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The global energy transition toward sustainability demands innovative solutions that 

enhance efficiency, resilience, and circularity across energy and resource systems. This 

chapter explores the transformative role of Artificial Intelligence (AI) in optimizing 

renewable energy generation and resource recovery processes, highlighting the convergence 

of data-driven intelligence, automation, and digital infrastructure. AI techniques—ranging 
from machine learning and deep learning to reinforcement learning and fuzzy logic 

systems—are increasingly enabling predictive analytics, adaptive control, and process 

optimization in solar, wind, bioenergy, and hybrid energy systems. Furthermore, intelligent 

modeling and optimization approaches are driving progress in waste-to-energy conversion, 

wastewater nutrient recovery, and circular material flows, reinforcing the principles of the 

circular economy. The chapter presents case studies and frameworks that illustrate how AI 

tools enhance system performance, reduce operational costs, and support real-time decision-

making. Challenges such as data quality, interpretability, and integration complexity are 

critically examined, along with emerging trends including digital twins, IoT–AI integration, 

and quantum-assisted energy analytics. Ultimately, the chapter emphasizes that the synergy 

between AI and sustainable resource technologies holds the potential to redefine global 
energy systems, paving the way toward a decarbonized and intelligent future. 
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I. INTRODUCTION 

The twenty-first century faces a defining challenge: ensuring the availability of clean, affordable, and sustainable energy while 

minimizing environmental degradation and resource depletion. The accelerating pace of industrialization, urbanization, and population 

growth has intensified global energy demand, putting immense pressure on conventional fossil fuel–based systems. These traditional 

sources contribute significantly to greenhouse gas emissions, air pollution, and climate change, necessitating a systemic transition toward 

renewable and circular energy models. In this context, renewable energy systems—such as solar, wind, hydro, biomass, and geothermal—

have emerged as essential components of global decarbonization strategies.  

However, the intermittent nature of renewable sources, the complexity of multi-resource interactions, and the increasing 

heterogeneity of energy networks have created new challenges in prediction, control, and optimization [1-3]. At the same time, the concept 
of resource recovery has gained prominence within the broader framework of the circular economy, emphasizing the reuse, recycling, 

and regeneration of materials, water, and energy from waste streams. Efficient recovery systems not only reduce environmental burdens 

but also enhance economic sustainability by converting waste into valuable inputs. Examples include waste-to-energy (WTE) conversion, 

anaerobic digestion for biogas production, nutrient recovery from wastewater, and smart recycling networks in industrial ecosystems. 

Yet, these systems are inherently complex, governed by nonlinear processes, variable input characteristics, and evolving 

operational conditions—all of which demand intelligent, adaptive management solutions [4-6]. This is where Artificial Intelligence (AI) 
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becomes transformative. AI offers a powerful suite of computational methods capable of learning patterns from large datasets, optimizing 

system performance, and enabling predictive and autonomous decision-making. In the renewable energy domain, AI facilitates solar 

radiation forecasting, wind power prediction, demand-side management, and fault detection in grid operations. Similarly, in resource 

recovery, AI algorithms optimize process control, enhance biogas yield prediction, and improve waste classification and sorting accuracy. 

By integrating AI-driven analytics with Internet of Things (IoT) platforms, digital twins, and cloud computing infrastructures, engineers 

and policymakers can create intelligent energy–resource ecosystems that dynamically balance efficiency, reliability, and sustainability. 

The convergence of AI with renewable and resource recovery systems represents a pivotal evolution in the way energy is produced, 

distributed, and reused.  

For instance, machine learning (ML) techniques such as regression models, decision trees, and support vector machines have 

been applied to optimize power output forecasting and process efficiency. Deep learning (DL) methods, including convolutional and 

recurrent neural networks, are enabling improved image recognition in photovoltaic (PV) inspection and enhanced time-series modeling 
for wind energy prediction. Reinforcement learning (RL) algorithms, inspired by behavioral psychology, are facilitating autonomous 

control and real-time adaptation in smart grids and bioenergy plants. Moreover, fuzzy logic systems and expert systems are being used to 

support complex decision-making under uncertainty—an essential capability in dynamic, multi-resource environments [7-9]. Despite its 

promise, the deployment of AI in renewable and resource recovery systems also presents critical challenges. Data heterogeneity, scarcity, 

and quality issues can limit model reliability. The “black-box” nature of many deep learning algorithms raises concerns regarding 

interpretability and trust, especially in safety-critical infrastructure. Additionally, the integration of AI with legacy energy systems, the 

need for standardized data frameworks, and cybersecurity vulnerabilities remain significant barriers to large-scale adoption.  

Addressing these challenges requires interdisciplinary collaboration—bringing together energy engineers, data scientists, 

environmental specialists, and policymakers to design frameworks that are both technically robust and socially responsible [10-12]. The 

objective of this chapter is to explore the synergistic potential of AI technologies in advancing renewable energy and resource recovery 

systems. It provides a comprehensive overview of current methodologies, emerging tools, and practical applications where AI enhances 
energy conversion, recovery efficiency, and circular resource utilization. Through illustrative case studies, the chapter demonstrates how 

data-driven intelligence enables adaptive control, predictive maintenance, and systemic optimization across interconnected energy and 

resource networks. Furthermore, the discussion extends to future research directions, highlighting the role of next-generation technologies 

such as quantum computing, federated learning, and AI–IoT–blockchain convergence in shaping resilient, low-carbon, and self-

optimizing infrastructures. As the global community strives to achieve the United Nations Sustainable Development Goals (SDGs)—

particularly SDG 7 (Affordable and Clean Energy) and SDG 12 (Responsible Consumption and Production)—AI stands as a crucial 

enabler of the energy transition, fostering innovation that bridges technology, sustainability, and environmental stewardship [13]. 

II. OVERVIEW OF AI IN RENEWABLE ENERGY SYSTEMS 

The transformation of the global energy landscape toward low-carbon and sustainable sources is central to achieving 

environmental and economic resilience. Renewable energy systems harness natural flows of energy—such as solar radiation, wind 

currents, hydrological cycles, and biological processes—to generate power and heat. Unlike conventional fossil fuel systems, renewable 

energy is virtually inexhaustible and emits minimal greenhouse gases. However, the dynamic and intermittent nature of many renewable 

sources presents challenges for stability, predictability, and integration into existing energy grids. In this context, Artificial Intelligence 

(AI) tools have emerged as indispensable enablers of efficiency, control, and optimization across renewable energy domains [14], [15]. 

II.1 SOLAR ENERGY SYSTEMS 

Solar energy, particularly photovoltaic (PV) and concentrated solar power (CSP) technologies, is among the most mature and 

rapidly expanding renewable energy sources. The performance of solar systems is affected by multiple variables—solar irradiance, 

temperature, panel orientation, and environmental conditions. AI-based approaches are increasingly applied to model, predict, and 

optimize these parameters. Machine learning (ML) algorithms such as support vector regression (SVR), random forests, and gradient 

boosting are widely used for solar radiation forecasting, enabling more accurate power scheduling and grid balancing. Deep learning (DL) 

techniques, particularly recurrent neural networks (RNN) and long short-term memory (LSTM) models, have demonstrated superior 

capabilities in capturing the temporal dependencies of solar irradiance patterns. Furthermore, computer vision techniques based on 

convolutional neural networks (CNNs) are being employed for automated fault detection in PV panels, identifying issues such as soiling, 

shading, and microcracks from infrared and visual imagery. In addition, AI-driven maximum power point tracking (MPPT) algorithms—
particularly those using reinforcement learning (RL)—enable dynamic adjustment of converter settings to maximize energy harvest under 

varying conditions. Through these applications, AI enhances the operational efficiency, reliability, and lifespan of solar energy systems 

[16-18]. 

II.2 WIND ENERGY SYSTEMS 

Wind energy is another key component of the renewable portfolio, contributing significantly to global power generation. Yet, 

wind power output is inherently variable, depending on weather conditions and turbine performance. AI has proven instrumental in 

addressing these challenges through data-driven modeling, forecasting, and control. Artificial neural networks (ANNs) and Gaussian 

process models are used for wind speed and power forecasting, achieving higher accuracy than conventional statistical approaches. 
Predictive models assist in turbine load estimation and grid integration planning, mitigating the effects of variability. Moreover, AI-based 

fault detection systems employing deep learning and fuzzy inference techniques continuously monitor vibration, acoustic, and temperature 

data from turbines to predict mechanical failures.  

This enables predictive maintenance, reducing downtime and maintenance costs. Recent advancements include the use of 

reinforcement learning for turbine control, where AI agents autonomously adjust blade pitch and yaw to maximize energy output under 
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fluctuating wind conditions. The incorporation of digital twins—virtual replicas of wind farms—further allows continuous simulation 

and optimization based on real-time data [19-21]. 

II.3 BIOENERGY AND WASTE-TO-ENERGY SYSTEMS 

Bioenergy systems convert biomass, organic waste, or biogas into usable energy forms such as heat, electricity, or fuels. The 

heterogeneity of feedstock, coupled with nonlinear biochemical and thermochemical conversion processes, makes bioenergy management 

complex. AI methods are now extensively applied for process modeling, optimization, and yield prediction in anaerobic digestion, 

gasification, and pyrolysis systems. For example, adaptive neuro-fuzzy inference systems (ANFIS) and deep neural networks (DNNs) are 
employed to estimate biogas yield and optimize operational parameters such as temperature, retention time, and pH. AI models can also 

predict the calorific value of biomass based on its composition, supporting better feedstock blending strategies. In waste-to-energy 

systems, AI-assisted control algorithms dynamically regulate combustion and gasification parameters to enhance energy efficiency while 

minimizing emissions. By integrating AI with sensor-based monitoring and Internet of Things (IoT) platforms, bioenergy systems can 

operate as intelligent, self-correcting networks that continuously improve conversion efficiency and environmental performance [22-24]. 

II.4 HYDROPOWER, GEOTHERMAL, AND HYBRID SYSTEMS 

While hydropower remains one of the most stable and established renewable sources, AI tools are increasingly being deployed 
to optimize reservoir management, turbine performance, and water resource forecasting. Reinforcement learning models can optimize 

reservoir operations by balancing flood control, irrigation needs, and electricity generation. In geothermal systems, AI techniques help in 

subsurface modeling, drilling optimization, and fault detection during heat extraction processes. Hybrid renewable systems—combining 

solar, wind, and storage technologies—are gaining attention for their ability to stabilize energy supply. AI-based multi-objective 

optimization algorithms, such as genetic algorithms (GA) and particle swarm optimization (PSO), are employed to determine the optimal 

sizing, dispatch strategy, and control parameters for hybrid microgrids. These AI-driven methods improve energy reliability while 

minimizing costs and emissions [25-27]. Figure 1 shows the AI applications across aenewable energy systems. 

II.5 INTEGRATION CHALLENGES AND OPPORTUNITIES 

Despite the demonstrated potential of AI in renewable systems, integration remains a significant challenge. Renewable energy 

infrastructures are distributed and data-intensive, requiring interoperable platforms that can securely collect, process, and analyze high-

frequency sensor data. Moreover, ensuring data transparency, model explainability, and cybersecurity is essential for trust and adoption 

in energy-critical applications. However, the ongoing convergence of AI, big data analytics, IoT, and cloud-edge computing is creating 

new opportunities for smart, self-optimizing renewable systems. These systems not only adapt to environmental changes but also 

anticipate demand, predict failures, and coordinate with other resource sectors such as water and waste management—laying the 

foundation for a truly intelligent and sustainable energy ecosystem [28], [29].  

 
Figure 1: AI Applications Across Renewable Energy Systems. 

Source: Authors, (2026). 

III. RESOURCE RECOVERY SYSTEMS: CONCEPTS AND FRAMEWORKS 

The growing demand for sustainable energy and material use has accelerated the shift from a traditional linear economy — based 

on extraction, production, consumption, and disposal — toward a circular economy (CE) model. Within this framework, resource recovery 

systems play a critical role in minimizing waste, conserving resources, and transforming by-products into valuable outputs.  
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These systems aim to extract energy, water, nutrients, and materials from waste streams using advanced technologies. The 

integration of Artificial Intelligence (AI) within these systems is redefining their efficiency, enabling intelligent monitoring, predictive 

control, and process optimization that were previously unattainable through conventional methods [30], [31]. 

III.1 CONCEPT OF RESOURCE RECOVERY IN THE CIRCULAR ECONOMY 

Resource recovery refers to the process of reclaiming valuable components from waste materials—including solid waste, 

wastewater, agricultural residues, and industrial by-products—to reintroduce them into productive use cycles. The approach supports the 

core principles of the circular economy: reduce, reuse, recycle, and recover (4Rs). AI strengthens this concept by providing data-driven 
insights and automated decision-making, which allow systems to dynamically adapt to varying waste compositions, operational 

conditions, and demand fluctuations. Through intelligent pattern recognition, predictive analytics, and real-time control, AI-driven 

recovery systems optimize energy yield, minimize emissions, and support closed-loop material flows. In essence, AI acts as a cognitive 

layer on top of physical recovery infrastructures—transforming them into smart, self-learning systems capable of enhancing sustainability 

and economic viability simultaneously [32], [33]. 

III.2 TYPES OF RESOURCE RECOVERY SYSTEMS 

Waste-to-Energy (WTE) Systems: Waste-to-energy systems convert municipal solid waste, industrial waste, or biomass into 
usable energy—typically in the form of heat, electricity, or fuel—via incineration, gasification, or anaerobic digestion. AI applications in 

WTE focus on: Process Optimization: Machine learning (ML) models predict combustion efficiency and optimize air–fuel ratios [34]. 

Emission Control: AI-based monitoring systems detect deviations in real time, ensuring regulatory compliance. Predictive Maintenance: 

Neural networks forecast component wear, reducing unplanned shutdowns. Example: Reinforcement learning algorithms have been 

deployed to fine-tune anaerobic digestion parameters—such as temperature and retention time—resulting in a 15–25% increase in biogas 

yield [35]. Wastewater Treatment and Nutrient Recovery: Wastewater contains recoverable energy and nutrients such as nitrogen, 

phosphorus, and organic carbon. AI-enhanced treatment plants utilize predictive modeling and automated control for: Process Control: 

AI regulates aeration, chemical dosing, and sludge retention time to improve energy efficiency. Fault Detection: Deep learning identifies 

anomalies in flow rate, pH, or dissolved oxygen levels. Nutrient Recovery Optimization: ML algorithms determine the optimal timing 

and method for phosphorus precipitation or ammonia stripping. Case Example: An AI-optimized membrane bioreactor (MBR) system 

achieved 20% lower energy consumption through adaptive control of aeration and backwashing cycles [36], [37]. 

Industrial Symbiosis and Circular Manufacturing: Industrial symbiosis involves the exchange of materials, energy, and waste 
streams among industries to minimize resource input and waste output. AI facilitates these systems by: Data Mining and Pattern 

Recognition: Identifying potential synergies among industries based on waste and resource profiles. Optimization Algorithms: 

Determining the most efficient resource exchange networks. Digital Twins: Simulating inter-industry resource flows to evaluate 

environmental and economic benefits. For example, in eco-industrial parks, AI-driven decision support systems have been used to 

optimize heat recovery networks and material reuse pathways [38]. Smart Material Recycling and Sorting Systems: Material recovery 

from municipal waste is often constrained by inconsistent quality and contamination. AI, especially computer vision and deep learning, 

is transforming recycling through: Automated Sorting: Image recognition and robotics classify materials (plastics, metals, glass, paper) 

in real time. Quality Control: AI systems assess purity levels of recycled streams. Lifecycle Optimization: ML tools predict recyclability 

potential based on material composition and degradation data. These systems enable high-throughput and precision recycling, reducing 

human intervention and improving material recovery efficiency [39], [40]. 

III.3 AI-ENABLED FRAMEWORK FOR RESOURCE RECOVERY SYSTEMS 

An AI-enabled resource recovery framework typically comprises four core layers: 

Sensing and Data Acquisition Layer: IoT sensors collect data on waste composition, flow rate, temperature, and emissions. Data 

is transmitted to centralized or edge computing platforms. Data Processing and Analytics Layer: Big data analytics and machine learning 

extract insights from raw sensor data. Algorithms identify inefficiencies, predict outcomes, and recommend control actions. Control and 

Optimization Layer: Reinforcement learning and fuzzy logic systems autonomously adjust operational parameters. Decision-support 

dashboards visualize performance metrics and sustainability indicators [41]. 

Knowledge and Decision-Making Layer: AI integrates with digital twins and optimization models for long-term planning. 

Insights inform policymakers and operators for adaptive resource management. This layered architecture promotes a cyber-physical 

integration of recovery facilities—where digital intelligence continuously enhances physical system performance [42]. 

III.4 SUSTAINABILITY AND ECONOMIC IMPLICATIONS 

AI-driven resource recovery systems yield multiple benefits across sustainability dimensions: Environmental: Reduced 

greenhouse gas emissions, minimized landfill disposal, and improved water quality. Economic: Lower operational costs, enhanced energy 

efficiency, and monetization of recovered materials. Social: Creation of green jobs, promotion of environmental awareness, and increased 

resilience of urban infrastructure.  

In the broader context of the energy–water–waste nexus, AI enables synergistic management of interlinked systems—facilitating 

sustainable urban metabolism and aligning with global sustainability goals such as SDG 6 (Clean Water and Sanitation) and SDG 12 
(Responsible Consumption and Production) [43]. Examples of AI Applications in Resource Recovery Systems are listed in table 1. Figure 

2 describes various AI-Driven Framework for Resource Recovery Systems. 

 

Page 777



 
 
 

 

ITEGAM-JETIA, Manaus, v.12 n.57, p. 774-786, January/February, 2026. 

 

 

Table 1: Examples of AI Applications in Resource Recovery Systems. 

Resource Type Recovery Process AI Technique Used Outcome / Benefit 

Municipal Waste Anaerobic Digestion Reinforcement Learning 20–25% increase in biogas yield 

Industrial Waste Gasification Neural Networks Optimization of temperature and feed ratio 

Wastewater Membrane Bioreactor Deep Learning 20% energy savings, predictive fouling detection 

Plastic Waste Material Sorting Computer Vision (CNN) 95% classification accuracy in recycling lines 

Eco-industrial Park Heat Recovery Optimization Algorithms 15% improvement in overall energy efficiency 

Source: Authors, (2026). 

 
Figure 2: AI-Driven Framework for Resource Recovery Systems. 

Source: Authors, (2026). 

IV. ARTIFICIAL INTELLIGENCE TOOLS AND TECHNIQUES FOR RENEWABLE RESOURCE RECOVERY SYSTEMS 

Artificial Intelligence (AI) encompasses a broad set of computational methodologies designed to emulate human learning, 

reasoning, and problem-solving. Within the domains of renewable energy and resource recovery, AI tools provide adaptive, data-driven 

intelligence capable of handling the nonlinearities, uncertainties, and multivariable dependencies characteristic of such complex systems. 

These techniques enable predictive modeling, operational optimization, and autonomous control—transforming conventional 

infrastructures into smart, self-learning systems that continuously evolve toward improved performance and sustainability [44]. 

IV.1 MACHINE LEARNING (ML) 

Machine Learning (ML) is the foundation of AI applications in energy and environmental systems. It focuses on developing 

algorithms that can learn patterns and relationships from data without explicit programming. ML techniques are extensively used for 

energy forecasting, fault detection, process modeling, and optimization across renewable and recovery domains [45]. Supervised 

Learning: Supervised learning uses labeled datasets to train models for predictive tasks. Regression models (e.g., linear regression, support 

vector regression, random forest regression) are applied in solar irradiance and wind power forecasting, providing short-term generation 

estimates that enhance grid stability. Classification algorithms (e.g., decision trees, k-nearest neighbors, and gradient boosting) are used 

in waste material sorting, bioenergy feedstock classification, and equipment fault diagnosis [46].  

Unsupervised Learning: Unsupervised learning identifies hidden structures within unlabeled data. Clustering algorithms, such 

as k-means and hierarchical clustering, support waste stream segmentation, energy consumption profiling, and anomaly detection in 

system operations. Principal Component Analysis (PCA) and Independent Component Analysis (ICA) are used for dimensionality 

reduction and noise filtering in high-frequency energy data [47]. Applications in Resource Recovery: ML models can predict biogas 

yields from heterogeneous waste inputs, optimize operational setpoints in anaerobic digestion, and estimate pollutant loads in wastewater 
treatment plants. In material recycling, ML-based image analysis improves the accuracy of automated waste sorting systems, achieving 

classification accuracies exceeding 95% in some pilot studies [48]. 

IV.2 DEEP LEARNING (DL) 

Deep Learning (DL), a subfield of ML, employs multilayered artificial neural networks (ANNs) to automatically extract features 

and learn complex nonlinear mappings from raw data. DL has revolutionized AI applications in energy systems, particularly in computer 

vision, time-series forecasting, and sensor data fusion. Convolutional Neural Networks (CNNs): CNNs are primarily used in image-based 

applications: Solar PV panel inspection via drone or satellite imagery to detect soiling, cracks, and degradation. Waste classification using 
camera-based sorting lines that distinguish materials such as plastics, paper, and metals.  
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Thermal imaging of turbines and reactors to detect heat anomalies or insulation failures [49]. Recurrent Neural Networks (RNNs) 

and Long Short-Term Memory (LSTM): RNNs and LSTMs excel in sequential and temporal data modeling: Wind speed and power 

forecasting, capturing nonlinear temporal dependencies in meteorological data. Energy demand forecasting in smart grids. Process trend 

prediction in wastewater treatment plants, supporting proactive control [50]. Autoencoders compress and reconstruct data, useful for 

anomaly detection and fault diagnosis in energy systems. Generative Adversarial Networks (GANs) can simulate synthetic sensor data to 

augment limited datasets for training predictive models [51]. 

IV.3 REINFORCEMENT LEARNING (RL) 

Reinforcement Learning (RL) represents a paradigm shift from traditional optimization by enabling agents to learn optimal 

strategies through interaction with dynamic environments. It is particularly powerful for adaptive control and decision-making under 

uncertainty. In renewable and resource recovery contexts: Energy Management: RL optimizes microgrid operations, balancing renewable 

inputs, storage, and load demand to minimize cost and emissions [52]. Process Control: In anaerobic digestion, RL agents dynamically 

adjust temperature, feed rate, and hydraulic retention time to maximize biogas production. Predictive Maintenance: RL-based decision 

systems determine the optimal timing of maintenance interventions, balancing reliability and operational costs [53]. Water–Energy–Waste 

Nexus: RL coordinates multi-objective management, ensuring resource efficiency across interconnected systems. The advantage of RL 

lies in its self-adaptive nature, making it suitable for highly variable systems where static models underperform [54]. 

IV.4 FUZZY LOGIC AND EXPERT SYSTEMS 

While data-driven AI models rely on statistical learning, Fuzzy Logic (FL) and Expert Systems (ES) emulate human reasoning 

based on linguistic rules and expert knowledge. These systems are particularly effective when data are scarce, incomplete, or uncertain. 

Fuzzy Control: Used extensively in renewable energy plants for real-time regulation of wind turbine pitch, solar inverter voltage, and 

biogas plant temperature. Expert Systems: Encode domain knowledge as “if–then” rules for diagnostics, energy auditing, and decision 

support in resource management. Hybrid AI Systems: Combine fuzzy logic with ML/DL models (known as neuro-fuzzy systems) to 

merge interpretability with learning capabilities. Example: In wastewater treatment, a fuzzy control system can maintain optimal dissolved 

oxygen levels by adjusting aeration rates based on linguistic inputs such as “low,” “medium,” or “high.” [55]. 

IV.5 OPTIMIZATION ALGORITHMS AND EVOLUTIONARY COMPUTING 

Optimization algorithms, inspired by natural processes, are essential in system design and operational tuning. These algorithms 

are often hybridized with AI models to improve convergence speed and solution accuracy. Genetic Algorithms (GA): Applied to optimize 

renewable energy mix, sizing of hybrid systems, and bioprocess parameters. Particle Swarm Optimization (PSO): Used for controller 

tuning and multi-objective energy scheduling. Ant Colony Optimization (ACO): Applied to waste transportation routing and network 

optimization in industrial symbiosis. By coupling AI with these algorithms, systems can achieve multi-criteria optimization (e.g., 

minimizing cost and emissions while maximizing efficiency) [56]. 

IV.6 DIGITAL TWINS AND CYBER-PHYSICAL INTEGRATION 

Digital Twins (DTs) represent the convergence of AI, simulation, and real-time sensing into virtual replicas of physical systems. 

In renewable and recovery systems, DTs are used for system modeling, predictive maintenance, and lifecycle optimization. In wind farms, 

DTs simulate turbine performance and degradation patterns using ML models trained on operational data. In wastewater recovery plants, 

DTs predict system responses under varying loads, optimizing aeration and chemical dosing. In eco-industrial parks, DTs model 

interlinked material and energy exchanges to improve resource circularity. Coupled with AI and IoT, digital twins enable continuous 

learning, allowing operators to simulate scenarios, test control strategies, and forecast long-term performance [57]. Various AI techniques 

are compared in Table 2.  

Table 2: Comparative Overview of AI Techniques. 

AI Technique Primary Function Key Applications Advantages Limitations 

Machine Learning Pattern recognition, forecasting Solar/wind prediction, fault detection High accuracy, scalable Requires quality data 

Deep Learning Feature extraction, image/time-
series analysis 

PV inspection, waste sorting Handles complex data Computationally 
intensive 

Reinforcement 
Learning 

Adaptive control, decision-
making 

Microgrid optimization, digestion 
control 

Learns from 
environment 

Requires large 
training time 

Fuzzy Logic Rule-based reasoning Turbine control, wastewater aeration Explainable and robust Limited adaptability 

Optimization 
Algorithms 

System design, parameter 
tuning 

Hybrid system sizing, resource 
routing 

Multi-objective 
optimization 

May converge slowly 

Digital Twins Simulation, predictive modeling Energy plant monitoring, circular 

networks 

Real-time adaptability High modeling 

complexity 

Source: Authors, (2026). 

IV.7 INTEGRATION OF AI TECHNIQUES FOR HOLISTIC SYSTEM INTELLIGENCE 

In practical applications, AI tools are rarely deployed in isolation. The most effective renewable and recovery systems employ 

hybrid AI architectures, integrating complementary methods: ML + Optimization for dynamic system design and control. DL + RL for 

autonomous plant management and adaptive learning. Fuzzy Logic + ML for interpretable and adaptive decision systems. Digital Twins 

+ IoT for full cyber-physical integration and real-time feedback. Such integration leads to the emergence of self-optimizing, intelligent 

systems capable of adjusting operations autonomously in response to changing environmental and operational conditions [58]. 

Page 779



 
 
 

 

ITEGAM-JETIA, Manaus, v.12 n.57, p. 774-786, January/February, 2026. 

 

 

 
Figure 3: Functional Taxonomy of AI Tools in Renewable and Resource Recovery Systems. 

Source: Authors, (2026). 

V. APPLICATIONS OF AI IN RENEWABLE RESOURCE RECOVERY SYSTEM 

The practical deployment of Artificial Intelligence (AI) within renewable energy and resource recovery systems has moved 
beyond the experimental stage into operational and industrial-scale applications. By leveraging machine learning, deep learning, 

reinforcement learning, and hybrid intelligence architectures, energy and environmental systems now exhibit improved reliability, 

adaptability, and cost-effectiveness. This section highlights notable case studies and application domains that demonstrate the integration 

of AI tools in renewable energy generation, waste-to-energy (WTE) plants, wastewater treatment systems, and circular resource networks 

[59]. The functional Taxonomy of AI Tools in Renewable and Resource Recovery Systems are portrayed in figure 3.  

V.1 AI IN SOLAR ENERGY SYSTEMS 

Accurate solar power forecasting is essential for grid stability, especially in regions with high photovoltaic (PV) penetration. A 

case study conducted by NREL (USA) employed a deep convolutional neural network (CNN) combined with satellite image data to 
predict solar irradiance up to 6 hours ahead, achieving 95% forecasting accuracy—a significant improvement over conventional regression 

models. Researchers implemented an LSTM-based model for short-term solar power prediction using real-time meteorological inputs 

(temperature, humidity, cloud cover). The AI system dynamically adjusted inverter settings, leading to 7–10% higher energy capture 

efficiency during fluctuating weather conditions [60]. At a commercial solar park in Spain, a computer vision-based deep learning system 

was used to inspect PV panels using drone imagery. The CNN model successfully identified cracks, hotspots, and delamination with over 

96% detection accuracy, reducing maintenance downtime by 30%. Such applications demonstrate how AI contributes to predictive 

maintenance and extends system lifespan [61]. 

V.2 AI IN WIND ENERGY SYSTEMS 

Wind energy operations are inherently complex due to the stochastic nature of wind and the mechanical dynamics of turbines. 

A collaborative project between Siemens Gamesa and Microsoft Azure AI deployed reinforcement learning (RL) algorithms to optimize 

wind farm control. The RL agents adjusted blade pitch and yaw settings in real time based on wind direction and load profiles, resulting 

in a 15% improvement in total power output while minimizing stress loads on turbine components. Similarly, deep neural networks 

(DNNs) trained on vibration and acoustic sensor data are now used for fault detection in gearboxes and bearings. In EU offshore wind 

farms, such systems have reduced unplanned maintenance by 25% and operational costs by nearly €2 million annually [62]. 

V.3 AI IN WASTE-TO-ENERGY (WTE) SYSTEMS 

AI tools have significantly enhanced the operational efficiency of WTE facilities. In Germany, an Adaptive Neuro-Fuzzy 

Inference System (ANFIS) was implemented at a municipal biogas plant to optimize feedstock mixtures and retention times. The system 

analyzed variables such as organic loading rate, temperature, and pH to predict biogas yield in real time. The result was a 20% increase 

in methane production and a 10% reduction in energy input costs. A plant in Asia integrated machine learning–based predictive control 

with emission monitoring sensors to maintain combustion efficiency and minimize NOₓ emissions. The AI controller continuously 

adjusted air-to-fuel ratios, leading to a 25% decrease in pollutant emissions without compromising energy output.  
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These examples demonstrate how AI tools transform WTE facilities into intelligent, closed-loop systems that balance energy 

recovery and environmental protection [63]. Wastewater treatment plants (WWTPs) are increasingly adopting AI-based automation to 

improve water quality, reduce operational costs, and enable nutrient recovery. In Spain’s Water Reclamation Plant, a deep reinforcement 

learning (DRL) framework was implemented for aeration control in the activated sludge process. The AI agent learned optimal dissolved 

oxygen (DO) levels based on varying inflow loads and biochemical oxygen demand (BOD). The system reduced energy consumption by 

18% while maintaining effluent quality within regulatory limits [64]. Table 3 list the AI Applications in Renewable Energy and Resource 

Recovery Systems. Figure 4 portrays AI Applications Across Renewable and Resource Recovery Domains. 

V.4 AI IN MATERIAL RECYCLING AND CIRCULAR ECONOMY NETWORKS 

AI is revolutionizing material recovery and recycling systems by automating sorting, improving purity, and enabling circular 

resource tracking. A CNN-based visual recognition system developed by TOMRA Sorting Solutions achieved 98% accuracy in material 

classification, distinguishing between various plastic polymers using hyperspectral imaging. The integration of AI-driven robotics in 

sorting lines increased throughput by 30% while maintaining quality compliance for recycled materials. At a larger scale, machine 

learning and digital twin models are used in eco-industrial parks (EIPs) to simulate energy and material exchanges among industries. In 

Spain the AI-optimized material flow modeling has improved resource reuse efficiency by 12%, demonstrating the power of AI in 

advancing circular economy ecosystems [65]. 

V.5 CROSS-SECTOR INTEGRATION: THE SMART CIRCULAR NEXUS 

Recent studies emphasize that the most impactful applications of AI arise when it integrates across multiple sectors—creating 

smart circular nexuses that link energy, water, and waste systems. A water project developed a unified digital twin connecting wastewater 

treatment, biogas production, and energy recovery subsystems. Through reinforcement learning and multi-objective optimization, the 

integrated framework achieved a 25% reduction in total energy use and improved system-level sustainability indicators by 20–30%. These 

integrated systems embody the vision of autonomous, data-driven circular infrastructures, where AI serves as the coordinating intelligence 

managing real-time decisions and long-term sustainability objectives [66]. Role of Digital Technologies in AI-Integrated Energy and 

Recovery Systems are listed in table 4.  Figure 5 shows the multi-layered schematic showing how AI connects with IoT, Big Data, and 

Cloud–Edge layers. 

Table 3: AI Applications in Renewable Energy and Resource Recovery Systems. 

Sector AI Technique Used Application Outcome / Benefit Reference / Region 
Solar Energy CNN, LSTM Forecasting & Fault 

Detection 
95% prediction accuracy, 30% maintenance 
reduction 

USA, Spain 

Wind Energy RL, DNN Control & Optimization 15% output gain, 25% maintenance cost 
reduction 

Denmark 

Waste-to-Energy ANFIS, ML Process Optimization 20% higher methane yield Germany 

Wastewater DRL, SVM Aeration & Membrane 
Maintenance 

18% energy savings, 22% longer membrane 
life 

Singapore, France 

Recycling CNN, Robotics Material Classification 98% accuracy, 30% throughput increase Netherlands 

Circular Nexus RL + Digital Twin System Integration 25% energy reduction, 20% sustainability 
gain 

EU 

Source: Authors, (2026). 

 
Figure 4: AI Applications Across Renewable and Resource Recovery Domains. 

Source: Authors, (2026). 
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Table 4: Role of Digital Technologies in AI-Integrated Energy and Recovery Systems. 

Technology Function Example Application Benefit 

IoT Sensors Data acquisition Wind turbine vibration monitoring Real-time fault prediction 

Edge Computing Local AI inference Solar inverter optimization Low latency, fast response 

Big Data Analytics Pattern recognition Wastewater quality analysis Enhanced process control 

Cloud Computing AI model training & storage Smart grid forecasting Scalability & collaboration 

Blockchain Secure data exchange Resource traceability in recycling Transparency & trust 

Source: Authors, (2026). 

 
Figure 5: The multi-layered schematic showing how AI connects with IoT, Big Data, and Cloud–Edge layers. 

Source: Authors, (2026). 

VI. CHALLENGES AND FUTURE DIRECTIONS 

While the integration of Artificial Intelligence (AI) into renewable energy and resource recovery systems has demonstrated 

remarkable potential, several critical challenges continue to hinder its large-scale implementation and long-term sustainability. These 

challenges are not merely technological—they extend across data governance, scalability, interoperability, cost-effectiveness, and ethical 
dimensions. Addressing these issues is essential to realize the vision of autonomous, resilient, and circular energy–resource ecosystems. 

The performance of AI models depends heavily on the quality, quantity, and representativeness of data. In renewable energy and recovery 

systems, data are often fragmented, inconsistent, or incomplete due to: Sensor malfunctions, communication latency, and missing entries. 

Lack of standardized data formats across different energy and waste management systems. Limited availability of labeled data for 

supervised learning tasks.  

For example, solar and wind farms may have historical weather data, but insufficient fault or anomaly data, limiting AI’s 

predictive capabilities. In wastewater plants, raw process data are often unstructured, making feature extraction and modeling complex.  

Future Direction: Developing data standardization protocols (e.g., ISO/IEC 30141 for IoT architecture) and synthetic data generation 

using Generative Adversarial Networks (GANs) can overcome data scarcity. Collaborative data-sharing platforms across institutions can 

further improve dataset diversity and reliability. The increasing connectivity of energy and resource systems exposes them to 

cybersecurity vulnerabilities such as unauthorized access, data tampering, or ransomware attacks. 
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Additionally, the collection of sensitive operational data raises concerns about privacy and data ownership—especially in 

industrial ecosystems involving multiple stakeholders. Future Direction: Implementing blockchain-based data management ensures 

immutability, traceability, and decentralized control, while federated learning frameworks allow distributed AI training without sharing 

raw data, enhancing both privacy and model robustness. AI models trained on site-specific data may fail when applied to different 

geographical, environmental, or operational contexts—a problem known as model overfitting and poor transferability. For instance, a 

wind turbine fault detection model developed in coastal conditions may perform poorly in high-altitude terrains due to different wind 

dynamics. Energy and recovery systems generate large volumes of high-velocity data, requiring real-time inference and control.  

However, deep learning and optimization algorithms are computationally intensive, often demanding cloud-based GPU clusters 

that increase cost and latency. Future Direction: Developing lightweight AI models for Edge AI deployment can reduce dependency on 

cloud computation. Employing neuromorphic processors and quantum-inspired AI architectures may drastically enhance processing 

efficiency. Hybrid architectures combining cloud, edge, and fog computing will ensure scalability and low-latency performance. Many 
renewable and recovery infrastructures rely on legacy control systems (PLC/SCADA) that were not designed for interoperability with AI 

modules. Integrating modern AI tools requires substantial system redesign or middleware development. Future Direction: The emergence 

of digital twins and AI middleware platforms can bridge legacy and modern systems, enabling gradual digital transformation without full 

system overhauls [67]. 

The initial investment for AI-enabled digital infrastructures—including sensors, edge devices, and cloud services—can be 

prohibitive for small utilities or municipalities. Moreover, maintenance of AI systems demands specialized expertise. Future Direction: 

Adoption of AI-as-a-Service (AIaaS) and shared data infrastructure models can reduce financial barriers. Governments and development 

banks can incentivize AI adoption through green digital transition grants and carbon-credit-linked innovation funds. Regulatory 

frameworks governing AI deployment in energy and environmental systems remain underdeveloped. Current policies rarely address AI 

ethics, accountability, or algorithmic transparency, making compliance and certification challenging. Future Direction: Establish 

international standards for AI ethics and accountability in sustainability sectors (e.g., IEEE 7000 series). Develop AI readiness assessment 
frameworks for energy utilities and waste management organizations.  

Promote open-source AI ecosystems to ensure transparency, reproducibility, and public trust. The deployment of AI-driven 

automation can raise social and ethical dilemmas, particularly regarding workforce displacement, algorithmic bias, and environmental 

footprint of digital infrastructure. Large-scale AI computation consumes significant electricity, potentially offsetting sustainability gains 

if powered by non-renewable sources. Future Direction: Emphasize Green AI principles, focusing on energy-efficient algorithms and 

sustainable computing infrastructure. Foster human-in-the-loop systems that blend human expertise with machine intelligence for ethical 

and transparent decision-making. Include AI literacy and reskilling programs in national energy transition strategies to ensure inclusive 

workforce adaptation. 

Table 5: Summary of Key Challenges and Emerging Solutions 

Challenge Area Description Proposed Solution / Future Trend 

Data Scarcity Limited labeled datasets Synthetic data, federated learning 

Computational Load High energy use in AI training Edge AI, quantum computing 

Cybersecurity Vulnerable IoT networks Blockchain, encrypted protocols 

Integration Complexity Legacy system incompatibility Digital twins, middleware platforms 

Policy & Ethics Lack of standards, transparency Explainable AI, IEEE 7000 compliance 

Source: Authors, (2026). 

VII. CONCLUSIONS 

The integration of Artificial Intelligence (AI) into renewable energy and resource recovery systems represents a transformative 

shift in sustainable engineering. By leveraging machine learning, deep learning, reinforcement learning, and digital twins, AI enables 

advanced forecasting, process optimization, and predictive maintenance across solar and wind energy, waste-to-energy, wastewater 

treatment, and recycling infrastructures. Supported by IoT sensing, Big Data analytics, and Cloud–Edge computing, these systems are 

evolving into intelligent, autonomous, and resilient cyber-physical networks that enhance energy yield, reduce emissions, and improve 

resource circularity in alignment with global sustainability goals. Despite these advancements, challenges such as data limitations, model 

robustness, legacy system integration, and cybersecurity must be addressed to fully unlock AI’s potential. Emerging solutions—including 

federated learning, explainable AI, blockchain-based traceability, and quantum computing—offer promising avenues to overcome these 

barriers. As AI continues to converge with digital technologies, it will enable self-learning and self-optimizing infrastructures capable of 
autonomously managing energy and resource flows. Ultimately, AI is not merely a technological tool but a strategic catalyst redefining 

the relationship between technology, energy, and the environment. Embedding intelligence into renewable and recovery systems brings 

society closer to a truly sustainable, circular, and regenerative future. 
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