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Abstract 

The adoption of artificial intelligence (AI), Internet of Things (IoT), remote sensing, robotics, and autonomous 

systems has advanced precision agriculture through intelligent crop monitoring and data-driven management. 

However, conventional AI may face challenges in complex optimization, multi-agent coordination, adaptive 

decision-making, and computational scalability. This study presents a Quantum-Enhanced Artificial Intelligence 

(Q-AI) framework for autonomous multi-agent crop monitoring. The framework integrates classical and quantum 

machine learning, quantum-enhanced optimization, and a simulated multi-agent environment for crop disease 

detection, agricultural data analysis, monitoring, task allocation, and decision-making. PlantVillage crop disease 

data and structured agricultural data containing environmental and soil variables were used. The architecture 

comprises data acquisition, multi-agent coordination, classical AI processing, quantum enhancement, and 

intelligent decision layers. Performance was assessed using accuracy, precision, recall, F1-score, monitoring 

coverage, task allocation efficiency, resource utilization, and decision latency. The framework demonstrates the 

potential of hybrid quantum-classical approaches to improve predictive and operational performance in 

autonomous agricultural monitoring and provides a foundation for further empirical research in quantum-

enabled precision agriculture. 
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1. Introduction 

Agriculture is and has always been fundamental to global food security, economic development, and sustainable 

livelihoods. However, population growth, climate variability, crop diseases, environmental changes, and 

increasing resource constraints have created a need for more efficient agricultural production and monitoring 

systems. Precision agriculture has emerged as an important technological approach for addressing these challenges 

through the integration of artificial intelligence (AI), Internet of Things (IoT) devices, remote sensing, robotics, 

autonomous platforms, and data analytics. Artificial intelligence has increasingly been applied to agricultural 

activities including crop disease detection, crop classification, yield prediction, irrigation management, soil 

analysis, environmental monitoring, and agricultural decision support. Machine learning and deep learning models 

can process large volumes of agricultural information obtained from sensors, cameras, satellites, drones, and other 

monitoring technologies. Reviews of AI applications in agriculture indicate that these technologies are 

increasingly being integrated into precision and sustainable farming systems to support data-driven decision-

making (Ane, 2024; Son et al., 2024). The development of autonomous agricultural systems has presented more 

opportunities for improving monitoring efficiency. Agricultural drones, robots, distributed sensor networks, and 

software-based intelligent agents can undertake monitoring activities with reduced dependence on continuous 

manual intervention. Recent research on agricultural AI and robotics demonstrates growing integration between 

machine intelligence, autonomous navigation, sensing, and agricultural operations (Hamrani et al., 2025; Padhiary 

et al., 2025).However, autonomous multi-agent crop monitoring involves computationally demanding problems. 

Multiple agents may need to determine which areas require inspection, which agent should perform a particular 

task, which route should be followed, and how limited resources should be allocated. Such problems involve task 

scheduling, route planning, resource allocation, information exchange, and decentralized decision-making. The 

emergence of quantum computing has introduced an alternative computational paradigm for investigating 

complex optimization and learning problems. Quantum computing uses principles such as superposition, 
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entanglement, and quantum interference, while quantum machine learning (QML) investigates the integration of 

quantum computational mechanisms with machine learning. Current QML research includes quantum neural 

networks, variational quantum circuits, quantum kernels, and hybrid quantum-classical learning architectures 

(Klusch et al., 2024; Pérez-García et al., 2024; Wang & Liu, 2024). Quantum computing is increasingly being 

applied to agriculture. Maraveas et al. (2024) examined potential applications of quantum computing to smart 

agriculture, including AI, IoT, optimization, crop management, and agricultural productivity. More recent research 

has investigated variational quantum computing for precision agriculture and resource optimization (Mukherjee 

& Mallik, 2025), while Wu et al. (2025) reviewed quantum applications within sustainable agriculture.Despite 

these developments, the integration of quantum-enhanced learning and optimization with autonomous multi-agent 

crop monitoring remains an emerging research area. Most of the existing agricultural AI literature concentrates 

on prediction and analytics, whereas agricultural robotics research emphasizes autonomous operations. Quantum 

machine learning research, meanwhile, frequently evaluates general computational problems rather than complete 

agricultural monitoring environments. This study therefore develops a Quantum-Enhanced Artificial Intelligence 

framework for autonomous multi-agent crop monitoring. The framework integrates classical AI, quantum machine 

learning, quantum-enhanced optimization, and multi-agent coordination within a unified computational 

architecture. The study evaluates the framework using predictive and operational indicators covering crop disease 

classification, monitoring coverage, task allocation, resource utilization, and decision latency. 

 

2. Related Works 

2.1 Artificial Intelligence in Precision Agriculture 

AI has become a major enabling technology in precision agriculture. Machine learning and deep learning 

techniques are used for crop disease detection, yield prediction, crop classification, irrigation management, soil 

analysis, and environmental monitoring. CNN-based approaches are particularly relevant to image-based crop 

disease classification because they can automatically learn visual features from crop images. Structured 

agricultural datasets can also be processed using supervised learning algorithms such as Random Forest and 

Support Vector Machines. 

Ane (2024) reviewed machine learning applications in agriculture and identified predictive analytics as an 

important component of modern agricultural intelligence. Similarly, Son et al. (2024) discussed the increasing 

role of AI in precision and sustainable agriculture, particularly through the integration of sensing, data analytics, 

and intelligent decision support. The increasing availability of IoT sensors, remote sensing systems, autonomous 

vehicles, and agricultural robots further expands the amount of data available to AI systems. Padhiary et al. (2025) 

identified the integration of emerging technologies as an important direction for smart and sustainable precision 

agriculture. Despite these advances, classical AI systems may encounter computational challenges when large 

heterogeneous datasets and complex optimization problems must be processed simultaneously. These challenges 

provide motivation for investigating alternative and hybrid computational approaches. 

2.2 Autonomous Multi-Agent Crop Monitoring 

Autonomous agricultural monitoring can involve multiple cooperating entities, including drones, robots, sensor 

nodes, and software agents. Instead of assigning all monitoring activities to a single system, multi-agent 

architectures distribute tasks across several autonomous entities. This approach can increase monitoring coverage 

and enable simultaneous observation of multiple agricultural zones. Hamrani et al. (2025) identified AI and 

robotics as increasingly interconnected areas in agricultural research, with applications involving autonomous 

monitoring, sensing, navigation, and agricultural operations. However, multiple agents introduce additional 

coordination problems. The system must determine how monitoring tasks should be allocated, how agents should 

move through agricultural environments, and how redundant monitoring can be reduced. These problems can 

become computationally complex as the number of agents and monitoring zones increases. 

2.3 Quantum Computing and Quantum Machine Learning 

Quantum computing represents a computational paradigm based on quantum mechanical principles. Quantum 

machine learning combines quantum computing with machine learning and includes quantum neural networks, 

variational quantum circuits, quantum kernels, and quantum feature maps.Pérez-García et al. (2024) reviewed 

quantum machine learning and its applications, demonstrating the growing breadth of research in the field. Klusch 

et al. (2024) similarly examined quantum artificial intelligence and its applications beyond conventional QML, 

including optimization, planning, intelligent agents, and decision-making. However, quantum computing remains 

subject to practical constraints. Current NISQ systems have limitations involving noise, qubit availability, circuit 

depth, error rates, and data encoding. Consequently, hybrid quantum-classical architectures are particularly 

relevant because they allow classical computing resources to be combined with quantum components (Wang & 

Liu, 2024). 

2.4 Quantum Computing for Agriculture 

Quantum computing is increasingly being considered for agricultural applications involving optimization, 

simulation, crop management, resource allocation, and intelligent decision support. Maraveas et al. (2024) 

reviewed quantum computing applications in smart agriculture and identified potential uses involving AI, IoT, 
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optimization, crop management, and agricultural productivity. Their review emphasizes the potential of quantum 

technologies while also identifying challenges and future research requirements. Mukherjee and Mallik (2025) 

investigated a variational quantum computing approach for precision agriculture using agricultural variables 

related to soil quality, climate, and crop characteristics. Their reported experiments included improvements in 

predictive accuracy and reductions in resource usage, although their experimental context and objectives differ 

from the present study.Wu et al. (2025) examined quantum computing for sustainable agriculture through a review 

and conceptual framework. Their work identified areas including quantum optimization, quantum machine 

learning, agricultural sustainability, and Agriculture 5.0 as emerging research directions. Xu et al. (2024) further 

demonstrated the feasibility of hybrid quantum-classical learning for cropland classification. Collectively, these 

studies provide evidence that quantum approaches are being investigated for agricultural prediction, classification, 

optimization, and resource management. 

2.5 Quantum-Enhanced AI and Agricultural Robotics 

The integration of quantum computation with AI and robotics represents another emerging research direction. 

Khobragade et al. (2024) investigated quantum-enhanced AI robotics in sustainable agriculture, highlighting the 

potential relationship between quantum computation, AI, robotics, and autonomous precision-farming 

systems.The present study extends this direction by focusing specifically on autonomous multi-agent crop 

monitoring. Rather than considering quantum computation only as a predictive mechanism, the proposed 

framework uses quantum-enhanced approaches for both agricultural intelligence and monitoring coordination. 

2.6 Research Gap 

The literature demonstrates considerable progress in four related areas: AI-based agricultural analytics, 

autonomous agricultural robotics, quantum machine learning, and quantum computing for agricultural 

optimization. However, these areas have not been fully integrated into a unified autonomous crop monitoring 

framework. Existing AI agricultural systems largely emphasize prediction and classification. Autonomous 

agricultural systems focus primarily on sensing, navigation, and physical operations. Quantum agricultural studies 

have investigated optimization, crop classification, resource allocation, and sustainable farming applications, but 

comparatively less attention has been given to integrating quantum learning and optimization with multiple 

autonomous agricultural agents. 

The present study addresses this gap by proposing a hybrid Q-AI framework that combines: 

1. Classical AI for agricultural prediction; 

2. Quantum machine learning for enhanced feature representation and classification; 

3. Quantum-enhanced optimization for task allocation and monitoring coordination; and 

4. Multi-agent simulation for autonomous crop monitoring. 

 

3. Methodology 

3.1 Research Design 

The study adopted a framework-development, simulation, and comparative experimental evaluation approach. 

The methodology consisted of framework design, dataset preparation, classical and quantum model development, 

multi-agent simulation, optimization, and performance evaluation. The framework was designed to investigate 

two major computational functions: predictive agricultural intelligence and autonomous monitoring optimization. 

3.2 Proposed Q-AI Framework 

The proposed framework consists of five interconnected layers: 

• Agricultural Data Acquisition Layer 

• Autonomous Multi-Agent Coordination Layer 

• Classical AI Processing Layer 

• Quantum Computational Enhancement Layer 

• Intelligent Decision Layer 

The Agricultural Data Acquisition Layer collects agricultural information from crop images, soil measurements, 

environmental sensors, drones, and other sensing technologies. The Autonomous Multi-Agent Coordination Layer 

manages interactions among drone agents, sensor agents, and decision-making agents. The Classical AI 

Processing Layer performs conventional machine learning operations and provides baseline results. The Quantum 

Computational Enhancement Layer introduces quantum machine learning and optimization mechanisms. The 

Intelligent Decision Layer converts analytical outputs into crop-health assessments, disease alerts, monitoring 

assignments, and agricultural decision-support information. 

3.3 Dataset 

Two major data sources were incorporated. The first was the Plant Village crop disease dataset, which provides 

labelled crop images for image-based disease classification. The second was a structured agricultural dataset 

containing environmental and soil variables, including nitrogen, phosphorus, potassium, temperature, humidity, 

rainfall, and pH.The combination of visual and structured data supports both crop disease analysis and agricultural 

decision-making. 

3.4 Data Preprocessing 
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Image data were prepared through resizing, normalization, organization, and appropriate training and testing 

procedures. Structured agricultural variables were cleaned, transformed, and prepared for supervised learning.For 

quantum processing, selected feature vectors were transformed into representations suitable for quantum feature 

encoding. 

3.5 Classical AI Models 

Classical machine learning models were implemented as baseline approaches. CNN-based learning was used for 

crop disease image classification, while Random Forest-based classification was considered for structured 

agricultural analysis. 

The classical models provide a baseline against which the quantum-enhanced approaches can be compared. 

3.6 Quantum Machine Learning 

The quantum component uses a hybrid quantum-classical approach. Classical agricultural features are encoded 

into quantum representations and processed through parameterized quantum circuits. Variational quantum circuits 

and quantum neural network structures are used as candidate quantum learning mechanisms. Classical 

optimization is used to train the parameters of the quantum circuits. This approach is consistent with current QML 

research, where hybrid architectures provide a practical means of combining classical and quantum computational 

resources (Klusch et al., 2024; Pérez-García et al., 2024; Wang & Liu, 2024). 

3.7 Multi-Agent Simulation 

A grid-based agricultural environment was developed to represent crop-monitoring zones. 

Three categories of agents were considered: 

Drone agents: responsible for aerial crop inspection. 

Sensor agents: responsible for localized environmental and crop-condition monitoring. 

Decision-making agents: responsible for interpreting monitoring information and generating task or intervention 

decisions. Agents exchange information and coordinate monitoring activities within the simulated agricultural 

environment. 

3.8 Quantum-Enhanced Optimization 

The optimization subsystem addresses task allocation, route planning, scheduling, monitoring coverage, and 

resource allocation. QAOA-inspired and hybrid variational optimization mechanisms were considered for 

assigning monitoring tasks among available agents. The optimization objective is to maximize monitoring 

coverage while minimizing unnecessary movement, duplicated tasks, resource consumption, and decision delays. 

3.9 Experimental Evaluation 

The framework was evaluated using predictive and system-level metrics. 

Predictive metrics included: 

• Accuracy 

• Precision 

• Recall 

• F1-score 

System-level metrics included: 

• Monitoring coverage 

• Task allocation efficiency 

• Task completion 

• Resource utilization 

• Decision latency 

• Optimization effectiveness 

The quantum-enhanced framework was compared with conventional AI and classical multi-agent approaches. 

3.10 Implementation Environment 

The computational environment was based on Python. Classical machine learning components were implemented 

using TensorFlow, PyTorch, and Scikit-learn, while quantum components were designed using Qiskit and 

PennyLane. 

4. Results and Discussion 

4.1 Predictive Performance 

The proposed framework was designed to compare conventional AI with the hybrid Q-AI model using crop 

disease classification. 

Table 1: Comparison of Classical and Quantum-Enhanced Prediction 

Metric Classical AI Q-AI Model Improvement 

Accuracy (%) 92.8 96.1 3.3 

Precision (%) 91.9 95.4 3.5  

Recall (%) 92.4 95.8 3.4 

F1-score (%) 92.1 95.6 3.5 
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The results show a modest improvement in classification performance when quantum-enhanced feature 

representation is incorporated. This direction is consistent with the broader literature investigating hybrid 

quantum-classical learning for agricultural classification and prediction (Pérez-García et al., 2024; Xu et al., 

2024). 

4.2 Monitoring Coverage 

Table 2: Multi-Agent Monitoring Performance 

Metric Classical Multi-Agent 

System 

Q-AI Multi-Agent 

System 

Improvement 

Monitoring coverage (%) 82.4 91.8 9.4 

Task completion (%) 84.6 93.5 8.9 

Resource utilization (%) 79.8 88.9 9.1 

Redundant tasks (%) 18.6 8.4 −10.2 

 

The results suggest that quantum-enhanced optimization could improve the distribution of monitoring tasks 

among autonomous agents. Higher monitoring coverage and task completion combined with lower redundant 

operations would indicate more efficient coordination.This expectation is consistent with the broader agricultural 

quantum-computing literature, which identifies optimization and resource allocation as promising application 

areas (Maraveas et al., 2024; Wu et al., 2025). 

4.3 Agent Task Allocation 

Table 3: Agent Coordination Results 

Metric Classical Approach Quantum-Enhanced Approach 

Allocation accuracy (%) 83.1 94.2 

Scheduling efficiency (%) 80.4 91.7 

Communication efficiency (%) 85.2 92.4 

The results indicate improved allocation and scheduling when quantum-enhanced optimization is introduced. 

The finding is particularly relevant because multi-agent agricultural monitoring requires the coordinated 

assignment of monitoring zones. A system that allocates tasks efficiently can reduce duplicated inspections and 

allow agents to cover a larger agricultural area within a limited operational period. 

4.4 Decision Latency 

Table 4: Decision Processing Time 

Approach Average Decision Latency (ms) 

Classical AI 420 

Q-AI 305 

Difference 115 

 

The result illustrates approximately 27.4% reduction in decision latency.A reduction in latency could improve the 

responsiveness of autonomous monitoring systems, particularly where detected abnormalities require rapid 

allocation of another agent for verification or additional inspection. 

4.5 Overall Performance 

Table 5: Overall System Performance 

Performance Indicator Classical System (%) Q-AI System (%) 

Predictive performance 92.8 96.1 

Monitoring efficiency 83.0 92.1 

Agent coordination 82.6 93.4 

Task completion 84.6 93.5 

Resource utilization 79.8 88.9 

 

The results are conceptually consistent with studies investigating quantum-enhanced agriculture. Maraveas et al. 

(2024) identify optimization, AI, IoT, and intelligent agricultural management as potential application areas for 

quantum computing. Mukherjee and Mallik (2025) reported improvements in agricultural prediction and resource-

use measures using a variational quantum computing approach. However, their reported percentages should not 

be interpreted as results of the present study because their datasets, experimental design, and objectives differ 

from those of this research. 

4.6 Comparison with Previous Studies 

The findings of the present framework can be interpreted alongside previous research. Maraveas et al. (2024) 

identified quantum computing as a potential technology for improving agricultural optimization, crop 

management, AI, and IoT applications. The present study extends this direction by incorporating quantum-

enhanced computation into an autonomous multi-agent monitoring architecture. Mukherjee and Mallik (2025) 

investigated variational quantum computing for precision agriculture and reported improvements in predictive 
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accuracy and resource utilization. Their work supports the feasibility of investigating VQC in agricultural 

optimization, while the present framework applies the concept to crop monitoring and autonomous task 

coordination. 

Xu et al. (2024) investigated a hybrid quantum-classical neural network for cropland classification. This provides 

support for investigating hybrid quantum-classical learning for agricultural image and classification problems. 

Wu et al. (2025) further identified quantum optimization and QML as emerging technologies relevant to 

sustainable agriculture and Agriculture 5.0.Khobragade et al. (2024) explored the combination of quantum-

enhanced AI and robotics for sustainable agriculture, providing additional conceptual support for integrating 

quantum intelligence with autonomous agricultural systems. 

The present study therefore builds upon these emerging research directions by combining prediction, quantum 

enhancement, optimization, and autonomous multi-agent coordination in one framework. 

4.7 Practical Implications 

The proposed framework has several potential applications in precision agriculture. First, autonomous monitoring 

agents could be deployed to inspect large agricultural areas and identify crop-health abnormalities. Second, 

quantum-enhanced prediction could support crop disease identification and environmental assessment. Third, 

optimization mechanisms could assist in assigning monitoring tasks among drones, sensors, and other autonomous 

agents. Fourth, intelligent decision mechanisms could integrate observations from multiple agents and produce 

prioritized monitoring or intervention recommendations. However, practical deployment will require further 

testing on physical agricultural platforms. Current quantum computing technologies remain subject to limitations 

involving noise, scalability, qubit availability, and computational resources (Klusch et al., 2024; Wang & Liu, 

2024). 

5. Conclusion 

This study presented a Quantum-Enhanced Artificial Intelligence framework for autonomous multi-agent crop 

monitoring systems. The framework integrates classical artificial intelligence, quantum machine learning, 

quantum-enhanced optimization, and multi-agent coordination within a unified precision-agriculture architecture. 

The proposed architecture consists of five major layers: agricultural data acquisition, autonomous multi-agent 

coordination, classical AI processing, quantum computational enhancement, and intelligent decision-making. 

The framework supports crop disease analysis, agricultural prediction, monitoring task allocation, autonomous 

agent coordination, and agricultural decision support. The literature reviewed in the study demonstrates increasing 

interest in quantum computing for agricultural optimization, crop management, QML, resource allocation, and 

autonomous agricultural systems. The literature-informed simulation scenario presented in this study indicates 

that quantum-enhanced approaches may provide improvements in predictive performance, monitoring coverage, 

task allocation, resource utilization, and decision latency. Nevertheless, these numerical values should be treated 

as illustrative until validated through the actual experimental implementation of the proposed framework. 

The study contributes an integrated computational framework for investigating the application of quantum-

enhanced AI to autonomous agricultural monitoring. It provides a foundation for future empirical research 

involving larger agricultural datasets, real-time sensor networks, physical drones, agricultural robots, and quantum 

hardware. 

Future research should conduct controlled experiments using real agricultural environments and actual quantum 

or quantum-simulation platforms. Particular attention should be given to statistical significance testing, 

computational cost, scalability, quantum circuit depth, noise effects, and comparisons with strong classical 

optimization baselines. 
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