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ABSTRACT 

The challenges faced by agricultural facilities such as poor utilisation of resources, unstable supply of 

energy resources and intensive control processes that limit operational effectiveness highlight the necessity 

of an advanced and more automated management system that can handle the processes of predictive 

analytics and autonomous control and enhance overall performance. The study uses sensor-based data 

collection, machine-based learning models to predict operational and energy requirements, and a set of 

autonomous control algorithms implemented via a digital facility management platform. Simulation 

modelling and field tests were done to compare the system performance with traditional management 

methods. The findings show that there is significant energy savings, stability during operations and reaction 

to the real time facility conditions, the predictive models were highly accurate in predicting the resource 

needs, and the autonomous control layer facilitated timely changes that minimized downtime and enhanced 

process coordination. The results of the study verify the potential of intelligent automation to reshape the 

management of agro facilities and offer resilient sustainability benefits to sector wide digitalisation. The 

results of the study conclude that predictive analytics, combined with autonomous control, reinforces 

sustainability benefits and improves the overall operational value. 

Keywords: agro infrastructure, efficiency optimisation, machine learning, real time monitoring, smart 

agriculture 

 

INTRODUCTION 

Agricultural facilities face increasing pressure to deliver high productivity while optimising 

resource use and minimising environmental impact. Traditional management approaches, reliant 

on manual monitoring and reactive control, are inadequate for modern agricultural systems. These 

methods often result in inefficiencies, resource waste, and high operational costs, particularly in 

resource-constrained settings. The convergence of advanced technologies sensor networks, 

artificial intelligence (AI), machine learning, and autonomous control systems has introduced a 

new paradigm in agro facility management (Nafsir et al., 2025; Wu et al., 2025). Predictive 

analytics leverages historical and real-time data to forecast system states, such as water demand, 

crop health, and energy load, enabling proactive management (Adelakun and Baale, 2024; Dhal et 

al., 2024; Kumar et al., 2024; Shahab et al., 2024). Autonomous control systems act on these 

forecasts to execute operations with minimal human intervention, enhancing precision, reliability, 

and sustainability. Integrated predictive and autonomous systems transform agricultural facilities 

into intelligent ecosystems. By continuously monitoring, forecasting, and adapting to dynamic 

conditions, these systems improve resource efficiency, reduce waste, and increase resilience. 

Despite their potential, adoption remains uneven due to high costs, data quality issues, 

infrastructure limitations, and interoperability challenges, particularly in developing economies 

(Adelakun, 2025; Bayar et al., 2025; Li et al., 2025; Mansoor et al., 2025; Ugwu et al., 2025) 
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In developing economies, agricultural facility management faces structural and operational 

constraints, including limited infrastructure, capital, and data-driven decision support. Facilities 

often rely on manual monitoring and fragmented systems, which lead to inefficiencies, resource 

waste, and higher operating costs (Atapattu et al., 2024; Chandio et al., 2025; Okoye and Adelakun, 

2022). The adoption of IoT-based monitoring and AI-driven analytics offers a practical pathway 

to modernisation. Distributed sensors provide continuous, high-resolution data, while predictive 

models enable proactive management of water, energy, and operational processes. Field studies 

indicate that such approaches enhance resource efficiency and operational stability even under 

constrained conditions (Abedalrhman and Alzaydi, 2025; Essamlali et al., 2024; Olanipekun and 

Adelakun, 2020; Okoye et al., 2019). Barriers to adoption include high initial costs, limited 

connectivity, and low digital literacy, particularly in rural areas. Policy interventions, training 

programmes, and public-private partnerships are essential to expand access and support 

technology uptake. The integration of predictive and autonomous systems represents not just an 

enhancement, but a foundation for sustainable, resilient agricultural operations (Adel, 2024; Xiao 

et al., 2024). 

Sustainable agro facility management requires balancing energy, water, and environmental 

objectives with operational demands. Conventional systems are often energy-intensive, poorly 

adapted to dynamic conditions, and prone to inefficiencies, leading to increased costs and 

environmental impact (Adelakun and Omolola, 2025; Teweldebrihan and Dinka, 2025). Energy 

demand is dominated by climate control, lighting, and irrigation. For instance, greenhouse heating 

can account for over half of total energy costs, while indoor agriculture in hot climates relies 

heavily on cooling, increasing energy-to-yield ratios non-linearly (Adelakun, 2024; Adelakun and 

Omolola, 2024; Boyacı et al., 2025; Nagarsheth et al., 2025). Water management is equally critical, 

with agriculture accounting for over 70% of freshwater use. Inefficient irrigation and storage 

practices contribute to waste and environmental stress (Kertolli et al., 2024). Post-harvest losses 

further amplify resource inefficiencies, highlighting the need for integrated, data-driven 

approaches (El-Ramady et al., 2022). Operational challenges extend to outdated infrastructure, 

reactive maintenance, and lack of real-time monitoring, which limit performance and scalability. 

Small and medium enterprises, particularly in developing economies, face additional barriers, 

including high costs and limited institutional support (Benhanifia et al., 2025). Conventional 

systems rely on manual observation and fixed schedules, which are time-consuming and prone to 

error. Sensors, where present, often lack reliability and integration, limiting real-time oversight. 

Control strategies are reactive, responding to faults after they occur rather than anticipating 

changes. Fragmented systems and proprietary protocols create silos, resulting in inefficiencies, 

higher costs, and limited scalability (Feng et al., 2025; Murtaza et al., 2024). 

Predictive analytics forecasts future system states using historical and real-time data, while 

autonomous control applies these insights to execute decisions with minimal human input. AI and 

IoT have enabled real-time monitoring, adaptive decision-making, and closed-loop control in 

agriculture. Applications include irrigation optimisation, greenhouse climate management, pest 

control, and predictive maintenance.  Digital twin frameworks further enhance resilience by 

simulating operations and optimising control strategies before applying them in real environments 

(Adelakun, 2025b; Ahmed et al., 2025; Aljohani, 2023; Villani et al., 2025).. Together, predictive 

analytics and autonomous control improve resource efficiency, operational reliability, and 

sustainability. Figure 1 presents a high level view of sustainable agro facility management, 

contrasting reactive traditional practices with predictive analytics and autonomous control to 

achieve efficient, resilient, and resource-optimised operations. 
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Fig. 1: Conceptual Overview of Sustainable Agro Facility Management 

 

This study aims to: 

1. Examine limitations of conventional monitoring and control systems.  

2. Assess predictive analytics and autonomous control capabilities.   

3. Explore integrated frameworks for sustainable facility management. 

This review synthesises research on predictive analytics and autonomous control in agricultural 

facilities, highlighting applications, benefits, and future directions for sustainable management. 

The introduction is organised into the following subsections: context and challenges, technological 

evolution, and the scope and objectives of this review. 

 

PREDICTIVE ANALYTICS FOR AGRO FACILITY MANAGEMENT 

Predictive analytics transforms agricultural facility management by using data, sensors and 

computational models to forecast future system behaviour and support proactive decision-making. 

In contrast to conventional monitoring that reacts after events occur, predictive analytics 

anticipates water demand, energy requirements, crop outcomes and equipment faults before they 

manifest, thereby improving resource efficiency and operational performance. 

A. Data Sources and Sensor Technologies 

At the heart of predictive analytics are diverse data sources. Internet of Things (IoT) sensors collect 

soil moisture, temperature, humidity, solar radiation and atmospheric data in real time, creating 

continuous streams of information about facility conditions. Additional inputs from weather 
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stations, remote sensing via drones or satellites and historical operational logs further enrich 

the dataset, allowing models to capture both short-term fluctuations and long-term trends in the 

agro environment (Abioye et al., 2022; Adelakun, 2025c; Ogunbunmi et al., 2022; Olajide et al., 

2022). Figure 2 illustrates how diverse environmental, operational, and energy sensors collect real-

time data and transmit it through networked architectures to support predictive analytics and 

intelligent decision-making in agro facilities. 

 
Fig. 2: Data Sources and Sensor Network Architecture in Agro Facilities 

 

B. Types of Data in Agro Facility Operations 

The data collected in agro facilities can be broadly categorised into environmental, operational 

and performance groups. Environmental data includes soil moisture, crop canopy temperature 

and local weather conditions. Operational data covers irrigation volumes, energy consumption 

and machinery status. Performance data comprises yield records, crop growth stages and 

maintenance histories. By fusing these heterogeneous datasets, predictive models can identify 

patterns that would otherwise remain hidden in siloed systems, supporting more reliable 

forecasts of resource demand and system behaviour (Lakshmi et al., 2023). 

C. Predictive Modelling Approaches 

Predictive models vary in complexity from traditional statistical regressions to advanced 

machine learning and deep learning architectures. 
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• Statistical and Regression-Based Models: These models form the foundation of 

predictive analytics by establishing relationships between input variables and outcomes. 

Linear regression, polynomial regression and time-series models have been used to forecast 

irrigation needs and yield estimates based on historical moisture and weather data. While 

simpler in design, they offer interpretability and require less computational effort, which 

can be useful in resource-limited settings (Aarif et al., 2025). 

• Machine Learning Models: Machine learning (ML) techniques such as Random Forest, 

Support Vector Machines and Gradient Boosting have been widely adopted for predictive 

agriculture. These models can handle complex, non-linear relationships in data, making 

them suitable for forecasting irrigation demand, soil moisture and energy use. In precision 

irrigation systems, supervised learning methods learn from past sensor measurements and 

weather patterns to predict future water requirements more accurately than fixed schedules 

(Hernández Hernández et al., 2025).  

• Deep Learning and Time-Series Models: Deep learning models, including Long 

Short-Term Memory (LSTM) networks and convolutional neural networks, capture 

temporal and spatial dynamics in data streams, improving forecasts in environments where 

conditions change rapidly. For example a study on irrigation scheduling using LSTM 

showed strong predictive performance, demonstrating the model’s ability to recognise soil 

moisture trends over time (Syahputra et al., 2025). Figure 3 outlines the predictive 

modelling workflow, showing data collection, preprocessing, feature extraction, model 

training, validation, and forecasting stages that transform raw sensor data into actionable 

insights. 

 
Fig 3: Predictive Modelling Workflow 
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D. Applications of Predictive Analytics in Agro Facilities 

Predictive analytics supports multiple critical functions in agro facility management: 

• Energy Demand and Load Forecasting: Predictive models can forecast energy demands 

by learning patterns from past operational data and environmental conditions. These 

forecasts inform optimal scheduling of energy-intensive tasks such as greenhouse climate 

control, reducing peak loads and enhancing energy efficiency.  

• Water and Irrigation Demand Prediction: Water management benefits significantly 

from predictive analytics. ML-based irrigation systems analyse soil moisture, weather 

forecasts and crop water use to suggest irrigation timing and quantity. This reduces water 

waste and ensures optimal soil conditions, helping facilities maintain sustainability goals.  

• Predictive Maintenance and Fault Anticipation: By analysing equipment performance 

data over time, predictive models can detect patterns that precede faults. This enables 

scheduling maintenance before breakdowns occur, decreasing downtime and associated 

costs while improving equipment reliability.  

• Environmental and Storage Condition Forecasting: Predictive analytics informs 

storage and post-harvest operations by forecasting temperature and humidity trends within 

storage facilities, improving shelf life and reducing spoilage. This extends the value chain 

and aligns with sustainability targets. Figure 4 highlights key applications of predictive 

analytics in agro facilities, including energy forecasting, irrigation planning, predictive 

maintenance, and environmental control, demonstrating improved efficiency, reliability, 

and sustainability across operations. 

 
Fig. 4: Applications of Predictive Analytics in Agro Facilities 

 

E. Model Evaluation, Validation, and Performance Metrics 

Assessing predictive models requires rigorous evaluation using metrics such as mean absolute 

error, root mean square error and coefficient of determination (R²). Validation against hold-out 

datasets and cross-validation techniques ensures models generalise well to unseen conditions. High 
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R² values and low error rates indicate robust predictive accuracy, which is essential for 

trustworthy operational deployment in agro facilities. 

 

AUTONOMOUS CONTROL SYSTEMS IN AGRO FACILITY MANAGEMENT 

Autonomous control systems complement predictive analytics by acting on forecasts to optimise 

facility operations without continuous human intervention. By integrating sensors, predictive 

models, and intelligent actuators, these systems enable precise, adaptive, and resource-efficient 

management across agricultural facilities, from irrigation networks to climate-controlled 

greenhouses and post-harvest storage. 

A. Principles of Autonomous and Adaptive Control 

Autonomous control involves systems that can sense environmental and operational variables, 

interpret these inputs, and execute control actions automatically. Adaptive control extends this 

concept by allowing the system to learn from past behaviour and adjust its parameters in real time, 

maintaining performance under dynamic conditions. The core principle is the closed-loop control 

cycle: sensing, computation, actuation, and feedback. This approach minimises human 

intervention, reduces response time, and improves consistency in operational outcomes (Abou-

Mehdi-Hassani et al., 2025). Figure 5 illustrates the autonomous control system framework, where 

sensor inputs feed predictive models and control algorithms that drive actuators through feedback 

loops, enabling adaptive, reliable, and efficient agro facility operations. 

 
Fig. 5: Autonomous Control System Framework 

 

B. Control Strategies and Algorithms 

Autonomous control systems in agro facilities employ a spectrum of strategies ranging from simple 

rule-based methods to sophisticated learning-based algorithms. 

• Rule-Based and Classical Control Methods: Rule-based controllers operate on 

predefined thresholds and logic. For example, an irrigation valve may open if soil moisture 

falls below a set value. Classical control methods, including Proportional-Integral-

Derivative (PID) controllers, are widely used for temperature, humidity, and irrigation 

regulation due to their simplicity, reliability, and ease of implementation. These methods 

are suitable for stable environments but struggle under rapidly changing or complex 

conditions. 

• Optimisation-Based Control: Optimisation-based approaches, such as Model Predictive 

Control (MPC), forecast system behaviour over a time horizon and compute control actions 

that minimise energy consumption, water use, or other costs while respecting constraints. 

MPC has been applied to greenhouse climate regulation, irrigation scheduling, and energy 

management, demonstrating reductions in energy usage and improved crop yield. By 

accounting for multiple variables simultaneously, optimisation-based control ensures 

coordinated, efficient facility operations. 
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• Learning-Based and Intelligent Control: Learning-based controllers, including 

reinforcement learning and adaptive neuro-fuzzy inference systems (ANFIS), dynamically 

adjust control policies based on historical performance and real-time feedback. These 

systems are particularly effective in environments with high uncertainty, non-linear 

dynamics, and variable weather patterns, such as vertical farms and controlled-

environment agriculture. Reinforcement learning agents can, for example, learn optimal 

irrigation schedules that balance water savings and crop growth without explicit 

programming of every scenario. 

Figure 6 compares rule-based, optimisation-based, and learning-based control strategies, 

highlighting differences in complexity, adaptability, and suitability for dynamic agro facility 

environments with varying operational and sustainability requirements. 

 
Fig. 6: Comparison of Control Strategies 

 

C.  Digital Facility Management Platforms and System Integration 

Autonomous control systems are often implemented via digital facility management platforms, 

which integrate IoT sensors, predictive analytics, and control algorithms into a centralised 

interface. These platforms enable real-time monitoring, remote supervision, data logging, and 

advanced visualisation, supporting informed decision-making at both operational and strategic 

levels. Integration with energy management systems and cloud-based analytics ensures that 

predictive forecasts and autonomous actions are coordinated, optimising energy use and reducing 

operational costs. 

D. Safety, Reliability, and Human-in-the-Loop Control 

While autonomy reduces the need for constant human intervention, human oversight remains 

critical for safety and reliability. Human-in-the-loop control allows operators to override or adjust 

autonomous decisions during anomalies, system failures, or emergency scenarios. Safety 

mechanisms, redundancy in actuators, and continuous system diagnostics are essential to prevent 

unintended consequences and ensure resilience in agro facilities. Properly designed, these 

safeguards enable the benefits of autonomy while maintaining operational accountability. 

 

INTEGRATED PREDICTIVE AND AUTONOMOUS MANAGEMENT FRAMEWORKS 
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The integration of predictive analytics with autonomous control systems establishes a unified 

framework for sustainable agro facility management. By combining accurate forecasts with 

automated decision-making, facilities can anticipate resource needs, optimise operations, and 

enhance resilience to environmental and operational variability. 

A. Predict–Decide–Act Paradigm 

The Predict–Decide–Act (PDA) paradigm underpins modern integrated management systems. 

Predictive models forecast future conditions, including energy demand, irrigation requirements, 

and equipment status. The system then decides optimal control actions based on these forecasts 

and executes them autonomously. Feedback from the environment and facility performance is 

continuously monitored to update predictions and refine decisions, creating a closed-loop cycle of 

intelligent operation. Figure 7 illustrates the Predict–Decide–Act paradigm, showing how forecasts 

inform decisions, autonomous actions are executed, and feedback updates models, enabling 

continuous, adaptive optimisation of agro facility operations.  

 

 
Fig. 7: Predict–Decide–Act Paradigm in Agro Facilities 

 

B.  Real-Time Monitoring and Adaptive Feedback Loops 

Integration relies on continuous monitoring through IoT sensors and edge devices, capturing 

environmental, operational, and performance data. Adaptive feedback loops allow the system to 

respond dynamically to deviations from predicted conditions. For example, if soil moisture drops 

below expected levels, the system can automatically adjust irrigation schedules. Such adaptive 

control ensures resources are used efficiently, crop growth is optimised, and energy consumption 

is minimized. 

C.  Interoperability with IoT and Energy Management Systems 

Seamless interoperability between IoT networks, predictive analytics platforms, and energy 

management systems is crucial. Data from sensors, weather forecasts, and operational logs feed 

predictive models, while control outputs adjust actuators and facility systems. Cloud-based and 

edge-computing solutions enable scalability and real-time decision-making, facilitating integration 

across multiple facility types and locations. This ensures coordinated energy use, irrigation 

management, and climate control, reducing wastage and operational costs. 

D.  Applications Across Agro Facility Types 

• Irrigation and Water Infrastructure: Integrated systems optimise irrigation scheduling 

by predicting water requirements based on soil moisture, weather forecasts, and crop 
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growth stages. This reduces water waste while maintaining optimal soil conditions and 

crop yields.  

• Controlled Environment Agriculture: Greenhouses, vertical farms, and other controlled-

environment agriculture setups benefit from integrated frameworks. Predictive models 

forecast temperature, humidity, and light requirements, while autonomous control adjusts 

HVAC systems, shading, and artificial lighting, improving energy efficiency and crop 

growth. 

• Storage, Cold Chain, and Post-Harvest Facilities: Predictive analytics monitors storage 

conditions, forecasting temperature and humidity trends. Autonomous control regulates 

cooling and ventilation systems to extend product shelf life and reduce post-harvest losses, 

contributing to sustainability and profitability. 

• Processing and Energy-Intensive Facilities: Food processing and other energy-intensive 

facilities use predictive energy load forecasting to optimise equipment operation. 

Autonomous control schedules high-energy tasks during off-peak periods and coordinates 

operations to reduce total energy consumption without compromising productivity. 

Figure 8 presents applications across irrigation systems, controlled-environment agriculture, 

storage and cold-chain facilities, and processing plants, demonstrating how integrated 

predictive and autonomous systems adapt to diverse agro facility contexts. 

 
Fig. 8: Applications Across Agro Facility Types 

 

E.  Sustainability Outcomes and Performance Benefits 

Integrated predictive-autonomous frameworks deliver measurable sustainability benefits. Energy 

and water usage are reduced through anticipatory and adaptive control. Equipment longevity is 

enhanced via predictive maintenance, and post-harvest losses are minimised through controlled 

storage environments. Studies report improved operational efficiency, reduced environmental 
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impact, and higher economic returns, demonstrating the transformative potential of 

intelligent automation in agro facilities.  

By combining predictive foresight with autonomous execution, facilities achieve resilient, energy-

efficient, and environmentally sustainable operations, aligning operational goals with broader 

sustainability objectives. 
 

CONCLUSION 

The adoption of predictive analytics and autonomous control systems in agro facilities carries 

significant operational, sustainability, and policy implications. These systems enable anticipatory 

management, optimising energy use, water allocation, and equipment utilisation, while reducing 

downtime and post-harvest losses. In developing economies, such improvements directly support 

food security, cost efficiency, and resilience against environmental and infrastructural variability. 

Integrated intelligent systems consistently outperform conventional methods based on periodic 

inspections, threshold alarms, and rule-based control. Predictive-autonomous frameworks reduce 

reliance on human intervention, provide continuous monitoring, and enable early detection of 

anomalies, whereas traditional approaches often fail to capture gradual equipment degradation, 

non-linear system dynamics, or environmental variability.  However, deployment faces technical, 

economic, and institutional challenges. Data scarcity, intermittent connectivity, and limited sensor 

coverage reduce model reliability, while high computational requirements, system complexity, and 

lack of trained personnel constrain adoption. Economically, the cost of intelligent platforms and 

maintenance can be prohibitive for small-scale facilities. Institutionally, fragmented management 

structures and limited policy support hinder systematic implementation. Addressing these barriers 

requires capacity building, context-aware technology design, and supportive institutional policies 

that prioritise reliability, affordability, and scalability. 

 

RECOMMENDATIONS AND FUTURE DIRECTIONS 

To ensure effective and sustainable implementation of predictive analytics and autonomous control 

systems in agro facilities, the following key recommendations are proposed: 

1. Design machine learning frameworks tailored to local agricultural conditions and capable 

of operating effectively under resource-constrained environments. 

2. Establish reliable, high-resolution data collection systems to support accurate prediction 

and real-time operational monitoring. 

3. Ensure seamless interoperability between predictive models and control systems for 

adaptive, real-time facility management. 

4. Implement transparent and interpretable algorithms to build trust among facility managers 

and enhance decision-making. 

5. Develop capacity in data science, machine learning, and IoT management to maintain and 

operate intelligent systems sustainably. 

6. Develop affordable and energy-efficient machine learning and sensor platforms suitable 

for the scale and constraints of the facilities studied. 

7. Test and refine predictive-autonomous frameworks under real operational conditions to 

demonstrate practical benefits, validate models, and ensure scalability. 
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