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Abstract—The global economy's reliance on the linear
"take-make-dispose" model is environmentally and
economically unsustainable, necessitating a rapid
transition to the regenerative principles of the Circular
Economy (CE) and its operational counterpart, the
Circular Supply Chain (CSC). This transition is
fundamentally challenged by the inherent complexity,
uncertainty, and data requirements of closed-loop
systems. This paper examines the critical role of
Artificial Intelligence (AI) in overcoming these barriers,
positioning Al as the essential Circular Intelligence
Engine (CIE) for enabling intelligent resource loops and
sustainable value creation. We systematically analyze
how Al technologies including Machine Learning (ML),
Deep Learning (DL), Reinforcement Learning (RL),
Computer Vision (CV), and Large Language Models
(LLMs) enable, optimize, and scale circular supply
chains. The paper proposes a novel, three-layered
architectural framework for an Al-Enabled CSC,
detailing the necessary Data Layer (e.g., Digital Product
Passports, 10T), the AI Layer (processing and decision-
making), and the Execution Layer (automated
operations). Furthermore, we present a comprehensive
taxonomy that maps specific Al techniques to key
circular functions (reuse, repair, recycle,
remanufacture) across the supply chain lifecycle. The
analysis reveals that AI shifts CSC from reactive
recovery to predictive circularity, significantly
improving resource efficiency, reverse logistics, and
material recovery yield. Finally, we synthesize the
critical challenges including data fragmentation,
algorithmic bias, and the Al energy footprint and derive
clear managerial and policy implications, emphasizing
the need for strategic investment in digital infrastructure
and robust ethical governance to ensure a transparent
and equitable Al-driven circular transition.
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I. INTRODUCTION

The global economy has historically operated on a
linear "take—make—dispose" model, a paradigm that
has driven unprecedented economic growth but has
simultaneously resulted in severe environmental
degradation and resource depletion [1]. This model,
characterized by high material throughput and
significant waste generation, is fundamentally
unsustainable in a world facing finite resources and
mounting ecological pressures, such as climate change
and biodiversity loss [2]. The limitations of linear
supply chains (LSC) are becoming increasingly
apparent, manifesting as volatile commodity prices,
supply chain disruptions, and a growing regulatory
burden aimed at mitigating environmental
externalities [3].

In response to this systemic challenge, the concept of
the Circular Economy (CE) has emerged as a
transformative alternative. The CE proposes a
regenerative system where products, components, and
materials are kept at their highest utility and value for
as long as possible, effectively "closing the loop" on
resource flows [4]. The operationalization of CE
principles within a business context gives rise to the
Circular Supply Chain (CSC), which necessitates a
fundamental redesign of traditional logistics,
production, and consumption patterns to facilitate
reverse flows, remanufacturing, and recycling [5].
However, the transition from LSC to CSC is fraught
with complexity. Circular systems introduce
significant uncertainty in the quantity, quality, and
timing of product returns, demanding sophisticated
decision-making capabilities that often exceed the
capacity of conventional supply chain management
(SCM) tools [6].
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This is where Artificial Intelligence (AI) assumes a

critical and enabling role. Al technologies, including

Machine Learning (ML), Deep Learning (DL), and

Reinforcement Learning (RL), possess the unique

ability to process vast, heterogeneous datasets,

identify complex patterns, and generate predictive
insights in real-time [7]. By leveraging these
capabilities, Al can act as a "circular intelligence
engine,”" transforming CSCs from reactive recovery
systems into proactive, predictive, and highly
optimized resource loops [8]. Al-driven decision-
making can enhance reource efficiency, optimize
reverse logistics networks, extend product lifecycles
through predictive maintenance, and significantly
improve the yield and purity of recycling operations

[9].

Despite the clear synergistic potential, the academic

literature on the intersection of Al and CSC remains

fragmented and lacks a wunified, comprehensive
framework. While individual studies explore specific
applications, there is a critical need to synthesize these
findings, map the full spectrum of Al techniques to the
core functions of circularity, and articulate a clear

architectural blueprint for deployment [10].

Therefore, the core objective of this paper is to analyze

how Al-driven decision-making enables, optimizes,

and scales circular supply chains, shifting them from
linear models to closed-loop, regenerative systems.

Specifically, this research aims to:

1 Develop a comprehensive taxonomy that maps
specific Al techniques (ML, DL, RL, Computer
Vision, LLMs) to the key circular functions
(reuse, repair, recycle, remanufacture) across the
supply chain lifecycle.

2 Propose a novel, three-layered conceptual
framework for an Al-Enabled Circular Supply
Chain, detailing the necessary Data, Al, and
Execution layers.

3 Synthesize the critical challenges, risks, and
ethical considerations inherent in the deployment
of Al for circularity.

4 Provide clear managerial and policy implications
to guide firms and regulators in operationalizing
Al-driven circularity.

The paper’s contributions are threefold. First, it

provides a structured overview of the field, bridging

the gap between theoretical CE concepts and the
practical application of advanced Al technologies.

Second, the proposed three-layered framework offers
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a prescriptive blueprint for practitioners seeking to
implement resilient and intelligent CSCs. Third, the
synthesis of challenges and policy implications
contributes to the nascent discourse on the ethical and
governance requirements for a sustainable, Al-driven
future [11].

II. LITERATURE REVIEW

2.1 Circular Supply Chains and Circular Economy

The Circular Economy is an economic model that
challenges the traditional linear approach by
advocating for the decoupling of economic activity
from the consumption of finite resources [12]. Its
foundational principles are often summarized by the
"3R" hierarchy (Reduce, Reuse, Recycle), which has
been expanded to the more comprehensive "10R"
framework: Refuse, Rethink, Reduce, Reuse, Repair,

Refurbish, Remanufacture, Repurpose, Recycle, and

Recover [13]. The successful implementation of these

principles requires a systemic shift, particularly in the

design and management of supply chains.

A Circular Supply Chain (CSC) is defined as a closed-

loop system that integrates the forward flow of

materials with the reverse flow of products,
components, and materials to maximize value
retention [14]. Key elements of a CSC include:

*  Closed-Loop Logistics: Managing the collection,
inspection, and transportation of used products
back into the system. This is significantly more
complex than forward logistics due to the
uncertainty in return volume, quality, and timing
[15].

* Reverse Flows: The processes of
remanufacturing, refurbishment, and repair,
which aim to restore products to a "like-new" or
functional state, thus retaining the highest
possible value [16].

* Circular Design: Designing products for
durability, ease of disassembly, repairability, and
material compatibility for recycling, often
referred to as Design for X (DfX) [17].

Despite the compelling environmental and economic

arguments for CSCs, their widespread adoption faces

significant barriers. These include high initial
investment costs, the complexity of coordinating
reverse logistics networks, a lack of standardized data
on product composition and end-of-life status, and
market resistance to secondary products [18]. The
inherent uncertainty in reverse flows knowing what

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 648



© January 2026 | IJIRT | Volume 12 Issue 8 | ISSN: 2349-6002

will be returned, when, and in what condition is
arguably the most critical barrier that technology must
address [19].

LINEAR
SUPPLY CHAIN

CIRCULAR
SUPPLY CHAIN

DESIGN

PRODUCE

REMANUFACTURE RECOVER

RECYCLE

2.2 Atrtificial Intelligence in
Management

Artificial Intelligence has been a transformative force
in traditional SCM, primarily by enhancing
forecasting accuracy, optimizing complex network
designs, and automating operational processes [20].

Supply  Chain

Al applications in SCM generally fall into three

categories:

1 Predictive Analytics: Using ML algorithms to
forecast demand, predict equipment failures
(predictive maintenance), and anticipate supply
chain risks [21].

2 Optimization: Employing RL and advanced
algorithms to
transportation routes, and production scheduling
in dynamic environments [22].

optimize inventory levels,

3 Automation and Perception: Utilizing Computer
Vision and robotics for automated warehousing,
quality inspection, and material handling [23].

The shift towards Industry 4.0 and 5.0 has further
accelerated the integration of Al with other digital
technologies like IoT and blockchain, enabling real-
time visibility and data-driven decision-making across
the entire supply network [24]. This foundation in
traditional SCM provides the necessary technological
base for Al to be applied to the more demanding
requirements of circularity.

2.3 Intersection of Al and Circular Supply Chains

The convergence of Al and CSC is a nascent but
rapidly expanding field of research, driven by the
recognition that Al is essential for managing the data
complexity of closed-loop systems [25]. AI’s ability to
handle high-dimensional, noisy, and incomplete data
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makes it uniquely suited to address the core
uncertainties of reverse logistics.

Al for Demand Forecasting of Reused Products:
Traditional forecasting models struggle with
the volatile demand for refurbished or reused
goods. ML models can integrate a wider array of
factors such as product condition, market trends,
and consumer behavior to generate more accurate
forecasts for secondary markets, thereby reducing
inventory risk and maximizing the value of
returned products [26].

Predictive Analytics for Returns and Reverse
Logistics: Al can predict which products are
likely to be returned, when, and in what condition.
This allows firms to proactively plan collection
routes, allocate inspection resources, and prepare
remanufacturing lines, significantly improving
the efficiency and cost-effectiveness of reverse
logistics [27].

Al-Driven Material Recovery and Recycling
Efficiency: Computer Vision and Deep Learning
are  revolutionizing  waste  management.
Automated sorting systems use CV to rapidly and
accurately identify material types and grades,
increasing the purity of recycled streams and
making recycling economically viable for
complex products [28].

Digital Twins and Circular Design Feedback
Loops: Digital Twin technology, often powered
by Al, creates virtual replicas of products and
supply chains. This allows designers to simulate
the end-of-life performance of a product (e.g.,
ease of disassembly) and receive Al-driven
feedback before physical production, effectively
closing the information loop between recovery
and design [29].

AI-ENABLED CIRCULAR SUPPLY CHAIN FRAMEWORK
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2.4 Taxonomy of Al Applications in Circular Supply
Chains

To provide a structured understanding of this
intersection, we propose a taxonomy that maps

specific Al techniques to the key circular functions
and supply chain stages. This synthesis clarifies the
mechanistic role of Al in enabling the transition to a
CSC.

. Circular Function Supply Chain . o
Al Technique (10R) Stage Key Mechanism and Sustainability Impact
Recove Predictive maintenance to extend product life; forecasting
Machine Reuse, Repair, Secon d;yj demand for secondary products; optimizing inventory for
Learning (ML) Refurbish Marketry returned goods. Impact: Maximizes product utility and
reduces waste.
Image recognition for material identification and quality
Deep Learning Desien. Recvele Design, grading; generating optimal disassembly sequences; material
(DL) en, y Recovery substitution recommendations. Impact: Improves material
purity and design for circularity.
Dynamic optimization of closed-loop network routing and
Reinforcement Remanufacture, Production, scheduling; real-time control of remanufacturing processes to
Learning (RL) Optimize Logistics maximize yield. Impact: Enhances system efficiency and
minimizes operational costs.
Automated sorting of mixed waste streams; quality inspection
Computer Vision Recvele. Recover Recove of returned components; identification of product wear and
(CV) yele, vy tear. Impact: Increases recycling yield and material recovery
rates.
Synthesizing supplier sustainability reports; analyzing
Large Language Rethink, Refuse, Sourcing, regulatory documents (e.g., DPP requirements); generating
Models (LLMs) Sourcing Design, Policy | circular design concepts. Impact: Improves strategic decision-
making and compliance.

Table 1: Al Techniques Mapped to Circular Functions and Supply Chain Stages

2.5 Research Gaps

Despite the progress, several critical research gaps

persist, which this paper aims to address through its

conceptual framework:

* Lack of Real-Time Circular Decision Models:
Most existing models are static or focus on
isolated processes. There is a need for dynamic,
real-time optimization models (e.g., using RL)
that can continuously adjust to fluctuating return
volumes and quality [30].

* Data Fragmentation and Interoperability: The
success of Al in CSC hinges on high-quality,
standardized data across the entire product
lifecycle. Data  fragmentation, lack of
interoperability between systems (ERP, IoT,
SCM), and the absence of a universal data
standard (like the Digital Product Passport)
remain significant hurdles [31].

* Limited Empirical Validation: Much of the
literature is conceptual or simulation-based. There
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is a dearth of large-scale empirical studies and
validated case syntheses demonstrating the
economic and environmental benefits of Al-
enabled CSCs in real-world industrial settings
[32].

* Ethical and Governance Issues: The deployment
of powerful Al
challenges related to algorithmic bias (e.g., in
product allocation), data privacy, and the
substantial energy footprint of training and

systems introduces new

running complex Al models (the "sustainability
paradox") [33]. These governance aspects require
dedicated attention.
The subsequent sections will build upon this literature
foundation to propose a comprehensive framework
that addresses these gaps, detailing the architecture,
applications, and implications of AI in enabling
intelligent resource loops.
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III. AI-ENABLED CIRCULAR SUPPLY CHAIN
FRAMEWORK

The transition to a fully functional Circular Supply
Chain (CSC) requires more than just the adoption of
reverse logistics processes; it demands a fundamental
shift in decision-making capabilities. We propose a
conceptual framework that positions Al as the Circular
Intelligence Engine (CIE), which facilitates this shift
from reactive recovery to predictive circularity [34].
This framework is built on the premise that Al's
primary role is to manage the inherent uncertainty and
complexity of closed-loop systems, enabling dynamic,
real-time optimization of resource flows.

3.1 Conceptual Framework: Al as a Circular
Intelligence Engine
The Circular Intelligence Engine concept describes
Al's function as the nervous system of the CSC,
continuously monitoring, analyzing, and optimizing
resource loops. In a linear model, decisions are
sequential and localized; in a circular model, decisions
are interconnected and systemic. The CIE enables this
systemic view by:

1 Predictive Loop Closure: Moving beyond simply
reacting to returned products, the CIE uses
predictive analytics to anticipate returns, forecast
secondary market demand, and schedule
remanufacturing activities proactively [35].

2 Dynamic Value Retention: Al algorithms
dynamically assess the highest-value recovery
option (e.g., repair vs. remanufacture vs. recycle)
for each returned product based on real-time cost,
quality, and market data, ensuring maximum
economic and environmental value retention [36].

3 Design Feedback: The CIE provides real-time,
data-driven feedback to the product design stage,
allowing engineers to iteratively improve
products for durability, disassembly, and material
compatibility, thereby closing the information
loop [37].

This conceptual framework is realized through a three-

layered system architecture, designed to ensure

seamless data flow, intelligent processing, and
automated execution across the entire supply chain

[38].
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3.2 System Architecture

The proposed Al-Enabled CSC system architecture is
structured into three distinct, yet interconnected,
layers: the Data Layer, the Al Layer, and the
Execution Layer.

Data Layer: The Foundation of Circularity

The Data Layer is the foundational infrastructure

responsible for the collection, standardization, and

secure exchange of high-quality, real-time data across
the entire product lifecycle. Circularity is data-
intensive, requiring information not only on forward
flow but also on product usage, condition, and end-of-
life status [39]. Key components of this layer include:

* IoT and Sensor Data: Embedded sensors in
products and logistics infrastructure provide
real-time data on product usage, performance, and
environmental conditions, which are crucial for
predictive maintenance and quality assessment
upon return [40].

» Digital Product Passports (DPP): The DPP is a
critical element, acting as a verifiable collection
of data about a product's composition, origin,
repair  history, and end-of-life handling
instructions. Blockchain technology is often
integrated here to ensure data immutability and
transparency [41].

» Life Cycle Assessment (LCA) Data: Data on the
environmental impact of materials and processes
are integrated to allow the Al Layer to optimize
for both economic and environmental objectives
[42].

* Enterprise Resource Planning (ERP) Data:
Traditional SCM data (inventory, sales,

procurement) provides the necessary context for
the Al models.

Al Layer: The Circular Intelligence Engine

The AI Layer is the core processing unit where raw

data is transformed into actionable circular

intelligence. This layer hosts the various AI models

and algorithms that drive decision-making. The

models are selected based on the specific circular

function they are intended to optimize, as outlined in

Table 1.

*  Machine Learning (ML) Models: Primarily used
for prediction. Examples include supervised
learning models to predict the probability and
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quality of product returns, and time-series models
to forecast demand for secondary market goods
[43].

* Reinforcement Learning (RL) Models: Primarily
used for optimization. RL agents learn optimal
policies for complex, sequential decision-making
problems, such as dynamic routing for collection
networks or optimizing the sequence of steps in a
remanufacturing facility to maximize yield [44].

*  Computer Vision (CV) and Deep Learning (DL):
Used for perception and classification. DL models
analyze images and video feeds for automated
quality inspection, material identification in waste
streams, and component recognition for
disassembly [45].

* Large Language Models (LLMs): Used for
reasoning and synthesis. LLMs analyze
unstructured data (e.g., customer feedback,
regulatory texts, supplier contracts) to extract
sustainability intelligence and provide strategic
recommendations for circular design and policy
compliance [46].

Execution Layer: Closing the Loop

The Execution Layer translates the intelligence

generated by the Al Layer into physical actions and

operational adjustments. This layer ensures that the
optimized decisions are implemented efficiently and
effectively in the real world.

* Automated Logistics and Sorting: Robotic
systems and automated guided vehicles (AGVs)
execute the collection, sorting, and internal
movement of returned products based on Al-
optimized schedules and classifications [47].

*  Smart Procurement: Al-driven insights inform
procurement decisions, prioritizing suppliers of
recycled or remanufactured content and adjusting
material orders based on predicted internal
recovery rates [48].

*  Circular Operations: This includes the physical
processes of remanufacturing, repair, and
recycling, where Al-driven control systems
manage machinery to ensure high-quality output
and minimal waste [49].

*  Monitoring and Feedback: The Execution Layer
continuously feeds performance data (e.g., actual
return rates, remanufacturing yield, energy
consumption) back to the Data Layer, creating a
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closed-loop learning system that refines the Al
models over time [50].

3.3 Key Al Techniques

The successful operation of the CIE relies on the

strategic deployment of specific Al techniques:

*  Machine Learning for Return Prediction: ML
models, such as Random Forests or Gradient
Boosting Machines, are trained on historical data
(purchase date, usage, warranty claims, customer
demographics) to predict the likelihood of a
product return and its potential condition. This
prediction is vital for proactive resource
allocation in reverse logistics [55].

* Reinforcement Learning for Closed-Loop
Optimization: RL is particularly powerful for
dynamic, multi-stage optimization problems. For
instance, an RL agent can learn the optimal
inventory policy for Spare parts and recovered
components, balancing the cost of holding
inventory against the risk of stockouts for
remanufacturing [56].

*  Computer Vision for Automated Waste Sorting:
CV systems use convolutional neural networks
(CNNps) to identify materials (e.g., different types
of plastic, metal alloys) on a conveyor belt with
high speed and accuracy, a task that is critical for
achieving the material purity required for high-
quality recycling [57].

* LLMs for Supplier Sustainability Intelligence:
LLMs can rapidly ingest and summarize vast
amounts of unstructured text from supplier
sustainability reports, audit documents, and
news articles, providing procurement teams with
a synthesized risk profile and compliance score
for circular sourcing decisions [58].

IV. METHODOLOGY

This paper adopts a Conceptual Modeling and
Systematic Synthesis of Literature approach to
achieve its stated objectives. Given the
interdisciplinary nature of the research topic bridging
supply chain management, artificial intelligence, and
the circular economy a comprehensive review and
synthesis are necessary to establish a robust theoretical
foundation and develop a prescriptive framework.
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4.1 Data Sources

The research draws upon a diverse range of data

sources to ensure a holistic and current perspective:

* Academic Databases: Primary sources were
retrieved from leading academic databases,
including Web of Science, Scopus, and
ScienceDirect. These databases were targeted for
peer-reviewed articles in high-impact journals
related to Operations Management, Supply Chain
Management, Computer Science, and
Sustainability.

* Industry Reports: Key reports from global
organizations and consulting firms (e.g.,
McKinsey & Company, World Economic Forum,
Ellen MacArthur Foundation) were used to
ground the conceptual framework in real-world
industry practices and emerging trends.

* Policy Documents: Official documents from
regulatory bodies, particularly the European
Union's Circular Economy Action Plan and
Digital Product Passport (DPP) regulations, were
analyzed to understand the current and future
policy landscape driving AI adoption in
circularity.

4.2 Inclusion Criteria

The systematic search and selection process was

guided by the following criteria:

*  Publication Period: Articles published between
2020 and 2025 were prioritized to ensure the
inclusion of the most recent advancements in Al
technologies (e.g., LLMs, advanced DL) and their
application in the circular economy.

* Keywords: Search strings combined terms from
the three core domains: ("Artificial Intelligence"
OR "Machine Learning" OR "Reinforcement
Learning" OR "Deep Learning") AND ("Circular
Economy" OR "Circular Supply Chain" OR
"Reverse Logistics" OR "Remanufacturing")
AND  ("Framework" OR "Model" OR
"Optimization").

*  Focus: Only articles that explicitly discussed the
application of Al techniques to enable or optimize
a specific circular function (e.g., repair, recycle)
or a component of the circular supply chain were
included. = Conceptual  papers  proposing
frameworks were prioritized for the development
of Section 3.
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4.3 Analytical Approach

The selected literature was subjected to a two-stage

analytical process:

1  Thematic Analysis: The content of the selected
papers was analyzed to identify recurring themes,
key AI techniques, and the specific circular
functions they address. This stage informed the
development of the Taxonomy of Al Applications
(Table 1) and the identification of the core
components of the Circular Intelligence Engine.

2 Conceptual Synthesis: Findings from the thematic
analysis were synthesized to construct the Al-
Enabled Circular Supply Chain Framework
(Section 3). This involved integrating the
identified data requirements, Al processing
capabilities, and  operational
mechanisms into a coherent, three-layered
architectural model. The synthesis also served to
clearly articulate the research gaps and the paper's
theoretical contributions.

execution

Distribution of Al Techniques in Circular Supply Chain Applications

Computer Vision
LLMs/GenAl

Reinforcement Learning

Machine Learning

Deep Learning

V. APPLICATIONS OF AI IN CIRCULAR
SUPPLY CHAINS

The deployment of the Al-Enabled CSC Framework
translates into tangible applications across the entire
product lifecycle, from initial design to end-of-life
recovery. These applications are critical for
operationalizing the "intelligent resource loops" that
define a regenerative economic model.
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5.1 Circular Product Design (Rethink, Refuse,

Reduce)

The most impactful application of Al in circularity

occurs at the design stage, where up to 80% of a

product's environmental impact is determined [59]. Al

facilitates a shift from traditional design to Design for

Circularity (DfC) by providing predictive feedback

loops.

* Al Feedback Loops from End-of-Life Data: By
analyzing data from the Data Layer (e.g., DPP
data on product failures, return conditions, and
recycling yields), ML models can identify design
flaws that hinder circularity [60]. For example, an
Al model might flag a specific adhesive or
material ~ combination  that  complicates
disassembly or reduces the purity of recycled
material, prompting the design team to select a
more circular alternative.

* Design for Disassembly and Recyclability: Al-
driven simulation tools, often integrated with
Digital Twins, allow designers to test the ease
of disassembly and the cost of remanufacturing
virtually [61]. Deep Learning models can suggest
material substitutions that maintain product
performance while significantly improving
recyclability and reducing reliance on virgin
resources [62].

5.2 Reverse Logistics Optimization (Reuse, Repair,

Refurbish)

Reverse logistics is the operational backbone of the

CSC, and Al is essential for managing its inherent

complexity and uncertainty.

*  Predictive Return Volumes and Quality: ML
models are used to forecast the volume, timing,
and quality grade of returned products [63]. This
predictive capability allows logistics managers to
proactively size collection centers, allocate
inspection personnel, and plan transport routes,
transforming a traditionally reactive process into
a predictive one.

* Route and Cost Optimization: Reinforcement
Learning (RL) is particularly effective here. RL
agents can learn optimal dynamic routing
strategies for collection vehicles, minimizing
transportation costs and carbon emissions while
adhering to strict time windows for product
collection [64]. Furthermore, Al can optimize the
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triage process, immediately determining the
highest-value recovery path (direct reuse, repair,
remanufacture, or recycle) upon product arrival
[65].

5.3 Recycling and Remanufacturing (Recycle,

Remanufacture)

These processes are crucial for material recovery and

value retention, and Al significantly enhances their

efficiency and yield.

* Al-Based Material Classification: Computer
Vision (CV) systems, powered by Deep Learning,
are transforming material recovery facilities
(MRFs). These systems can identify and sort
complex material streams (e.g., different plastic
polymers, electronic components) with far greater
speed and accuracy than human sorters, leading to
higher purity of recycled feedstock and increased
economic viability [66].

* Yield Optimization in Remanufacturing:
Remanufacturing involves restoring a used
product to a "like-new" condition. Al models
can predict the remaining useful life of
components, optimize the sequence of cleaning
and repair operations, and manage the complex
inventory of recovered parts and new components
required for the process, thereby maximizing the
remanufacturing yield and quality [67].

5.4 Demand Forecasting for Secondary Markets

(Reuse, Repurpose)

A successful CSC requires robust markets for

secondary products. Al addresses the volatility and

uncertainty of this demand.

* Al for Refurbished and Reused Product Demand:
ML models integrate non-traditional data sources
such as online marketplace trends, social media
sentiment, and seasonal factors to generate more
accurate forecasts for refurbished and reused
goods than traditional methods [68].

»  Pricing Strategies for Circular Products: Al can
dynamically adjust pricing for secondary products
based on their quality grade, warranty status, and
real-time market demand, ensuring competitive
pricing that encourages consumer adoption while
maintaining profitability [69].
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Impact of Al on Waste Reduction in Supply Chains (2020-2025)
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VI. CHALLENGES AND RISKS

While AI presents a powerful solution for scaling
circularity, its implementation is not without
significant challenges and ethical risks that must be
proactively addressed.

6.1 Data Quality and Interoperability

The primary challenge for the Al Layer is the quality
and accessibility of data in the Data Layer [70].

»  Data Fragmentation: Circular supply chains span

multiple, often disconnected, entities

(manufacturers, consumers, recyclers, third-
party logistics). Data remains siloed in disparate
systems (ERP, WMS, CRM), making a holistic
view of the product lifecycle difficult to achieve
[71].

e Lack of Standardization: Without standardized
data formats, particularly for product composition
and end-of-life status, Al models struggle to
generalize and provide reliable insights. The
successful rollout of the Digital Product Passport
(DPP) is critical, but its implementation requires
global cooperation and technical interoperability
[72].

6.2 Algorithmic Bias in Circular Decisions

The deployment of AI introduces the risk of

embedding and amplifying biases within circular

decision-making [73].

* Bias in Product Recovery: If training data
disproportionately represents returns from certain
geographic or socioeconomic groups, the Al
model may unfairly prioritize the recovery and
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value retention of products from those groups,
leading to an inequitable distribution of circular
benefits [74].

* Bias in Supplier Selection: AI models used for
sustainable sourcing might inadvertently favor
large, established suppliers with better data
reporting capabilities, potentially excluding
smaller, innovative, but less data-mature circular
enterprises [75].

6.3 Energy Footprint of Al

A significant paradox exists in using energy-intensive

Al to achieve environmental sustainability [76].

*  The Sustainability Paradox: Training and running
complex Deep Learning and Large Language
Models require substantial computational power,
leading to a considerable carbon footprint [77].
Organizations must ensure that the environmental
benefits gained from Al-driven circularity (e.g.,
reduced waste, lower emissions from optimized
logistics) significantly outweigh the energy
consumption of the Al infrastructure itself. This
necessitates a focus on Green Al—developing
energy-efficient models and algorithms [78].

6.4 Regulatory and Ethical Concerns

The increasing reliance on Al for critical supply chain

decisions raises new regulatory and ethical questions

[79].

» Data Privacy and Ownership: The Data Layer,
particularly with the use of DPPs and IoT sensors,
collects vast amounts of sensitive data on product
usage and consumer behavior. Clear regulations
are needed to define data ownership, access
rights, and privacy protection [80].

*  Transparency and Explainability: For high-stakes
decisions (e.g., determining if a product is
recycled or remanufactured), stakeholders require
transparency. The "black box" nature of some
advanced Al models necessitates the integration
of Explainable AI (XAI) techniques to build trust
and ensure accountability in circular decisions
[81].

6.5 Greenwashing through Al Models

There is a risk that Al can be used to selectively report
sustainability metrics, creating an illusion of
circularity without genuine systemic change [82].
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*  Selective Optimization: Companies might use Al
to optimize only the most visible or least costly
aspects of circularity (e.g., Optimizing transport
routes) while neglecting more challenging areas
like design for disassembly or material
substitution [83]. Policy mechanisms must ensure
that Al is deployed to drive holistic, verifiable
circular performance across the entire supply
chain.

VII. MANAGERIAL AND POLICY
IMPLICATIONS

The findings of this research offer critical guidance for

both corporate managers and public policymakers

seeking to accelerate the transition to Al-enabled
circular supply chains.

7.1 Managerial Implications

For firms, the adoption of the Al-Enabled CSC

Framework requires strategic investment and

organizational restructuring [84].

* Investment in Data Infrastructure: Managers must
prioritize investment in the Data Layer,
specifically in IoT integration, DPP readiness, and
data standardization protocols. A "data-first"
approach is essential, as the quality of circular
intelligence is directly proportional to the quality
of the underlying data [85].

* Developing Al Talent and Cross-Functional
Teams: Successful implementation requires a
fusion of supply chain expertise, data science
skills, and circular economy knowledge.
Managers should foster cross-functional teams
that bridge the gap between IT, operations, and
design departments [86].

*  Shifting from Cost-Centric to Value-Centric
Metrics: Traditional SCM focuses on cost
minimization. Managers must adopt new
performance metrics that capture the value
retained through circular loops (e.g., material
purity, remanufacturing yield, product lifespan
extension) to properly incentivize Al-driven
circular decisions [87].

7.2 Policy Implications

Policymakers have a crucial role in creating the
enabling environment for Al-driven circularity [88].

IJIRT 190247

*  Policy Support for Digital Circular Infrastructure:
Governments should mandate and standardize the
use of digital tools like the DPP, ensuring
interoperability and secure data sharing across
jurisdictions and industries. Subsidies or tax
incentives for companies investing in Al-enabled
reverse logistics infrastructure (e.g., automated
sorting facilities) can accelerate adoption [89].

» Establishing Al Governance Frameworks:
Regulatory bodies must develop clear guidelines
for the ethical deployment of Al in circularity,
focusing on data privacy, algorithmic
transparency (XAI), and mitigating bias. This is
essential for building public trust in the circular
economy [90].

* Implications for Developing Economies: Al
offers a wunique opportunity for developing
economies to "leapfrog" the linear industrial
model and move directly to a highly efficient
circular one [91]. Policy should focus on capacity
building, technology transfer, and establishing
regional data platforms to facilitate this transition.

VIII. FUTURE RESEARCH DIRECTIONS

The rapid evolution of both AI and the circular
economy presents a fertile ground for future academic
inquiry. Building upon the framework and findings
presented in this paper, we propose four key directions
for future research.

8.1 Al + Digital Product Passport Integration

The Digital Product Passport (DPP) is poised to
become the standardized data backbone of the circular
economy. Future research should focus on the
technical and governance challenges of integrating Al
models directly with DPP data streams [92]. This
includes developing secure, privacy-preserving Al
techniques (e.g., federated learning) that can leverage
sensitive DPP data across multiple organizations
without compromising competitive advantage or
consumer privacy. Research is needed to quantify the
increase in circular performance metrics (e.g., material
recovery rate, remanufacturing yield) directly
attributable to the real-time, Al-enhanced use of DPP
data [93].
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8.2 Explainable Al in Circular Decisions

As Al systems take on increasingly critical roles in
circular decision-making such as determining the fate
of a returned product or selecting a sustainable
supplier the need for transparency and trust becomes
paramount. Future work should explore the
application of Explainable Al (XAI) techniques to
circular supply chain models [94]. This research
should aim to develop XAI methods that can clearly
articulate why an Al model chose a specific circular
pathway (e.g., "The product was routed for recycling
because the Al predicted a 95% chance of material
purity based on its DPP history and the current market
price of virgin material") to build stakeholder
confidence and facilitate regulatory oversight [95].

8.3 Cross-Industry Circular Data Platforms

The full potential of the circular economy is realized
through industrial symbiosis, where the waste of one
industry becomes the input for another. This requires
cross-industry data sharing and coordination.
Research is needed to design and test decentralized,
Al-enabled data platforms that facilitate the matching
of material supply (waste streams) with material
demand (production inputs) across different sectors
[96]. This includes exploring the use of Reinforcement
Learning to optimize material exchange networks
dynamically, moving beyond simple bilateral
transactions to complex, multi-party circular loops
[97].

8.4 Al-Enabled Circular Performance Metrics
Current performance metrics often fail to capture the
holistic value of circularity. Future research should
focus on developing a new generation of Al-enabled
metrics that move beyond traditional financial and
environmental KPIs [98]. These metrics should
leverage Al's ability to process complex data to
quantify:

* Value Retention Rate: The economic and
environmental value retained by a product or
material through circular interventions.

e Systemic Circularity Index: A metric that assesses
the degree of closed-loop behavior across the
entire supply chain network, rather than just
isolated firm performance.

*  Algorithmic Sustainability Footprint: A metric to
track and minimize the energy consumption and
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environmental impact of the Al models
themselves [99].

IX. CONCLUSION

The transition from a linear to a circular economy
represents one of the most pressing and complex
challenges of the 21st century. This paper has
established that Artificial Intelligence is not merely an
auxiliary tool but the essential Circular Intelligence
Engine (CIE) required to manage the inherent
uncertainty, complexity, and data demands of scalable
Circular Supply Chains (CSCs).
We have systematically reviewed the intersection of
Al and CSC, culminating in a novel, three-layered
architectural framework comprising the Data Layer,
the Al Layer, and the Execution Layer that provides a
prescriptive blueprint for operationalizing intelligent
resource loops. Furthermore, the proposed taxonomy
clearly maps specific Al techniques (ML, DL, RL,
CV, LLMs) to the core circular functions (reuse,
repair, recycle, remanufacture), demonstrating the
mechanistic role of Al in enabling DfC, optimizing
reverse logistics, and maximizing material recovery
yield.
The paper highlights that the successful deployment of
this framework hinges on overcoming critical
challenges, particularly data fragmentation, the need
for robust ethical governance (XAI, bias mitigation),
and addressing the energy footprint of Al itself. The
managerial and policy implications derived from this
analysis underscore the need for strategic investment
in digital infrastructure (DPP), the development of
cross-functional talent, and the establishment of clear
regulatory frameworks to ensure transparent and
equitable Al-driven circularity.
In conclusion, Al provides the cognitive capability to
transform the CSC from a theoretical ideal into a
practical, economically viable, and environmentally
regenerative reality. Future research, particularly in
the areas of AI-DPP integration and Explainable Al,
will be crucial in solidifying the role of Al as the
indispensable enabler of a truly sustainable global
economy.
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