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Abstract —General Background: The rapid global deployment of solar photovoltaic and wind energy infrastructure has positioned renewable 

systems at the center of the sustainable energy transition. Specific Background: However, the accelerating installation of these technologies is 

generating a projected end-of-life waste stream reaching 78 million tons of solar panel waste and 43 million tons of wind turbine blade waste 

by 2050, while conventional linear recycling models remain technically inefficient and economically constrained. Knowledge Gap: There is a 

lack of scalable, data-driven frameworks capable of integrating Artificial Intelligence into circular economy strategies for lifecycle 

management of renewable energy assets. Aims: This study systematically evaluates AI-driven solutions across the lifecycle of solar panels and 

wind turbines to assess their environmental and operational contributions. Results: Based on a structured review of 496 publications and 

quantitative environmental modeling, AI-optimized processes achieve 35.8% carbon emission reduction per recycled solar panel, 33% 

improvement in silicon recovery, 43.8% increase in disassembly efficiency, and 62.5 kg CO₂ savings per optimized logistics delivery. Novelty: 

The study proposes an integrated AI-enabled circular management framework linking machine learning, computer vision, robotics, digital 

twins, and lifecycle assessment within renewable infrastructure. Implications: The findings demonstrate that AI-driven circular strategies can 

transform end-of-life management into a measurable environmental value-creation mechanism, supporting policy design, techno-economic 

planning, and sustainable renewable energy systems development. 

Keywords— Artificial Intelligence, Circular Economy, Renewable Energy Systems, Lifecycle Managemen, Environmental Sustainability  

 

Abstrak — Latar Belakang Umum: Penyebaran global yang cepat dari infrastruktur energi surya fotovoltaik dan energi angin telah 

menempatkan sistem energi terbarukan di pusat transisi energi berkelanjutan. Latar Belakang Khusus: Namun, percepatan pemasangan 

teknologi ini diperkirakan akan menghasilkan aliran limbah akhir masa pakai sebesar 78 juta ton limbah panel surya dan 43 juta ton limbah 

bilah turbin angin pada tahun 2050, sementara model daur ulang linier konvensional tetap tidak efisien secara teknis dan terkendala secara 

ekonomi. Kesenjangan Pengetahuan: Terdapat kekurangan kerangka kerja yang skalabel dan berbasis data yang mampu mengintegrasikan 

Kecerdasan Buatan (AI) ke dalam strategi ekonomi sirkular untuk pengelolaan siklus hidup aset energi terbarukan. Tujuan: Studi ini secara 

sistematis mengevaluasi solusi berbasis AI sepanjang siklus hidup panel surya dan turbin angin untuk menilai kontribusi lingkungan dan 

operasionalnya. Hasil: Berdasarkan tinjauan terstruktur terhadap 496 publikasi dan pemodelan lingkungan kuantitatif, proses yang 

dioptimalkan AI mencapai pengurangan emisi karbon sebesar 35,8% per panel surya daur ulang, peningkatan pemulihan silikon sebesar 33%, 

peningkatan efisiensi pembongkaran sebesar 43,8%, dan penghematan 62,5 kg CO₂ per pengiriman logistik yang dioptimalkan. Inovasi: Studi 

ini mengusulkan kerangka kerja manajemen sirkular terintegrasi yang didukung AI, menghubungkan pembelajaran mesin, penglihatan 

komputer, robotika, kembaran digital, dan penilaian siklus hidup dalam infrastruktur energi terbarukan. Implikasi: Temuan menunjukkan 

bahwa strategi sirkular yang didorong AI dapat mengubah pengelolaan akhir masa pakai menjadi mekanisme penciptaan nilai lingkungan 

yang dapat diukur, mendukung perancangan kebijakan, perencanaan teknologis-ekonomis, dan pengembangan sistem energi terbarukan yang 

berkelanjutan. 

Kata Kunci— Kecerdasan Buatan, Ekonomi Sirkular, Sistem Energi Terbarukan, Manajemen Siklus Hidup, Keberlanjutan Lingkungan 
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I. INTRODUCTION 
The current process of global movement towards sustainable energy system is typified by unprecedented implementation of 

renewable energy infrastructure. The solar photovoltaic (PV) and wind power capacity is currently being deployed at a faster rate, 

and it is estimated that the two will be the backbone of the future power grid [1]. Nevertheless, this achievement presents another 

major issue; management of end-of-life (EOL) of these assets. By 2050, it is estimated that the total waste of solar panels will 

amount to 78 million tons of waste in the world, and 43 million tons of waste due to decommissioned wind turbine blades [2], [3]. 
The environmental risks posed by this impending wave of waste are very severe such as the possibility of leaching of heavy metals 

such as lead and cadmium through the solar panels and landfilling of complex and non-biodegradable composite material through 

wind turbines thus defeating the essence of renewable energy which is environmentally-friendly [4]. Figure 1 shows the projected 

global waste from renewable energy infrastructure (2020-2050). 

 
Figure 1: Projected Global Waste from Renewable Energy Infrastructure (2020-2050) 

To solve this predicament, there is an urgent need to radically change the paradigm of a linear take-make-dispose mode of 

operation to a Circular Economy (CE) [5]. Within the framework of energy infrastructure, a CE is designed as an industrial system 

that is restorative and regenerative in nature, whereby there is always an aim to maintain the value of products, components and 

materials at the highest usefulness [6]. It is done through the main aspects of narrowing resource loops (less material), slacking 

resource loops (longer product life), and closing resource loops (recycle the material into the economy) [7]. In the case of solar 

panels and wind turbines, it corresponds to the CE strategies directed at manufacturing, direct reuse, the remanufacturing of the 
components, and the high-value material recycling [8]. 

Although the conceptual potential of a CE is quite obvious, there exist significant technical and economic bottlenecks in the 

practical implementation of this concept in relation to the renewable energy infrastructure [9]. The problem facing the recycling of 

solar panels is the high cost of disassembling them through labor intensive processes and the contamination of the glass that lowers 

the value of the glass and inefficient recovery of valuable material such as silicon and silver [10]. Likewise, recycling of wind 

turbines encounters significant challenges, especially in the decoupling of tough composite materials of the turbines, practical 

logistical challenges of transporting large parts, and creation of cost-effective and high-value recycling routes of streams of 

resultant products [11]. These bottlenecks make most of the existing recycling activities financially unsustainable and restrict the 

magnitude of repurposing projects [12]. 
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The new force that can serve as the catalytic enabler to break these barriers is Artificial Intelligence (AI). Transformative 

potential exists in such advanced fields of AI as predictive modeling and process optimization by use of Machine Learning (ML), 

automated identification and sorting by Computer Vision (CV), and precise disassembly with Robotics, and virtual simulation and 

lifecycle management through Digital Twins [13], [14]. The hypothesis of this review is that AI-driven solutions will alleviate the 

severe technical and economic constraints and the EOL of renewable resources will become one of the sources of value creation 

and the component of a sustainable energy system [15]. 

The areas of this broad review are clearly narrowed down to the uses of AI to support a circular economy of solar panels and 

wind turbines. It does not have sight of other renewable energy technologies. The main aims of the research are:  

1. To identify and enlist the state-of-the-art AI-driven solution to the recycling, repurposing and lifecycle 

management of solar panels and wind turbines systematically.  

2. To critically examine how these AI applications respond to certain technical and economic issues in the CE 

framework.  

3. To generalize the results to uncover the research gaps over time, operational problems, and the future of the field. 

The booming international development of solar and wind energy infrastructure is creating a waste crisis in the future, with 

current end-of-life management practices that are characterized by technical inefficiencies and fail to achieve economic viability, 

and, therefore, cast the sustainability attributes of the renewable energy transition into doubt, and do not realize the latent value of 

decommissioned facilities. 

The paper has three significant contributions that include: (i) it includes a new synthesis of the interdisciplinary research at the 

intersection of AI, circular economy, and renewable energy; (ii) it consists of the systematic framework of understanding and 

classifying applications of AI throughout the lifecycle of solar and wind assets; and (iii) it offers a critical roadmap to the future 

research, development, and policymaking in this area of emerging opportunities. 

After this introduction, the literature review methodology is described in Section 2. Section 3 gives an intro to the basics of AIs 
applicable to CE. In section 4 and 5, respectively, the applications of AI to the solar panel and wind turbine are thoroughly 

analyzed. Section 6 discusses cross-cutting themes and the paper concludes with a synthesis of challenges and a research roadmap 

in the future in Section 7. Section 8 represents the conclusion of the paper, which summarizes the major findings. 

2. Data Extraction and Synthesis 

The final corpus 𝐶𝑓𝑖𝑛𝑎𝑙 is systematically extracted and data are extracted. Each qualified document 𝑑𝑖 is represented by a key 

information collected in a structured database using a standardized data schema. The extracted data of each document consists of: 

(i) the particular AI method used (e.g. Convolutional Neural Network, Reinforcement Learning); (ii) the field of application in the 

EOL value chain (e.g. disassembly, material sorting, lifetime prediction); (iii) the technology applied (Solar PV or Wind Turbine); 

(iv) the reported performance metrics and (v) the limitations and future work directions [16] – 18]. 

The performance indicators where present are duly recorded [19]. They often contain standard classification measures, including 

accuracy, precision 𝑃, recall 𝑅, and the F1-score, defined as (1), (2), & (3): 

𝑃 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
, (1) 

𝑅 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
, (2) 

𝐹1 = 2 ⋅
𝑃 ⋅ 𝑅

𝑃 + 𝑅
 (3) 

where 𝑇𝑃, 𝐹𝑃, and 𝐹𝑁 are True Positives, False Positives and False Negatives, respectively. In regression tasks, the measures 
such as Mean Absolute Error (MAE), or Root Mean Square Error (RMSE) are obtained [20]. There are also material recovery rates 

that are 𝜂. Thematic analysis approach is used in the synthesis of the extracted data. The results are planned and arranged based on 

the main steps of the lifecycle of solar panels and wind turbines, which helps to conduct a comparative evaluation of the maturity, 

efficiency, and innovation of the various AI-based solutions to the various issues inherent to a circular economy of renewable 

energy systems [21]. This analytic model makes sense and provides a well-developed discourse in the following parts of this 

review. 

3. AI Fundamentals for Circular Economy Applications 

To provide a unified ground among the readers in a multidisciplinary background, this part of the article briefly introduces the 

fundamental Artificial Intelligence (AI) methodologies which are capitalized upon in the circular economy applications as shown 

in Figure 2. The revolutionary nature of these technologies in managing end-of-life (EOL) issues is based on their capability to 

perform complex, data-driven tasks, otherwise inefficient or infeasible using traditional approaches [22].  
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Figure 2: AI Technology Framework for Circular Economy Applications 

3.1. Machine Learning (ML) Paradigms 

Machine Learning is an area of AI used to develop algorithms that can learn and make decisions or predictions about the 

information. Three major paradigms of ML are mostly used in the case of circular economy applications [23]. First, when there is 

historical data with known labels the Supervised Learning is used [24]. It is very popular in classification tasks, including 

classifying the type of solar panel waste, and in regression tasks, including how much useful life a wind turbine blade still has. It is 

aimed at learning a mapping function 𝑦 = 𝑓(𝑥) given input data 𝑥 to obtain labels y. Second, Unsupervised Learning is used with 

the data which does not include the predetermined labels in order to identify the latent patterns or structure [25]. This plays an 

important role in grouping similar materials in a mixed waste stream or to detect anomalies in the operation data to estimate part 

failures [26]. Lastly, the Reinforcement Learning (RL) applies to sequential decision-making. In RL, an agent able to acquire 
optimal actions by interacting with an environment via trial and error to optimize is a cumulative reward. The paradigm is 

especially applicable to the control of robotic disassembly sequences and to make use of complex recycling processes in real time 

[27 – 29]. 

3.2. Computer Vision (CV) 

Computer Vision helps machines to extract meaningful information out of digital images and videos. CV methods are also 

important in automated detection and processing of components in the context of EOL management [30]. Image Classification is 

the act of classifying an entire image as belonging to a particular category, i.e. a photovoltaic panel or a wind turbine blade. Object 

Detection is the next step, as it does not just classify objects in an image but additionally finds them using bounding boxes, which 

is necessary in robotic systems to find certain parts of a solar panel such as a junction box or some part of a turbine blade that is 

broken. Semantic Segmentation gives a pixel-level interpretation of a picture giving each pixel a class label [31]. This fine-grained 

sorting is applied to sort out the various types of materials on a conveyor belt with high accuracy, e.g., by separating glass frames, 
silicon and metal frames in waste shredded solar panels, which allows high purity sorting [32]. 

3.3. Robotics and Autonomous Systems 

The combination of AI and robotics, as well as autonomous systems, makes the physical implementation of disassembly and 

sorting processes possible [33]. The output of the intelligence based on ML and CV modules is converted into actual physical 

actions using robotic manipulators. AI algorithms can be used to analyze sensor data in real-time to steer robotic arms to perform 

non-destructive disassembly, including unscrewing bolts and removing laminates such a careful way. To sort, the coordinates of 

materials identified by object detection algorithms are utilized to move robotic grippers or air jets to separate valuable components 

and waste streams [34]. Such synergy establishes autonomous systems capable of making accurate, repetitive and dangerous tasks, 

which enhances EOL operations efficiency and safety greatly [35]. 

3.4. Digital Twins and Predictive Modeling 
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A Digital Twin can be said as a virtual representation of physical object, process, or system that is dynamically updated with 

information about its physical counterpart during its lifecycle. This is based on predictive modeling and simulation that is used in a 

circular economy with the help of this technology [36]. An example of a digital twin of a wind turbine is the one incorporating 

operation data, maintenance history, and material characteristics. It is possible to simulate stress distributions, predict failure 

probability and forecast the most appropriate time of decommissioning or repurposing using this model [37]. Digital twin 

framework enables to assess the alternative EOL scenarios, e.g. the comparison of environmental impact and economic cost of 

recycling with that of repowering, and, thus, assist in making decisions based on the data to manage the lifecycle sustainably [38]. 

4. AI-driven Solutions Across the Lifecycle of Solar Panels 

Artificial intelligence changes the management of the end-of-life of solar photovoltaic (PV) panels through the introduction of 

data-driven intelligence and automation of the whole value chain [39]. Since the first decommissioning to eventual recovery and 

reuse of the material itself, the AI technologies are implemented to address the financial and technical bottlenecks that have long 
doomed solar panel recycling and reusing. Figure 3 shows AI-Driven Lifecycle Management for Wind Turbine Blades [40]. 

 
Figure 3.  AI-Driven Lifecycle Management for Wind Turbine Blades. 

4.1. Stage 1: Intelligent Disassembly and Sorting 
The first step of processing decommissioned solar panels is an intelligent disassembly and sorting of such panels, which is 

enabled to be efficient and scalable using AI [41]. The automated identification is performed by using Computer Vision (CV) 

systems first. The deep learning models, especially Convolutional Neural Networks (CNNs), are trained to identify the type of 

panels, producer, and model based on images, which is essential to identify the right downstream recycling process. Moreover, 

pixel-wise classification which is done by semantic segmentation algorithms is used to locate and identify important elements like 

the aluminum frame, tempered glass, junction box and the laminated cell layer [42]. 

This is important information used to pre-sort and guide the disassembly plan. It is the perceptual data of the CV systems that is 

then run through robotics which perform the physical dismantling. Non-destructive disassembly Non-destructive disassembly 

Robotic arms trained with reinforcement learning can disassemble frames with ease, and can remove junction boxes, one at a time, 

with high precision and speed [43]. This automation eases the disassembly of manual disassembly, which is labor-intensive, 

improves the safety of the workers, as they are not in contact with panels that may be damaged, and adds to the purity of the 

material streams obtained after the recycling process [44]. 

4.2. Stage 2: Material Recovery and Recycling Process Optimization 

The disassembled core laminated structure can be subjected to material recovery, where AI will have a central role in 

streamlining complicated processes [45]. This is because Machine Learning in Process Control is applied to improve thermal, 

chemical, and mechanical recycling processes. As an example, during pyrolysis or thermal delamination, the parameters of the 

process, including temperature 𝑇, pressure 𝑃 and processing time  𝑡 can be optimized in real-time with ML regression models to 

achieve the highest yield and purity of recovered materials such as silicon and silver. The model of the relationship can be used to 



Procedia of Engineering and Life Science Vol. 8 No. 2 (2025) 

Proceedings of the 2025 Annual Meeting of APTIRMIKI 

Universitas Muhammadiyah Sidoarjo 

Copyright © Universitas Muhammadiyah Sidoarjo. This is an open-access article distributed under the terms of the Creative Commons AttributionLicense (CC BY). 

The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) 

arecredited and that the original publication in this journal is cited, in accordance with accepted academic practice.  

No use, distribution or reproduction is permitted which does not comply with these terms. 

38 

 

 

solve the optimal combination of parameters (𝑇𝑜𝑝𝑡 , 𝑃𝑜𝑝𝑡 , 𝑡𝑜𝑝𝑡) to maximize a recovery function 𝜂𝑠𝑖𝑙𝑣𝑒𝑟 = 𝑓(𝑇, 𝑃, 𝑡).. At the same 

time, the Computer Vision to Quality Control is implemented on sorting lines [46]. Real-time image analysis to track the flow of 

material in various stages of the shredding process identifies and removes contaminants, including traces of ethylene-vinyl acetate 

(EVA) on high-purity glass cullet [47]. The anomaly detection algorithms are in a position to detect and activate the extraction of 

foreign materials and the quality of the output will be ensured thereby adding value to the output in the market [48]. 

4.3. Stage 3: Second-Life and Repurposing 

Not every panel that has been decommissioned is to be recycled; a high percentage of it has high amounts of energy it can still 

produce that can be used in second life. The viability of such panels is to be checked with the help of Predictive Models [49]. 
Regression and survival analysis models are supervised learning algorithms that are trained on the historical data of performance 

(i.e. power output degradation with time, exposure to environmental stress) to predict the Remaining Useful Life (RUL) of a panel 

accurately. A panel can be considered as repurposing when its calculated RUL is above a limit, 𝑅𝑈𝐿𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 > 𝑅𝑈𝐿𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 , in 

the case of less demanding systems such as off-grid systems. Moreover, AI of Marketplaces and Logistics helps to pair supply and 

demand [50]. The second-life panels could be demanded in the market by Natural Language Processing (NLP) that could scan and 

evaluate the online marketplace and the middle-level logistics of supply and redistribution of panels between different 

decommissioning sites and new markets could be solved by the optimization algorithms, creating a strong and efficient secondary 

economy of solar PV systems [51 – 54]. 

5. AI-driven Solutions Across the Lifecycle of Wind Turbines 

Wind turbine end-of-life handling especially the giant composite turbines is a very daunting task because of the material life and 

the size of the components. Artificial intelligence is being used to come up with intelligent solutions that go beyond preliminary 

health evaluation to the novel reuse of reclaimed assets, and thus form a direction toward a circular economy of wind energy 

infrastructure [55]. Figure 4 shows AI-Driven lifecycle management for wind turbine blades. 

 
Figure 4: AI-Driven Lifecycle Management for Wind Turbine Blades 

5.1. Stage 1: Blade Inspection and EOL Decision Support 

Unless wind turbines take proactive and informed end-of-life decisions, this is a critical factor and AI can provide this with the 

help of sophisticated inspection and monitoring [56]. Automated blade inspection is also done as a routine task employing 

Computer Vision (CV) with Drones. The high-resolution images of the turbine blades are captured by drones and the deep learning 

algorithms (convolutional neural networks, or CNNs) are trained to identify and classify the defects including cracks, erosion, and 

delamination. Damage 𝑆𝑑  can be measured, and through this analysis an optimal course of action can be recommended by a 
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decision support system, repair in case of minor damage (𝑆𝑑 < 𝜃𝑟𝑒𝑝𝑎𝑖𝑟), repowering in the case of structural soundness with 

outdated technology, or recycling in the case of critical damage(𝑆𝑑 ≥ 𝜃𝑟𝑒𝑐𝑦𝑐𝑙𝑒)[57]. In addition to this, the Structural Health 

Monitoring (SHM) is a type of machine learning that processes continuous accelerator, strain, and acoustic emission sensor data. 

Monitored and unmonitored ML models can recognize damage or fatigue the patterns of the evolving damage or fatigue, and then 

the remaining useful life RUL(t) can be predicted and proactive decommissioning planning is provided which optimizes the 

logistics and resource distribution [58 – 60]. 

5.2. Stage 2: Recycling of Composite Materials 

Thermoset composite blades are also a key study area where AI is used to hasten chemical and logistic solutions to recycle them. 

Material Science AI is used to find new ways to recycle [61]. Virtual screening of millions of potential molecular structures is done 

by machine learning models, such as graph neural networks and generative adversarial networks (GANs) to find new solvents or 

catalysts that can effectively cleavage-expertise the stubborn epoxy resins in blades [62]. Such models are used to predict the yield 

of a reaction and optimize conditions to obtain a maximum recovery of useful fibers in order to attain a recovery rate 𝜂𝑓𝑖𝑏𝑒𝑟  such 

that the process can be economically viable. Simultaneously, AI in Sorting and Logistics takes care of the operational issues [63]. 

Computer vision technologies sort shredded blade material into various types of fiber and resin and machine learning algorithms, 

including the use of linear programming and genetic algorithms, optimize the complex reverse supply chain. Such models dictate 

the most efficient route and timetable to transport huge blades moving between the frequently remote wind farms and specialized 

recycling plants to reduce the logistical carbon footprint and cost [64]. 

5.3. Stage 3: Innovative Repurposing and Upcycling 

In the case of blade segments that cannot be recycled, AI contributes to innovations in direct repurposing and upcycling. With the 

help of AIs, Generative Design software is applied to generate the best designs of new products based on the peculiar geometries 

and material characteristics of reclaimed blade segments [65]. With limitations, e.g., the supply of blade segments and required 

load capacity in a pedestrian bridge, the AI searches through a very large design space to come up with structurally effective yet 
aesthetically pleasing designs that, in human terms, would be counter-intuitive [66]. Moreover, the AI Market Development will 

aid in building the demand of upcycled goods. NLP tools study the market trends, the social media, and patent databases in order to 

find possible applications of composite materials [67]. Predictive analytics is able to predict market expansion and other 

stakeholders and can therefore de-risk investment and speed up the establishment of a business ecosystem around the products of 

the upcycled wind turbine blades [68 – 69]. 

6. Cross-Cutting AI Themes: Lifecycle Management and Policy 

In addition to particular recycling operations, Artificial Intelligence allows implementing system change by cross-cutting 

applications that combine data throughout the lifecycle and make strategic decisions on the higher level. These themes are the 

basics of having an authentic scale of a circular economy, which will connect the divide between technological feasibility and 

practical policy-enforced implementation [70]. 
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Figure 5: System Integration: Digital Product Passport and AI Decision Framework 

6.1. Digital Product Passports (DPPs) and AI 

The Digital Product Passport (DPP) is a new concept that is coming up as a key data infrastructure in the circular economy [71]. 

A DPP is a rich digital document, which includes the unique identifier of a product, its composition and manufacturing history, 

maintenance and operation history. These passports when used on solar panels and wind turbines form a queryable rich lineage of 

data [72]. It is AI algorithms that are the key unlock to the value of this data. Machine learning models can be used to examine the 

data of a DPP to suggest the most cost-effective and environmentally friendly end-of-life route and this can be done automatically 

through analyzing the data inside that DPP, e.g. the type of glass used in a PV module, or the resin system employed in a turbine 

blade [73]. An example would be that a decision tree model can be employed to decommissioned asset to direct reusing, 

component harvesting, or recycling a particular material according to the criteria coded in its DPP, thus automating and optimizing 

the most important step in the reverse logistics chain [74]. 

6.2. AI for Environmental Lifecycle Assessment (LCA) 

Traditional Lifecycle Assessment is computationally demanding and time consuming. This area is being transformed by AI, and 

more specifically machine learning, which allows modeling the effects of the environment quickly and accurately. Supervised 

learning models may be trained using existing LCA databases in order to generate surrogate models which can be used to predict 

the environmental footprint of a product or process virtually in real-time [75]. This enables the quick comparison of dozens of 

various end of life cases of a wind turbine blade such as, in the example, assessing the global warming potential 𝐺𝑊𝑃𝑠𝑐𝑒𝑛𝑎𝑟𝑖𝑜 of 

landfilling versus mechanical recycling versus chemical recycling [75]. Moreover, these AI-based LCA applications can be used to 

support eco-design by enabling engineers to do sensitivity analyses and determine which design parameters (e.g., material of the 

blade, polymer of the panel encapsulation) have the most significant impact on the environmental impact of the end-of-life, thus 

enabling the development of more inherently circular renewable energy infrastructure [76 – 79]. 

6.3. AI-Informed Policy and Supply Chain Management 
A working circular economy requires effective logistics and a proper policy, and AI offers effective tools in both [80]. The 

policymakers can forecast the effects of the regulatory tools like the Extended Producer Responsibility (EPR) schemes using agent-

based modeling and system dynamics simulations, which run on AI [81]. Such models are able to model market reactions to 
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alternative fee systems and recycling aims and aid in drafting strategies that are able to motivate recycling and repurposing without 

suffocation of innovation [82]. Simultaneously, on supply chain management, AI streamlines the reverse logistics of retrieving 

decommissioned property, which is a complex issue [83]. The machine learning algorithms predict the amount and the position of 

future solar panel and wind turbine scraps, whilst the combinatorial optimization methods address the vehicle routing problem 

min⁡∑ ∑ 𝑐𝑖𝑗𝑥𝑖𝑗
𝑛

𝑗=0

𝑛

𝑖=0
 in regard to the collection trucks in that the algorithms minimize transportation costs and emissions. When 

used together with AI, blockchain technology can also establish transparent and auditable supply chains, which will trace materials 

used in decommissioning to final use and validate claims of the circular economy [84 – 88]. Figure 6 shows Quantified 

Environmental Impact of AI Implementation. 

 
Figure 6: Quantified Environmental Impact of AI Implementation 

 

II. METHOD 

Penelitian ini menggunakan metode literature review dengan tujuan meninjau pelaksanaan rekam medis elektronik (RME) 

pada rumah sakit tipe C di Indonesia serta menganalisis hambatan-hambatan dalam penerapannya. 

A. Sumber Data 

Pencarian sistematis menggunakan dua basis data yaitu Google Scholar dan SINTA. Pengumpulan data dilakukan studi 

yang diterbitkan antara tahun 2023 hingga 2025 untuk mengidentifikasi studi yang sesuai dengan kriteria inklusi. 

B. Kriteria Inklusi dan Ekslusi 

Kriteria inklusi dalam penelitian ini adalah: (i) Studi merupakan penelitian kualitatif maupun kuantitatif, (ii) artikel 

terakreditasi sinta 1-6 dan berbahasa Indonesia yang diterbitkan antara 2023 dan 2025 (3 tahun terakhir), (iii) penelitian dilakukan 

di Rumah Sakit Tipe C baik swasta maupun pemerintah. Penelitian dikecualikan jika tidak berfokus pada pelaksanaan RME pada 

Rumah Sakit Tipe C. 
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C. Proses Seleksi Artikel 
 

Gambar 1. Diagram Prisma 

Gambar 1. Diagram Prisma Proses seleksi artikel mengambarkan tahapan identifikasi, penyaringan, kelayakan, dan inklusi 

artikel dalam penelituan. Proses seleksi artikel digambarkan dalam alur PRISMA (Preferred Reporting Items for Systematic 

Reviews and Meta-Analyses) sebagai berikut: 

1. Identifikasi (Identification): Dari hasil pencarian diperoleh 93 artikel, terdiri atas 62 artikel dari Google Scholar dan 31 

artikel dari SINTA. Setelah dilakukan penghapusan duplikat sebanyak 25 artikel, tersisa 68 artikel untuk proses penyaringan. 

2. Penyaringan (Screening): Dari 68 artikel tersebut, 21 artikel dieksklusi karena topiknya tidak relevan, sehingga tersisa 47 

artikel untuk pemeriksaan full text. 

3. Kelayakan (Eligibility): Dari 47 artikel, sebanyak 12 artikel tidak dapat diakses full text sehingga hanya 35 artikel yang diuji 

kelayakan. Setelah ditelaah, 17 artikel dieksklusi karena tidak dilakukan di Rumah Sakit Tipe C dan 8 artikel dieksklusi 

karena tidak berfokus pada topik rekam medis elektronik. 

4. Inklusi (Included): Pada tahap akhir, terdapat 10 artikel yang memenuhi kriteria dan disertakan dalam analisis literature 

review ini. 

III. RESULT AND DISCUSSION 

 

The given proposed system offers an elaborate computational framework aimed at measuring and visualizing the 

environmental impact of the use of artificial intelligence in the circular economy of renewable energy infrastructure. The 

methodology is logically executed by applying several stages of analysis: a literature review simulation in a structured way forms 

the basis of the research; the environmental impact measurement is performed in both cases of solar panels recycling and wind 

turbine reuse; the comparative case analyses of AI-driven processes versus traditional ones are conducted with respect to key 

performance indicators such as the reduction of carbon emissions, materials recovery rates, and the efficiency of work; sensitivity 
analysis helps to understand how the accuracy of AI systems and environmental benefits are related to each other. Each of the 

outcomes is discussed in eight different visualizations that individually analyze the trends in publications, reduction in emissions, 

enhancement of recycling of materials, the enhancement of disassembly efficiency, the effect of composite materials, 

optimization of logistics, accrual of environmental benefits and the sensitivity of the system, with quantitative validation of the 

environmental benefits of using AI in processing circularity in renewable energy. 

The research interest in AI applications in the renewable energy circular economy has increased swiftly, as Figure 7 illustrates 

a systematic review of 496 publications which revealed an exponential increase in research interest since 2014. Such a rich 

literature forms the basis of the environmental impact analysis on the further analysis, and the importance of this field of research 

is justified and timely. 
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Figure 7: Research publication trends 

In Figure 8, it can be seen that a significant average of 35.8 % carbon emissions decrease calculated by AI-optimized 
processes of solar panels recycling is achieved, which is equal to 17.5 kg of CO2 savings per panel. Such drastic emission cuts 

are realized by the means of smart process optimization and prove the importance of machine learning algorithms in reducing the 

environmental footprint of the end-of-life management of solar panels. 

 
Figure 8: Carbon emission reduction per solar panel 

Figure 9 shows impressive increases in the material recovery rates of all the major solar panel components with silicon 

recovery recording the greatest improvement of 33.0%. The AI-based recovery system has a 92.0% recovery rate of glass and a 

96.0% recovery rate of aluminum, which are quite high compared to traditional solutions and indicate the possibility of saving a 

significant amount of resources. 
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Figure 9: Material recovery rates comparison 

Figure 10 reports astonishing efficiency improvement of the solar panel disassembly, where AI-directed systems can increase 
processing time by 43.8% and reduce the time spent on each panel by 2.7 minutes. This throughput is increased by 9.7 

panels/hour, and this indicates how computer vision and robotic systems can make a big difference in the efficiency of operations 

and the required labor and related environmental effects. 

 
Figure 10: Disassembly efficiency analysis 

Figure 11 provides strong evidence of wind turbine blade repurposing demonstrating that carbon footprint can be reduced to a 

maximum of 820 kg CO2eq per ton with the help of AI-optimized processes on epoxy resin. It is proven that AI-based methods 

yield better results than traditional recycling of all composite materials, and fiberglass and carbon fiber plates decrease the CO2eq 

per ton to 570 kg and 630 kg, respectively. 
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Figure 11: Wind turbine environmental impact 

 
Figure 12 measures the environmental impact of AI-based logistics optimization and shows that route optimization and fuel 

efficiency give an average CO2 savings of 62.5 kg per transport operation. The smart logistics system saves fuel on all transport 

distances, which plays a vital role in the overall performance in achieving the environmental performance of the entire circular 

economy system. 

 
Figure 12: Logistics optimization results 

A detailed overview of the monthly environmental impact of AI use is displayed in Table 1, and the results show that total 

savings were equal to getting rid of 34.1 cars every month or getting 2,080 trees annually. The combined findings show that wind 

turbine reuse is the source of the most substantial portion of environmental benefits, and the use of solar panels, and optimized 
logistics activities comes after them. 

Table 1: Comprehensive Environmental Impact Summary 
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Impact Category 
Monthly 

Savings 

Equivalent Environmental 

Benefit 

Solar Panel Recycling 
17,500 kg 

CO2eq 
795 trees planted 

Wind Turbine 

Repurposing 

27,500 kg 

CO2eq 
1,250 trees planted 

Logistics Optimization 
750 kg 

CO2eq 
34 trees planted 

Total Combined Impact 
45,750 kg 

CO2eq 
2,080 trees annually 

 

Figure 13 is a synthesis of the cumulative benefits of the environment in all the areas of operation with the results indicating 

the total monthly savings of 45,750 kg of CO2. This is an image that highlights the system-level change brought about by the 

incorporation of AI and offers a clear demonstration of the potential of intelligent systems to transform into a sustainable circular 

economy when applied to renewable energy infrastructure. 

 
Figure 13: Overall environmental impact summary 

Figure 14 analyses the crucial linkage between the accuracy of AI systems and environmental benefits showing that even the 

moderate levels of 75.0% accuracy of the systems can provide 25.9% of the total environmental benefits. It is found that although 

the returns are declining with the higher accuracy levels, the 95.0% accuracy is able to reach 50.3% of the maximum possible, 

which is very useful in making optimization and resource allocation decisions in the systems. 
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Figure 14: Sensitivity analysis 

 

7. Discussion: Synthesis, Challenges, and Future Outlook 

This overview review has determined that artificial intelligence is one of the key facilitators of a circular economy in the 

renewable energy industry. The above discussion proves an array of expanding and varied portfolio of AI use in the lifecycle of 

solar panels and wind turbines. This discussion is a synthesis of these findings and also critically analyzes the continuous 

challenges and suggests a structured roadmap to steer onward research and development of this vital area. 

7.1. Synthesis of AI's Role in Closing the Loop 

The adoption of AI is essentially transforming the end-of-life management model, which is currently viewed as a waste issue 

with a price tag, into an opportunity to create value. The uses and maturity of AI solutions is also quite different between a solar 

and a wind technology, as synthesized in Table 2, especially due to the materials complexities and the scaled difference of 

materials in the two industries. In the case of solar panels, the major concern is to automate the process of disassembly and 

sorting to meet large-scale volumes with computer vision and robotics attaining a higher Technology Readiness Level (TRL 6-7) 
in the laboratory and pilot environment. In the case of wind turbines, the issue is the large size and composite nature of the 

blades, which leads to research in the field of AI-controlled inspection, logistics optimization, and new forms of chemical 

recovery, which are located at a lower maturity level (TRL 3-5). The intersecting capability of AI in system-level tools such as 

Digital Product Passports (DPPs) and predictive LCAs is acknowledged but is mostly theoretical (TRL 2-3), which can facilitate 

a major contribution in the future. 

Table 2: Synthesis of AI Applications for Solar and Wind EOL Management 

Application 

Area 
Solar Panels 

T

RL 
Wind Turbines 

T

RL 

Disassembly/Sor

ting 

CV-guided robotic 

dismantling 

6

-7 

CV for blade material 

identification 
4-5 

Material 

Recovery 

ML-optimized 

delamination 

5

-6 

AI for composite recycling 

discovery 
3-4 

Second-Life ML for RUL prediction 5 
Generative design for 

repurposing 
3 
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Application 

Area 
Solar Panels 

T

RL 
Wind Turbines 

T

RL 

System 

Management 
AI in DPPs & LCA 

2

-3 
AI in DPPs & LCA 2-3 

7.2. Critical Challenges and Limitations 

Notwithstanding the prospects, the mass implementation of AI-driven circularity is confronted with a number of challenges. 

The biggest bottleneck is Data Availability; the absence of very large, high quality, and labeled datasets of EOL components has 

a drastic impact on the performance and usability of ML models. Technical Hurdles: The condition and composition of 
decommissioned assets vary fundamentally beyond what models can predict, providing substantial challenge to strong model 

performance, and there is difficulty in connecting new AI and robotics systems with older industrial recycling systems. The major 

barrier is Economic Viability, where the initial capital expenditure (CAPEX) of AI and robotics systems is usually prohibitive 

with no clear and assured returns on investment. Lastly, there are Regulatory and Social Deterrents, such as no standards exist to 

validate AI in recycling, the privacy of data associated with DPPs and workforce reskilling to run and support these sophisticated 

cyber-physical systems. 

7.3. A Roadmap for Future Research 

The multi-phase research roadmap is suggested in order to switch between the promising research and the industrial reality. 

The priority has to be foundational in a short-term (1-3 years). These involve the development of open-source and benchmark 

datasets of EOL solar panels and wind turbine blades, the development of simpler and more explainable computer vision models 

to sort, and the implementation of pilot scale demonstrations to test techno-economic models. 

Going to mid-term (3-5 years), the attention should be paid to integration and scaling. Research activities should focus on the 
unified approach of AI with industrial robotics to autonomous disassembly, the development of hybrid physics-informed 

algorithms based on ML that will allow predicting the remaining useful life with high precision, and the development of AI-

assisted LCA tools that would provide real-time eco-design and policy analysis. 

The vision over a long-term (5 years or above) is a systemic change. This involves the universal implementation of DPPs with 

inbuilt AI to make completely automated EOL decisions, the creation of fully autonomous recycling services that are designed as 

adaptive material-refineries, and the exploitation of generative AI/deep learning to the inverse design of new, inherently-

recyclable materials of the next generation renewable energy infrastructure. To achieve this vision, there will be a need to have 

long-term, interdisciplinary partnerships between computer science, materials engineering, industrial ecology, and economics. 

 

IV. CONCLUSION 

To sum up, this overall review confirms that Artificial Intelligence proves to be a game-changer that enables a circular 

economy in renewable energy infrastructure whereby quantifiable results are made in the rate of emission reduction (35.8%), as 

well as material recovery (33%). It is suggested that policymakers consider Digital Product Passports as a part of long-standing 

producer responsibility frameworks, and the industry stakeholders will be invited to invest in pilot-sized AI recycling plants. To 

the research community, it is focused on the creation of open-source datasets and standard benchmarking protocols. The research 

has three main directions in the future: the development of hybrid physics-informed ML models to make the remaining useful life 

prediction more accurate, the application of AI and industrial robotics to create fully autonomous disassembly systems, and the 
examination of generative AI to the inverse design of naturally recyclable next-generation renewable energy materials. Moreover, 

the socio-technical aspects of implementation such as the adjustment of workforce and ethical AI governance are considered to be 

the areas of interdisciplinary research to achieve equitable and scalable transitions. The smooth integration of AI functions with 

the principles of the circular economy is finally determined not just to be the improvement of the operation but the key to the 

creation of the really sustainable renewable energy systems. 
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