Increasing Risk of Crop Diseases: Plant 

diseases significantly contribute to decreased 

agricultural output, with more than 20% of 

worldwide food production lost each year. The 

failure to identify these diseases in their early 

stages leads to extensive damage and a 

consequent reduction in yield. This research is 

driven by the pressing need for more accurate 

and timely detection methods to reduce such 

losses. 

2. Drawbacks of Conventional Approaches: 

Traditional techniques for identifying crop 

diseases, including manual inspection by 

farmers and agricultural experts, tend to be 

slow, imprecise, and labour-intensive. 

Additionally, these methods struggle to keep 

up with the rapid spread of diseases across 

large farming areas. Consequently, there is a 

significant need for automated AI-powered 
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solutions that can improve the efficiency and 

accuracy of disease detection. 

3. The potential of AI in agriculture is vast, 

especially with the development of hybrid 

models that integrate various machine learning 

techniques. These models show great promise 

for addressing challenges like crop disease 

detection. By merging different AI approaches 

such as Convolutional Neural Networks 

(CNNs), Support Vector Machines (SVMs), 

and Ensemble Learning, these hybrid AI 

systems can capitalize on each method's 

strengths to enhance accuracy, scalability, and 

robustness. 

4. Varied Agricultural Zones: Agriculture differs 

significantly across geographical areas, 

influenced by factors like climate, soil types, 

crop varieties, and disease prevalence. The 

success of AI models in agriculture hinges on 

their ability to adapt to these diverse 

conditions and crops. This study aims to create 

AI systems capable of managing such 

variability, offering customized disease 

detection solutions for farmers in different 

regions.  

5. Enhancing Farmers' Decision-Making: Timely 

and precise disease detection minimizes crop 

losses while enabling farmers to make 

informed decisions about disease management 

strategies. This includes choosing the right 

pesticides, managing irrigation effectively, and 

adjusting planting schedules as needed. By 

delivering real-time feedback and actionable 

insights, hybrid AI models play a crucial role 

in promoting more sustainable farming 

practices and boosting productivity. 

6. The Future of Smart Agriculture: This study is 

inspired by the increasing development of 

smart agriculture, where data-driven 

technologies like AI and IoT are 

revolutionizing farming methods. In this 

transformation process, hybrid AI techniques 

for detecting crop diseases play a crucial role, 

allowing farmers to implement more precise 

disease management strategies that greatly 

improve the sustainability and efficiency of 

agricultural practices. 

 

II. Literature Survey 

 

1. Ferentinos, K. P. (2018): This research 

introduces a deep learning approach for 

identifying and classifying plant diseases using 

Convolutional Neural Networks (CNNs) to 

analyze images of plants. The study highlights 

the promising role of artificial intelligence in 

agricultural disease management by showing 

that deep learning techniques can exceed 

traditional methods in both speed and 

accuracy. 

2. Khan, M. A., & Yilmaz, H. (2020): This paper 

examines the integration of machine learning 

algorithms and image processing techniques 

for detecting crop diseases. By merging 

Random Forest with Support Vector Machines 

(SVM), the study enhances disease 

classification accuracy, especially in crops 

such as tomatoes and wheat. 

3. Ahmad, A., and Khan, M. J. (2019): This 

study investigates a hybrid approach that 

integrates a Convolutional Neural Network 

(CNN) with a Support Vector Machine (SVM) 

classifier for plant disease detection. The CNN 

is utilized for feature extraction, whereas the 

SVM enhances classification accuracy. The 

findings demonstrate the efficacy of hybrid AI 

models, particularly in managing complex and 

high-dimensional datasets derived from 

agricultural images. 

4. Ravi, M., & Mishra, P. (2021):This paper 

explores the integration of hybrid AI models 

that combine deep learning with evolutionary 

algorithms, such as Genetic Algorithms (GA), 

to detect crop diseases. The discussion 

emphasizes how these systems can optimize 

feature selection, reducing computational 

complexity and improving prediction 

accuracy. 

5. Mishra, A., & Koundal, D. (2022):A study that 

integrates machine learning methods like k-

Nearest Neighbors (k-NN) with conventional 

statistical models for the classification of crop 

diseases. This hybrid approach successfully 

tackles challenges such as overfitting and 

under fitting, which are frequently encountered 

in traditional machine learning models. 

6. Chen, H. and Zhang, S. (2020): This paper 

investigates the combination of convolutional 

neural networks (CNNs) and decision trees 

(DT) for predicting crop diseases. The CNN is 

employed to extract pertinent features from 

images, whereas the decision tree offers a 

strong model for making decisions. This 

hybrid approach enhances classification 

accuracy by 8% compared to using each model 

independently. 

7. Patel, R., & Sharma, R. (2021): This paper 

explores the integration of deep reinforcement 

learning (DRL) with CNN for dynamic crop 

disease prediction systems. The proposed 
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model adjusts to fluctuating environmental 

conditions, enhancing both accuracy and 

robustness of the system, especially in areas 

characterized by unpredictable climates. 

8. Singh, P., and Kumar, S. (2022): This research 

showcases the integration of AI with IoT 

systems for detecting crop diseases in real-

time. By employing a hybrid model that 

combines sensor data analysis and machine 

learning classifiers, this method seeks to 

deliver instant feedback to farmers, thereby 

greatly minimizing crop losses caused by 

diseases. 

9. Zhou, X., and Liu, T. (2020): This study 

integrates deep neural networks (DNNs) with 

unsupervised learning algorithms to identify 

crop diseases across expansive agricultural 

areas. It highlights the significance of utilizing 

unsupervised learning to uncover new disease 

patterns that may not be present in labelled 

training datasets. 

10. Wang, F., and Li, Z. (2021): In this study, the 

authors investigate the combination of 

convolutional networks and ensemble learning 

models (ELMs). This hybrid approach 

provides enhanced robustness and 

generalizability, particularly effective when 

handling limited or noisy data. The system 

showcases a remarkable capacity to classify 

diseases in diverse agricultural settings across 

different crop types.  

 

III) Methodological Research Approach 

This work is to create, apply, and assess hybrid 

artificial intelligence (AI) models for the 

detection and categorisation of crop diseases 

over several agricultural environments. The 

method integrates several machine learning 

methods to raise illness prediction system 

adaptability, efficiency, and accuracy. The 

following actions define the approach of this 

study: 

 

1. Data gathering 
Images and sensor data of crops from many 

agricultural regions will be the main data 

sources. Along with local data from farms and 

agricultural field surveys, this information will 

come from publicly accessible datasets 

including those supplied by government 

agencies and agricultural research 

organisations. The data will include a range of 

crops, including wheat, rice, tomatoes, and 

maize, to guarantee the generalisability across 

many plant species of the model. Wide 

spectrum of common crop illnesses, including 

fungal, bacterial, and viral infections, will be 

included to equip the models on many disease 

kinds. 

 

2. Prepare the data. 

Resizing, normalising, augmenting (rotation, 

flipping, etc.), segmenting image data can help 

to improve its quality and get it ready for the 

model input. Cleaning, standardising, and 

organising sensor data will help to create an 

organised format. Missing values will be 

addressed by interpolation methods; outliers 

will be found and eliminated. Data labelling 

for picture datasets will be done by hand using 

expert agricultural knowledge to diagnose 

illnesses depending on visual characteristics. 

Regarding sensor data, disease occurrence will 

be linked, wherever feasible, with 

environmental factors.  

 

3. Hybrid AI Model Development 

The study will investigate numerous hybrid 

artificial intelligence models using several 

machine learning algorithms to enhance 

disease diagnosis. Model selection will We 

shall take under consideration the following 

hybrid strategies:CNN + SVM is a hybrid 

model including Support Vector Machines 

(SVMs) for classification and Convolutional 

Neural Networks (CNNs) for feature 

extraction from pictures.CNN + Ensemble 

Learning (EL) is CNNs for deep feature 

extraction coupled with Random Forest or 

Gradient Boosting to raise prediction accuracy. 

CNN + Genetic Algorithm (GA): Feature 

extraction comes from CNNs; feature selection 

and model parameter optimisation comes from 

Genetic Algorithms. Combining picture data 

with sensor data will constitute a multi-modal 

fusion technique. The image data will be 

handled using deep learning methods 

including CNNs; the sensor data will be 

handled using decision trees or regression 

models. 

 

4. Model Evaluation 

The confusion matrix helps one examine 

performance in terms of true positives, false 

positives, true negatives, and false negatives. 

Area Under the Curve (AUC): Particularly for 

skewed datasets, this evaluates the general 

model performance. Comparatively with 

conventional machine learning models like 

decision trees and k-Nearest Neighbours (k-
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DATA GATHERING 

NN), the hybrid AI models will be evaluated 

against manual classification or traditional 

disease detection techniques to ascertain the 

accuracy and computational economy 

improvements. 

 

5. Optimising Models 

Techniques include grid search or Bayesian 

optimisation will be applied to fine-tune hyper 

parameters thereby improving model 

performance. Recursive Feature Elimination 

(RFE) or Genetic Algorithms are among the 

feature selection methods used to choose the 

most pertinent characteristics from the image 

and sensor data, hence lowering model 

complexity while yet preserving accuracy. 

 

 6. Model assembling—that is, a collection of 

models—such as CNN + SVM + Decision 

Tree—will be developed to leverage the 

capabilities of several distinct models so 

improving general prediction performance. 

Once the model shows good performance in 

controlled environments, it will be used in a 

real agricultural scenario for testing. IoT 

devices will offer real-time sensor data; 

cameras will record field photographs of crops 

for disease detection. Farmers will be asked to 

provide comments to evaluate the system's 

practical applicability and help to improve the 

model going forward. 

 

7. Effects Evaluation 

Analysis of the changes in disease control and 

crop output over time would let one assess the 

capacity of the model to help farmers in 

making wise decisions. Comparing the 

operating expenses of the disease detection 

system with conventional techniques would 

help one evaluate the cost-effectiveness of the 

hybrid artificial intelligence solution 

considering elements such labour, pesticide 

application, and crop loss. 

 

8. Ethical Thoughtfulness 

Data Privacy: To safeguard farmers' privacy, 

gathered data from farms and agricultural 

areas will be anonymised. Particularly for 

sensor-based data, ethical standards will be 

applied throughout data collecting. Long-term 

sustainability of implementing artificial 

intelligence-powered disease detection 

systems in agriculture will be assessed to 

guarantee the system does not damage the 

environment or cause misuse of pesticides. 

 

 

     

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

IV.CNN Model 

Working of Convolutional Neural Network 

(CNN) Model for Crop Disease Detection 

A Convolutional Neural Network (CNN) is a 

type of deep learning model that excels at 

tasks involving image recognition and 

classification. In the context of crop disease 

detection, CNNs are highly effective due to 

their ability to automatically detect patterns, 

features, and anomalies in images. Here's a 

breakdown of how a CNN works step-by-step 

for crop disease detection. 

 

1. Input Layer 

 Input Image: The first step is to input the 

image of the crop into the model. In the case 

of crop disease detection, the image is 

typically captured using high-resolution 

cameras or drones. 

 Size: The image is usually resized to a fixed 

size, such as 224x224 pixels, to ensure 

consistency and compatibility with the CNN. 

 Normalization: Each pixel value of the image 

is normalized, typically scaled between 0 and 

1, to help the model train more effectively. 

 

2. Convolutional Layers 

 Convolution Operation: The heart of the 

CNN is the convolutional layer. The layer 

PREPARE THE DATA. 

HYBRID AI MODEL DEVELOPMENT 

MODEL EVALUATION 

OPTIMISING MODELS 

MODEL ASSEMBLING 

EFFECTS EVALUATION 

ETHICAL THOUGHTFULNESS 
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applies filters (also called kernels) to the 

input image to extract basic features such as 

edges, textures, and color patterns. 

 Filters (Kernels): Filters are small matrices 

(e.g., 3x3 or 5x5) that slide over the image in 

a process called convolution. Each filter 

detects different aspects of the image: 

 Edges: Detects boundaries or transitions 

between different regions of the image. 

 Textures: Identifies repeated patterns such as 

veins or spots on leaves. 

 Corners and Shapes: Identifies corners, 

curves, and other structures within the crop 

image. 

 Feature Maps: The output of each 

convolution operation is a feature map, 

which is essentially a map showing where 

certain features (e.g., edges or textures) are 

present in the image. 

 

3. Activation Function (RELU) 

 RELU (Rectified Linear Unit): After each 

convolution operation, the feature maps are 

passed through a non-linear activation 

function, typically ReLU. 

 Why RELU?: ReLU introduces non-linearity 

to the model, allowing it to capture complex 

patterns. It replaces all negative values in the 

feature maps with zero and keeps the positive 

values unchanged. 

 This step ensures that the network can learn 

more complex patterns and better represent 

the underlying data. 

 

4. Pooling (Subsampling) 

 Max Pooling: After convolution and ReLU 

activation, the feature map undergoes 

pooling. Pooling reduces the spatial 

dimensions of the image (e.g., from 224x224 

to 112x112), making it computationally 

efficient and helping reduce overfitting. 

 Why Max Pooling?: Max pooling selects the 

maximum value from a small region (e.g., 

2x2), helping to retain the most important 

features and discard irrelevant information. 

This makes the model more robust and less 

sensitive to minor changes in the image. 

 

5. Multiple Convolution and Pooling Layers 

 Deeper Layers: A typical CNN for crop 

disease detection consists of several 

convolution and pooling layers stacked 

together. The deeper layers are capable of 

detecting more complex features: 

 Early layers might detect edges, textures, or 

simple shapes. 

 Deeper layers detect more intricate patterns 

like spots, lesions, or disease symptoms on 

the leaves, which are critical for accurate 

disease classification. 

 Hierarchical Feature Learning: The idea is 

that the network learns increasingly complex 

and abstract features as the data moves 

deeper into the network. 

 

6. Flattening 

 Flattening: After passing through multiple 

convolutional and pooling layers, the multi-

dimensional feature map is flattened into a 

one-dimensional vector. This process 

converts the feature map into a format 

suitable for input into fully connected layers. 

 Example: If a feature map is 7x7x64 (7 

height, 7 width, 64 channels), flattening 

converts it into a 1D vector of size 7 * 7 * 64 

= 3136. 

 

7. Fully Connected (Dense) Layers 

 Fully Connected Layers: After flattening, the 

output is passed through one or more fully 

connected layers. These layers are traditional 

neural network layers where every neuron is 

connected to every neuron in the previous 

layer. 

 Learning Complex Features: The fully 

connected layers are responsible for learning 

high-level features and combining the 

learned information to make the final 

classification decision. 

 Activation Function: Usually, ReLU or 

Sigmoid functions are used in the fully 

connected layers, depending on the output 

layer type. 

 

8. Output Layer 

 Final Classification: The output layer 

typically consists of one neuron per 

possible class. For crop disease detection, 

the classes could be: 

 Healthy 

 Disease 1 (e.g., leaf rust) 

 Disease 2 (e.g., powdery mildew) 

 Disease 3 (e.g., blight) 

 Softmax Activation: In the case of multi-

class classification, the softmax activation 

function is applied to the output layer. 

Softmax calculates the probability 

distribution across all classes, and the class 
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with the highest probability is selected as 

the predicted class for the input image. 

 Example: If the CNN outputs probabilities 

[0.1, 0.7, 0.2] for three classes, it will 

predict class 2 (the disease with the highest 

probability, 0.7). 

 

9. Training the Model 
 Loss Function: The model is trained using a 

loss function such as categorical cross-

entropy for multi-class classification, which 

measures how far the predicted probabilities 

are from the actual labels. 

 Optimization: The CNN is trained using an 

optimization algorithm like Stochastic 

Gradient Descent (SGD) or Adam, which 

minimizes the loss function and adjusts the 

weights of the filters and neurons. 

 Backpropagation: During training, the errors 

are propagated backward through the 

network, and the weights are updated to 

reduce the error in the next iteration. 

 

10. Evaluation 

 Validation and Testing: After training, the 

model is evaluated using a separate test dataset 

to assess how well it generalizes to new, 

unseen data. Metrics such as accuracy, 

precision, recall, and F1-score are used to 

evaluate the model’s performance. 

 

 

 

 

 

 

 

 

 

 

V.SVM in Crop Disease Detection: 
SVM can be applied in crop disease detection 

by classifying images of crops into categories 

like "healthy" or "diseased". The key steps 

would include: 

 Feature Extraction: Features such as color, 

texture, and shape are extracted from the 

images of crops using techniques like 

histograms, Gabor filters, or HOG 

(Histogram of Oriented Gradients). 

 Training: A dataset of labelled crop images 

(healthy vs. diseased) is used to train the 

SVM model. SVM will find the optimal 

hyperplane that can separate the two classes 

based on the extracted features. 

 Testing: The trained SVM model is then 

tested on new, unseen images to classify 

them as either healthy or diseased. 

 

 

VI .Future Scope 

Integrating Real-Time Data: Merging live data 

from IoT sensors and drones to enhance 

disease detection accuracy, facilitating 

constant crop monitoring and quicker response 

actions. 

 

1. Sophisticated Hybrid AI Models: Future 

models are likely to incorporate more 

intricateAImethods, including Reinforcement 

Learning, Transfer Learning, and Federated 

Learning, to enhance precision and 

adaptability in various agricultural areas. 

2. Multi-Modal AI Systems: By integrating 

diverse data types such as image data, 

environmental conditions, and genetic 

information, these systems enhance disease 

prediction capabilities and offer a more 

comprehensive perspective on crop health. 

3. Edge Computing: Implementing AI models 

directly on farm equipment, drones, or 

mobile devices to facilitate immediate and 

local disease detection. This approach 

decreases reliance on cloud computing and 

enhances operational efficiency by enabling 

real-time analysis right where it's needed. 

4. Customized Disease Prediction: Adapting 

disease forecasts for individual farms by 

taking into account factors like crop variety, 

weather conditions, and historical disease 

patterns to provide more precise and 

practical insights. 

5. Explainable AI (XAI): Creating AI models 

that are easier to understand, offering farmers 

clear predictions and recommendations. This 

approach helps build trust and enhances 

decision-making processes. 

6. Global Collaboration and Crowdsourced 

Data: Harnessing the power of worldwide 

cooperation among farmers, researchers, and 

companies to consistently enhance AI 

models and address emerging diseases. 

 

AI-Powered Crop Breeding: Leveraging AI 

to pinpoint genetic markers for disease 

resistance, thereby speeding up the creation 

of crop varieties that can withstand diseases. 
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VII. Conclusion 

The future scope of hybrid AI approaches in 

crop disease detection is expansive and holds 

significant promise for transforming 

agriculture. As AI continues to evolve and 

integrate with other technologies such as IoT, 

edge computing, and genetic data, crop disease 

detection systems will become more accurate, 

personalized, and accessible to farmers 

worldwide. These advancements will lead to 

more sustainable farming practices, increased 

crop yields, and better management of 

resources, ultimately contributing to global 

food security. 
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