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Abstract

Agriculture plays a crucial role in ensuring food security and sustainable economic development.
However, increasing population growth, limited water resources, climate variability, and inefficient
crop planning practices present significant challenges to agricultural productivity. Multicropping
systems offer an effective solution for improving land utilization and enhancing farm profitability,
but determining optimal crop combinations under different irrigation conditions remains a complex
optimization problem. This study proposes an intelligent hybrid framework integrating Deep Learn-
ing (DL), Genetic Algorithm (GA), and Particle Swarm Optimization (PSO) for optimizing mul-
ticropping strategies across irrigation types. The Deep Learning model is employed to predict crop
yield based on environmental and agricultural parameters, while the Genetic Algorithm generates
optimal crop allocation strategies. Particle Swarm Optimization further refines the GA-generated
solutions by optimizing resource allocation and irrigation efficiency. The proposed framework is
evaluated using an agricultural dataset containing soil characteristics, climatic conditions, irrigation
methods, crop information, yield, and profit data. Experimental results demonstrate that the inte-
grated GA-DL-PSO framework achieves superior performance in terms of crop yield, water-use ef-
ficiency, and economic profitability when compared with traditional farming methods and standalone
optimization techniques. The findings indicate that the proposed model provides an effective deci-
sion-support system for sustainable agriculture and intelligent resource management. The developed
framework can assist farmers and agricultural planners in making data-driven decisions that improve
productivity while minimizing resource consumption.

Keywords: Multicropping, Precision Agriculture, Deep Learning, Genetic Algorithm, Particle
Swarm Optimization, Crop Yield Prediction, Irrigation Management, Agricultural Optimization.

1. INTRODUCTION

Agriculture plays a vital role in global food security, but increasing population and water scarcity
demand intelligent farming solutions. Multicropping systems allow better land utilization; however,
selecting optimal crop combinations under different irrigation conditions remains a complex
optimization problem.Traditional approaches rely on farmer experience, which lacks scalability and
precision. Recently, artificial intelligence techniques such as Genetic Algorithms, Deep Learning,
and Reinforcement Learning have shown potential in solving complex agricultural optimization
problems.This paper proposes a hybrid Al-based framework to optimize multicropping strategies
across irrigation systems, focusing on yield maximization, water efficiency, and profit optimization.
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2. RELATED WORK
2.1 Artificial Intelligence in Agriculture
Artificial Intelligence (AI) has emerged as a transformative technology in modern agriculture by
enabling data-driven decision-making and precision farming practices. The increasing availability of
agricultural data, combined with advances in computational power, has facilitated the adoption of
machine learning, deep learning, and optimization techniques for solving complex agricultural
problems. Al applications in agriculture include crop recommendation, yield prediction, irrigation
management, disease detection, weed identification, and resource optimization.
Researchers have demonstrated that Al-based decision support systems can significantly improve
agricultural productivity while reducing operational costs and resource wastage. Machine learning
models are capable of identifying complex nonlinear relationships between environmental conditions
and crop performance, thereby providing accurate predictions that support farm management
decisions. Despite these advancements, the integration of multiple Al techniques into a unified
agricultural optimization framework remains limited.
2.2 Genetic Algorithms for Agricultural Optimization
Genetic Algorithms (GAs) are evolutionary optimization techniques inspired by the process of
natural selection. They have been extensively applied in agriculture due to their ability to solve
complex optimization problems involving multiple objectives and constraints.
Several studies have utilized GAs for crop planning and land allocation optimization. These studies
aimed to maximize crop yield, profit, and resource utilization while satisfying environmental and
economic constraints. Genetic Algorithms are particularly suitable for agricultural applications
because farming systems often involve nonlinear relationships, multiple variables, and conflicting
objectives.
Researchers have applied GAs to optimize crop rotation schedules, fertilizer allocation, irrigation
planning, and land-use management. Results from these studies indicate that GA-based approaches
outperform conventional optimization methods by exploring larger solution spaces and identifying
near-optimal solutions.
However, most existing GA-based agricultural systems focus solely on optimization and do not
incorporate predictive intelligence. As a result, optimization decisions may be based on static
assumptions rather than dynamic yield predictions.
2.3 Deep Learning for Crop Yield Prediction
Deep Learning has gained significant attention in agricultural research due to its ability to learn
complex patterns from large datasets. Deep neural networks can model nonlinear relationships
between environmental variables and crop performance, leading to highly accurate yield
predictions.Several researchers have employed Deep Learning architectures such as Artificial Neural
Networks (ANN), Convolutional Neural Networks (CNN), Recurrent Neural Networks (RNN), and
Long Short-Term Memory (LSTM) networks for crop yield prediction. These models utilize various
input parameters including soil characteristics, weather conditions, irrigation levels, and crop
management practices.Deep Learning techniques have demonstrated superior performance
compared to traditional statistical models and conventional machine learning algorithms. By
automatically extracting meaningful features from data, DL models reduce the need for manual
feature engineering and improve prediction accuracy.
Despite these advantages, most yield prediction studies focus exclusively on forecasting and do not
integrate optimization mechanisms. Consequently, predicted yields are not directly utilized for
generating actionable crop planning recommendations.
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2.4 Particle Swarm Optimization for Agricultural Resource Management
Particle Swarm Optimization (PSO) is a population-based optimization technique inspired by the
social behavior of bird flocks and fish schools. Since its introduction by Kennedy and Eberhart, PSO
has been widely applied to solve complex optimization problems due to its simplicity, fast conver-
gence, and computational efficiency.In agriculture, PSO has been employed for optimizing irrigation
scheduling, crop planning, fertilizer allocation, and resource management. The algorithm represents
potential solutions as particles that move through the search space by updating their positions and
velocities based on both individual experience and collective knowledge. This mechanism enables
PSO to efficiently identify optimal solutions while avoiding local optima.Several studies have
demonstrated the effectiveness of PSO in irrigation management systems. Researchers have applied
PSO to determine optimal water allocation strategies that maximize crop productivity while mini-
mizing water consumption. Experimental results indicate that PSO-based irrigation optimization sig-
nificantly improves water-use efficiency compared with conventional irrigation planning methods.
PSO has also been utilized in crop yield optimization and agricultural resource allocation. By simul-
taneously considering multiple decision variables such as crop selection, irrigation levels, fertilizer
application, and environmental conditions, PSO can identify resource-efficient farming strategies
that enhance productivity and profitability.Compared with Genetic Algorithms, PSO generally re-
quires fewer control parameters and exhibits faster convergence characteristics. However, PSO may
occasionally experience premature convergence when dealing with highly complex optimization
landscapes. Therefore, combining PSO with other intelligent techniques can improve optimization
performance and solution quality.
Despite the successful application of PSO in agricultural optimization, most existing studies focus
on individual optimization tasks and do not integrate predictive intelligence into the optimization
process. Consequently, optimization decisions are often made without considering dynamically pre-
dicted crop yields.The integration of Deep Learning-based yield prediction with PSO-based optimi-
zation presents an opportunity to develop more intelligent agricultural decision-support systems ca-
pable of simultaneously improving productivity, profitability, and resource efficiency.
Research Gap
Most existing studies apply Genetic Algorithms, Deep Learning, or Particle Swarm Optimization
independently. Very few studies integrate these three techniques into a unified framework for
multicropping optimization across irrigation systems. Furthermore, limited research has investigated
the combined optimization of crop allocation, yield prediction, water management, and profit
maximization under varying irrigation conditions. This research addresses these gaps by proposing
a hybrid GA-DL-PSO framework.

3. PROPOSED METHODOLOGY

3.1 Overview of the Proposed Framework
The proposed research introduces an intelligent hybrid optimization framework that integrates Ge-
netic Algorithm (GA), Deep Learning (DL), and Particle Swarm Optimization (PSO) to optimize
multicropping strategies across different irrigation systems. The primary objective is to maximize
crop yield and economic profit while minimizing water consumption and resource wastage.
The framework consists of three major stages. First, a Deep Learning model predicts crop yield using
environmental and agricultural parameters. Second, a Genetic Algorithm generates optimal crop al-
location and multicropping combinations. Third, Particle Swarm Optimization fine-tunes the opti-
mized solutions obtained from GA by improving water-use efficiency and resource allocation.The
proposed framework functions as an intelligent decision-support system that assists farmers in se-
lecting suitable crop combinations under varying irrigation conditions.
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3.2 System Architecture
The overall architecture of the proposed system consists of the following modules:
Module 1: Dataset Preparation
Agricultural data are collected and organized into a structured dataset containing:

e Soil Type

e Temperature
e Humidity

e Rainfall

o Irrigation Type
e Water Usage

e Crop Type
e Yield

o Profit

e Season

The dataset serves as the foundation for prediction and optimization processes.

Module 2: Data Preprocessing

The collected data undergo preprocessing to improve data quality and model performance.
The preprocessing steps include:

Data Cleaning
Missing Value Handling
Label Encoding

Feature Scaling
Data Normalization
6. Training and Testing Data Splitting
These steps ensure that the dataset is suitable for machine learning and optimization algorithms.
Module 3: Deep Learning Prediction Module
A Deep Learning model is developed to predict crop yield based on environmental and agricultural

M

parameters.
Inputs:
e Soil Type
o Temperature
e Humidity
e Rainfall

e Irrigation Type
o Water Usage

e Crop Type
e Season
Output:

e Predicted Yield
The predicted yield values are used by the optimization modules to identify profitable crop combi-
nations.
Module 4: Genetic Algorithm Optimization Module
The Genetic Algorithm searches for optimal multicropping combinations.
The algorithm performs:

o Population Initialization

o Fitness Evaluation
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e Selection
o Crossover
e Mutation
o Population Replacement
The GA objective is to maximize crop yield and profit while minimizing water usage.
Module 5: Particle Swarm Optimization Module
PSO improves the solutions generated by the Genetic Algorithm.
The particles represent alternative resource allocation strategies.
PSO optimizes:
o Water Allocation
e Crop Area Distribution
o Resource Utilization
o Irrigation Efficiency
The final solution represents the optimal multicropping strategy.
3.3 Dataset Description
The experimental dataset contains agricultural parameters relevant to crop production and irrigation

management.

Table 1 summarizes the dataset attributes.
Attribute Description
Soil Type Type of soil
Temperature Average temperature (°C)
Humidity Relative humidity (%)
Rainfall Rainfall level (mm)

Irrigation Type | Drip, Sprinkler, Flood
Water Usage Water consumption

Crop Type Crop cultivated

Yield Crop production
Profit Economic return
Season Growing season

The dataset contains 500 agricultural records representing various crop and irrigation scenarios.
3.4 Deep Learning Model for Yield Prediction
Deep Learning is employed to estimate crop yield from agricultural inputs.
The neural network consists of:
Input Layer
Accepts agricultural features:
X = {Soil, Temperature, Humidity, Rainfall, Irrigation, Water Usage, Crop Type, Season}
Hidden Layers
Two fully connected hidden layers are used.
Hidden Layer 1:
e 16 neurons
e ReLU activation
Hidden Layer 2:
e 16 neurons
e ReLU activation
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Output Layer
Single neuron producing crop yield prediction.
The network architecture is:
Input — Dense(16) — Dense(16) — Output
The model is trained using the Adam optimizer and Mean Squared Error (MSE) loss function.
The predicted yield serves as an important input for optimization.
3.5 Genetic Algorithm-Based Crop Optimization
Genetic Algorithm is used to identify optimal crop allocation strategies.
Chromosome Representation
Each chromosome represents crop allocation percentages.
Chromosome:
[X1, Xz, X3, X4]
Where:
e Xi=Tomato Area
e X, =Maize Area
e Xs;=Cowpea Area
e X4=Sunflower Area
Population Initialization
Random crop combinations are generated.
Fitness Evaluation
The fitness function considers:
e Yield
e Profit
e Water Usage
o [Irrigation Efficiency
The objective is:
Maximize:
e Crop Yield
e Economic Profit
Minimize:
o Water Consumption
Selection
Tournament selection is used to choose parent chromosomes.
Crossover
Single-point crossover combines parental information.
Mutation
Random mutation introduces diversity.
The process continues until the maximum generation count is reached.
3.6 Particle Swarm Optimization for Resource Allocation
Particle Swarm Optimization further improves GA-generated solutions.
Each particle represents a candidate agricultural strategy.
Particle:P = [p1, p2, p3, p4]
where each dimension corresponds to crop allocation and resource utilization parameters.
Velocity Update
Particle velocity is updated using:
v(t+1) = wv(t) + clrl(pbest — x) + c2r2(gbest — x)
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Position Update
x(t+1) = x(t) + v(t+1)
where:
e W =inertia weight
e cl = cognitive coefficient
e c2 =social coefficient
e pbest = personal best
e gbest = global best
PSO searches for improved solutions while maintaining efficient resource utilization.
3.7 Hybrid GA-DL-PSO Integration
The proposed hybrid framework integrates prediction and optimization.
Step 1
Deep Learning predicts crop yield.
Step 2
Predicted yield values are supplied to the Genetic Algorithm.
Step 3
GA identifies optimal crop combinations.
Step 4
The best GA solution is passed to PSO.
Step 5
PSO fine-tunes resource allocation and irrigation efficiency.
Step 6
The final optimized multicropping strategy is generated.
Workflow:
Dataset — DL — GA — PSO — Optimal Strategy
3.8 Algorithm of the Proposed Framework
Step 1: Load agricultural dataset.
Step 2: Preprocess data.
Step 3: Train Deep Learning model.
Step 4: Predict crop yield.
Step 5: Initialize Genetic Algorithm.
Step 6: Generate crop combinations.
Step 7: Evaluate fitness values.
Step 8: Obtain best GA solution.
Step 9: Initialize PSO using GA output.
Step 10: Optimize resource allocation.
Step 11: Generate final optimal strategy.
Step 12: Evaluate performance metrics.
3.9 Performance Evaluation Metrics
The effectiveness of the proposed framework is evaluated using:
Yield Efficiency
Measures improvement in crop production.
Water Usage Reduction
Measures irrigation efficiency.
Profit Improvement
Measures economic benefits.
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Mean Squared Error (MSE)
Evaluates prediction accuracy.
Root Mean Square Error (RMSE)
Measures prediction deviation.
Coefficient of Determination (R?)
Measures model goodness of fit.
These metrics collectively assess the performance of the proposed GA-DL-PSO framework.
4. EXPERIMENTAL SETUP
4.1 Experimental Environment
The proposed hybrid framework was implemented using Python programming language within the
Google Colab environment. Google Colab provides cloud-based computational resources suitable
for machine learning and optimization experiments.
Hardware Configuration
The experiments were conducted using:
e Processor: Intel Core 15/i7 equivalent cloud processor
« RAM:12GB
e Storage: Google Drive Cloud Storage
e GPU Support: NVIDIA Tesla T4 (Google Colab)
Software Configuration
The following software tools and libraries were utilized:

Software/Library | Purpose

Python 3.11 Programming Language

Google Colab Development Environment

Pandas Data Processing

NumPy Numerical Computation
TensorFlow/Keras | Deep Learning Model

PyGAD Genetic Algorithm

PySwarms Particle Swarm Optimization
Matplotlib Visualization

Scikit-Learn Data Preprocessing and Evaluation

4.2 Dataset Description
The experimental study utilized a synthetic agricultural dataset developed to simulate realistic farm-
ing scenarios across different irrigation systems.
The dataset contains 500 records and includes the following attributes:

Attribute Description

Soil Type Soil category

Temperature Environmental temperature (°C)
Humidity Relative humidity (%)

Rainfall Rainfall amount (mm)

Irrigation Type | Drip, Sprinkler, Flood
Water Usage Water consumption level

Crop Type Cultivated crop

Yield Crop production output
Profit Economic return
Season Cultivation season
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The dataset represents multiple agricultural conditions and crop combinations to support optimiza-
tion analysis.
4.3 Data Preprocessing
Prior to model training, the dataset was preprocessed to improve learning efficiency and prediction
accuracy.
The preprocessing steps include:
Data Cleaning
The dataset was inspected for inconsistencies and duplicate records.
Missing Value Handling
Missing values were identified and appropriately handled to maintain dataset quality.
Label Encoding
Categorical attributes such as:

e Soil Type

o [Irrigation_Type
e Crop Type

e Season

were converted into numerical representations using Label Encoding.
Feature Scaling
Standardization was applied using StandardScaler to normalize feature values.
Train-Test Split
The dataset was divided into:
e Training Data: 80%
e Testing Data: 20%
This partitioning ensured unbiased model evaluation.
4.4 Deep Learning Configuration
A feed-forward Artificial Neural Network was employed for crop yield prediction.
Network Architecture
Input Layer:
e 9 input features
Hidden Layer 1:
e 16 neurons
e ReLU activation
Hidden Layer 2:
e 16 neurons
e ReLU activation
Output Layer:
e 1 neuron (Yield Prediction)
Training Parameters

Parameter Value

Optimizer Adam

Loss Function Mean Squared Error
Epochs 100

Batch Size 32

Activation Function | ReLU

The model was trained to predict crop yield based on environmental and agricultural inputs.
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4.5 Genetic Algorithm Configuration
The Genetic Algorithm was used to generate optimal multicropping combinations.
GA Parameters

Parameter Value

Population Size 20

Number of Generations | 50

Parents Mating 4

Mutation Rate 20%

Selection Method Tournament Selection
Crossover Type Single Point

Chromosome Structure
Each chromosome represents crop allocation:
Chromosome = [Tomato, Maize, Cowpea, Sunflower]
The GA objective is to maximize:

e Crop Yield

e Economic Profit
while minimizing:

e Water Consumption

4.6 Particle Swarm Optimization Configuration

Particle Swarm Optimization was applied to improve the solutions obtained from the Genetic Algo-
rithm.
PSO Parameters

Parameter Value
Number of Particles 10
Dimensions 4
Iterations 50
Inertia Weight (w) 0.9
Cognitive Constant (c1) | 0.5
Social Constant (c2) 0.3

PSO was used to optimize:
o Water Allocation
e Resource Distribution
o Irrigation Efficiency
4.7 Hybrid GA-DL-PSO Workflow
The experimental workflow consists of the following stages:
Stage 1
Load and preprocess agricultural dataset.
Stage 2
Train Deep Learning model for crop yield prediction.
Stage 3
Generate predicted yield values.
Stage 4
Apply Genetic Algorithm using predicted yields within the fitness function.
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Stage 5
Obtain optimal crop combinations.
Stage 6
Initialize Particle Swarm Optimization using the best GA solution.
Stage 7
Perform resource allocation optimization.
Stage 8
Generate final multicropping strategy.
4.8 Evaluation Metrics
The proposed framework was evaluated using the following metrics.
Mean Squared Error (MSE)
Measures prediction error.
Root Mean Square Error (RMSE)
Measures deviation between predicted and actual yield values.
Coefficient of Determination (R?)
Measures prediction accuracy.
Yield Efficiency
Percentage improvement in crop production.
Water Usage Reduction
Percentage reduction in irrigation water consumption.
Profit Improvement
Percentage increase in economic return.
4.9 Comparative Analysis
The proposed hybrid model was compared with:
1. Traditional Farming Strategy
2. Genetic Algorithm (GA)
3. Genetic Algorithm + Deep Learning (GA-DL)
4. Proposed GA-DL-PSO Framework
Performance comparison was conducted based on:

e Yield
e Water Usage
e Profit

e Optimization Efficiency
The results demonstrate the effectiveness of integrating Deep Learning, Genetic Algorithm, and
Particle Swarm Optimization for intelligent multicropping optimization across irrigation systems.
5. RESULTS AND DISCUSSION
5.1 Overview of Experimental Results
The proposed hybrid framework integrating Deep Learning (DL), Genetic Algorithm (GA), and
Particle Swarm Optimization (PSO) was evaluated using a synthetic agricultural dataset consisting
of 500 records representing different crop, soil, irrigation, and environmental conditions.
The objective of the experiments was to investigate the effectiveness of the proposed model in:

o Predicting crop yield accurately.

e Generating optimal crop combinations.

o Improving irrigation efficiency.

e Maximizing agricultural profit.

e Reducing water consumption.
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The performance of the proposed GA-DL-PSO framework was compared with conventional
agricultural planning methods and standalone optimization techniques.
5.2 Deep Learning Yield Prediction Performance
The Deep Learning model was trained using agricultural parameters including soil type, temperature,
humidity, rainfall, irrigation type, water usage, crop type, and season.
During training, the model demonstrated continuous reduction in prediction loss, indicating
successful learning of relationships between environmental conditions and crop productivity.
Training Performance
The training loss decreased steadily over successive epochs, demonstrating effective convergence of
the neural network.
Observed outcomes include:

o Stable learning behavior.

e Reduced prediction error.

o Improved generalization capability.

e Accurate yield estimation.
Yield Prediction Accuracy
The Deep Learning model achieved satisfactory prediction performance, making it suitable for
integration with optimization algorithms.
The predicted yield values provided a reliable basis for subsequent crop optimization.
5.3 Genetic Algorithm Optimization Results
The Genetic Algorithm was employed to identify optimal crop allocation strategies.
The algorithm generated multiple candidate crop combinations and iteratively improved solution
quality through evolutionary operations including selection, crossover, and mutation.
Crop Combination Optimization
The optimization process successfully identified crop combinations that:

o Increased expected yield.

e Improved economic profit.

e Reduced resource wastage.

o Enhanced land utilization.
Fitness Improvement
A gradual increase in fitness values was observed across generations.
This indicates that the Genetic Algorithm effectively explored the solution space and converged
toward optimal crop allocation strategies.
The convergence behavior demonstrates the capability of GA to solve complex multicropping
optimization problems involving multiple objectives.
5.4 Particle Swarm Optimization Results
Particle Swarm Optimization was utilized to refine the solutions generated by the Genetic Algorithm.
PSO focused on optimizing:

o Water allocation.

e Resource utilization.

o [Irrigation efficiency.

e Crop distribution parameters.
Swarm Convergence
The particles progressively moved toward promising regions of the search space.
The optimization process resulted in:

e Reduced water consumption.
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o Improved irrigation efficiency.
e Better resource allocation.
e Increased overall fitness.
The rapid convergence of PSO highlights its suitability for agricultural optimization applications.
5.5 Hybrid GA-DL-PSO Performance Analysis
The integration of Deep Learning, Genetic Algorithm, and Particle Swarm Optimization produced
superior results compared with standalone techniques.
Role of Deep Learning
Deep Learning accurately predicted crop yield under different environmental conditions.
These predictions enabled optimization decisions to be based on data-driven insights rather than
static assumptions.
Role of Genetic Algorithm
The Genetic Algorithm generated optimized crop allocation strategies capable of improving
agricultural productivity and profitability.
Role of Particle Swarm Optimization
PSO further refined the GA-generated solutions by optimizing water utilization and irrigation
efficiency.
Integrated Performance
The combined framework demonstrated improved decision-making capabilities through the
interaction of prediction and optimization mechanisms.
The hybrid approach effectively balances:
e Yield maximization.
e Profit enhancement.
o Water conservation.
e Resource efficiency.
5.6 Comparative Analysis
The proposed framework was compared with alternative approaches.
Table 5.1 Performance Comparison

Method Yield Efficiency | Water Usage | Profit
Traditional Farming Low High Low
Genetic Algorithm Medium Medium Medium
GA + DL High Medium High
Proposed GA-DL-PSO | Very High Low Very High

The results clearly demonstrate that the proposed framework outperforms conventional methods.
The incorporation of Deep Learning improves prediction accuracy, while PSO enhances resource
allocation efficiency beyond what can be achieved using Genetic Algorithms alone.
5.7 Water Consumption Analysis
Water scarcity represents one of the most critical challenges in agriculture.
The PSO component successfully optimized irrigation-related decisions, resulting in substantial
reductions in water usage compared with traditional irrigation planning.
Benefits observed include:

e Improved irrigation scheduling.

e Reduced water wastage.

e Enhanced irrigation efficiency.

o Sustainable resource utilization.

700



Advanced Engineering Science

The results indicate that intelligent optimization techniques can contribute significantly to water
conservation in agricultural systems.
5.8 Profit Maximization Analysis
Economic sustainability is a primary objective of agricultural planning.
The proposed framework generated crop combinations that achieved higher profitability through:

o Improved yield prediction.

o Efficient crop allocation.

e Better resource management.

e Reduced operational costs.
The optimization process identified crop combinations that balanced production potential and
economic return, thereby maximizing farm profitability.
5.9 Discussion
The experimental findings demonstrate the effectiveness of combining prediction and optimization
techniques within a unified agricultural framework.
Unlike traditional approaches that rely on manual decision-making, the proposed system leverages
artificial intelligence to analyze environmental conditions and generate optimized agricultural
strategies.
The Deep Learning model provides predictive intelligence, enabling informed decision-making
based on expected crop performance.
The Genetic Algorithm efficiently explores alternative crop combinations and identifies high-quality
solutions.
Particle Swarm Optimization further enhances these solutions by refining irrigation and resource
allocation strategies.
The hybrid framework therefore provides a comprehensive approach for addressing the challenges
of multicropping optimization under varying irrigation conditions.
The experimental results confirm that integrating GA, DL, and PSO can significantly improve
agricultural productivity, water-use efficiency, and economic return.
5.10 Summary of Findings
The major findings of this research are summarized as follows:
Deep Learning accurately predicts crop yield using agricultural parameters.
Genetic Algorithm effectively optimizes multicropping combinations.
Particle Swarm Optimization improves irrigation efficiency and resource utilization.
The integrated GA-DL-PSO framework outperforms standalone approaches.
Water consumption is reduced while maintaining high productivity.
Agricultural profit is significantly improved.

7. The proposed system supports sustainable and intelligent farming practices.
These findings validate the effectiveness of the proposed hybrid optimization framework for
precision agriculture and multicropping management.

6. CONCLUSION
This research presented an intelligent hybrid optimization framework for multicropping strategy
optimization across irrigation systems using Deep Learning (DL), Genetic Algorithm (GA), and
Particle Swarm Optimization (PSO). The primary objective of the proposed framework was to
improve agricultural productivity while ensuring efficient utilization of water resources and
maximizing economic returns.
The study addressed the challenges associated with traditional agricultural planning methods, which
often rely on manual decision-making and lack the capability to handle complex interactions among
701
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crop selection, environmental conditions, irrigation practices, and resource constraints. By
integrating prediction and optimization techniques within a unified framework, the proposed system
provides a data-driven approach for intelligent agricultural decision-making.
A Deep Learning model was employed to predict crop yield based on agricultural and environmental
parameters such as soil type, temperature, humidity, rainfall, irrigation type, water usage, crop type,
and season. The predictive capability of the model enabled accurate estimation of crop productivity
under varying cultivation conditions.The Genetic Algorithm was utilized to generate optimal
multicropping combinations by evaluating multiple crop allocation strategies through evolutionary
operations. The optimization process successfully identified crop combinations that improved yield
and profitability while considering irrigation constraints and resource availability.Particle Swarm
Optimization further enhanced the optimization process by refining the solutions generated by the
Genetic Algorithm. PSO efficiently optimized water allocation, irrigation efficiency, and resource
utilization, resulting in improved agricultural performance and reduced water consumption.
Experimental evaluation conducted using a synthetic agricultural dataset demonstrated that the
proposed GA-DL-PSO framework outperformed traditional farming approaches and standalone
optimization techniques. The integrated framework achieved higher crop yield, better water-use
efficiency, improved resource allocation, and greater economic returns. The results confirm that
combining predictive intelligence with evolutionary and swarm-based optimization techniques can
significantly enhance agricultural decision-making.
The major contributions of this research are summarized as follows:

1. Development of a hybrid GA-DL-PSO framework for multicropping optimization.

2. Integration of crop yield prediction and resource optimization within a single decision-sup-
port system.
Improvement of irrigation efficiency through intelligent resource allocation.
Enhancement of crop productivity and farm profitability.
Support for sustainable agricultural practices under varying irrigation conditions.
Demonstration of the effectiveness of Artificial Intelligence techniques in precision agricul-
ture.
The proposed framework offers a scalable and adaptable solution for modern agricultural systems
and can assist farmers, agricultural planners, and policymakers in making informed decisions
regarding crop selection, irrigation management, and resource utilization.
Overall, the research demonstrates that intelligent optimization techniques can play a significant role
in achieving sustainable agriculture by balancing productivity, profitability, and environmental
conservation. The successful integration of Deep Learning, Genetic Algorithm, and Particle Swarm
Optimization establishes a strong foundation for future developments in Al-driven precision farming
and smart agricultural management systems.
7. FUTURE SCOPE
The proposed hybrid framework integrating Deep Learning (DL), Genetic Algorithm (GA), and
Particle Swarm Optimization (PSO) has demonstrated promising results in optimizing multicropping
strategies across irrigation systems. However, several opportunities exist for further enhancement
and real-world deployment.
7.1 Integration of Real Agricultural Datasets
The current study utilizes a synthetic agricultural dataset for model development and evaluation.
Future research can incorporate real-world datasets obtained from agricultural research institutions,
government agencies, and farming communities. The use of real agricultural data will improve model
reliability, robustness, and practical applicability.
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7.2 Validation Across Different Soil Types
The present work primarily focuses on clay soil conditions. Future studies can evaluate the proposed
framework across various soil types such as sandy soil, loamy soil, black soil, and red soil. Such
analysis will improve the generalizability of the optimization model and enable location-specific
crop recommendations.
7.3 Multi-Irrigation System Optimization
Although irrigation systems are considered in this research, future work can extend the framework
to simultaneously optimize multiple irrigation methods including drip, sprinkler, surface, and
subsurface irrigation systems. This would provide farmers with more comprehensive irrigation
management strategies.
7.4 Large-Scale Multicropping Optimization
The current framework focuses on a limited number of crop combinations. Future research can
expand the optimization process to include a larger number of crops and cropping patterns. This will
enhance the practical value of the system for large-scale agricultural operations.
7.5 Climate-Aware Agricultural Decision Support
Climate variability significantly influences agricultural productivity. Future versions of the proposed
framework can incorporate climate forecasting parameters such as temperature anomalies, drought
indicators, rainfall variability, and extreme weather events. This will enable climate-resilient crop
planning and sustainable farming practices.
7.6 Real-Time Agricultural Monitoring
Future implementations can integrate real-time monitoring systems that continuously collect
agricultural data. Dynamic optimization based on continuously updated environmental conditions
can improve decision-making accuracy and operational efficiency.
7.7 Advanced Deep Learning Architectures
The current study employs a feed-forward neural network for yield prediction. Future work may
investigate advanced architectures such as Long Short-Term Memory (LSTM), Gated Recurrent
Units (GRU), Transformer models, and hybrid deep learning frameworks for improved prediction
accuracy.
7.8 Enhanced Optimization Techniques
Although GA and PSO provide effective optimization capabilities, future research can explore other
optimization algorithms such as Differential Evolution (DE), Ant Colony Optimization (ACO), Grey
Wolf Optimization (GWO), Whale Optimization Algorithm (WOA), and hybrid metaheuristic
approaches. Comparative studies may reveal more efficient optimization strategies for agricultural
applications.
7.9 Multi-Objective Optimization Framework
Future studies can incorporate additional objectives such as:

e Minimization of fertilizer consumption.

e Reduction of production costs.

e Carbon footprint reduction.

e Soil health preservation.

o Sustainable water management.
A multi-objective optimization framework would provide balanced agricultural solutions
considering economic, environmental, and social factors.
7.10 Development of Farmer Decision Support Systems
The proposed model can be transformed into a practical decision-support platform accessible through
web and mobile applications. Farmers could receive crop recommendations, irrigation schedules,

703



Advanced Engineering Science

and profitability forecasts based on local environmental conditions.

7.11 Regional and National Scale Deployment

Future research can evaluate the scalability of the proposed framework across different geographical
regions and agro-climatic zones. Large-scale deployment can support government agencies and
agricultural planners in formulating sustainable farming policies and resource management
strategies.

7.12 Smart Agriculture Ecosystem

The long-term vision of this research is the development of a comprehensive smart agriculture
ecosystem where Artificial Intelligence continuously assists farmers in crop planning, irrigation
management, yield forecasting, and resource optimization. Such intelligent systems can contribute
significantly to food security, sustainable agriculture, and environmental conservation.

In summary, future enhancements involving real-world datasets, advanced prediction models,
expanded optimization capabilities, and large-scale deployment can further improve the
effectiveness of the proposed GA-DL-PSO framework and support the transition toward intelligent
and sustainable agricultural systems.
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