L

7@% International Journal of Machine Learning, Al &
M

2,

(A/ Data Science Evolution

Al & DATA SCIENCE
E TION

Volume 2, Issue 9 — September 2026 e E-ISSN: 3067-5073 P-ISSN: 3067-6932

Intelligent Waste-to-Resource Systems: Applying
Robotics, Computer Vision and Circular-
Economy Principles

Yun Arifatul Fatimah

Professor, Universitas Muhammadiyah Magelang, Indonesia

Abstract

The transition from conventional waste management to resource recovery requires more than
improvements in recycling machinery. It demands an integrated system capable of identifying
heterogeneous materials, making rapid sorting decisions, performing reliable physical manipulation, and
connecting recovered materials with circular production networks. This paper examines intelligent waste-
to-resource systems that combine computer vision, robotic sorting, sensor fusion, process automation, and
circular-economy principles. It employs a structured integrative review and a transparent conceptual
simulation rather than reporting empirical facility data. The review evaluates technological and
organizational evidence concerning image-based waste classification, spectral and material sensing,
robotic picking, adaptive conveyor control, data infrastructure, material quality, and secondary-resource
markets.

A system-level framework is proposed in which waste is treated as a dynamic resource stream.
Cameras and complementary sensors characterize incoming objects; artificial-intelligence models
estimate material identity and recoverability; robotic systems execute sorting or disassembly actions; and
quality-control data are returned to operational and design decisions. A five-stream illustrative simulation
compares conventional and Al-robotic sorting. Under the stated assumptions, the intelligent configuration
produces higher recovery rates for paper and cardboard, plastics, metals, glass, and organics. The largest
modeled improvement occurs for plastics, although this result reflects scenario assumptions and is not
evidence from an operating facility.

The analysis shows that classification accuracy alone is an inadequate measure of circular
performance. System value also depends on throughput, picking reliability, purity, safety, energy
consumption, material-market acceptance, and the prevention of low-value downcycling. Major barriers
include inconsistent datasets, visually ambiguous materials, contaminated waste, robotic grasping
difficulties, model drift, cybersecurity exposure, uncertain economics, and labor-transition concerns. The
paper concludes that intelligent waste-to-resource systems should be designed as accountable cyber-
physical infrastructures that connect automation with material traceability, human oversight, product
design, and stable markets for recovered resources.

Keywords: artificial intelligence; circular economy; computer vision; material recovery; recycling
robotics; sensor fusion; smart waste management; waste valorization
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1. Introduction

Growing material consumption has intensified pressure on municipal waste systems, industrial supply
chains, natural resources, and disposal infrastructure. Conventional waste management has generally
concentrated on collection, transportation, treatment, and final disposal. Although these functions remain
necessary, they often treat discarded products as an operational burden rather than as potential sources of
polymers, metals, fibers, glass, nutrients, components, and energy carriers. A waste-to-resource
perspective changes this orientation. Its central objective is to retain the highest feasible material and
functional value while minimizing environmental and social harm.

The circular economy provides an important foundation for this transition. Circularity seeks to
reduce virgin-resource extraction, extend product life, support reuse and repair, recover components, and
return suitable materials to production. Recycling is therefore one element of a larger hierarchy rather than
an isolated technological solution. Recovery systems should avoid incentives that normalize unnecessary
consumption or substitute low-quality recycling for waste prevention, product durability, and reuse.

Material-recovery facilities operate under demanding conditions. Incoming waste may be dirty,
crushed, overlapping, wet, reflective, partially concealed, chemically diverse, or placed in the wrong
collection stream. Objects move at different orientations and speeds, while their commercial value changes
with contamination, market demand, and processing costs. Manual sorting can provide flexible visual
judgment but exposes workers to repetitive motion, sharp objects, dust, biological hazards, and potentially
dangerous materials. Conventional mechanical separation is effective for certain physical characteristics,
yet it cannot always resolve products that appear similar while having different chemical compositions.

Robotics and computer vision create new possibilities for managing this complexity. Vision
models can detect objects, classify categories, segment material boundaries, and estimate grasping
locations. Near-infrared sensing, hyperspectral imaging, X-ray systems, magnetic separation, eddy-current
devices, and weight measurements can supply information that ordinary cameras cannot obtain. Robotic
manipulators can translate these predictions into physical actions such as picking, directing, separating, or
positioning objects for further processing.

The effectiveness of such technologies cannot be evaluated solely through laboratory classification
accuracy. An algorithm may classify clean, centered images correctly while performing poorly when
objects are contaminated or partially hidden on a fast conveyor. A robotic arm may identify the correct
item but fail to grasp it. A facility may recover a high tonnage but produce material that does not meet
buyers’ purity requirements. Likewise, an advanced installation can create new environmental burdens if
its energy use, maintenance requirements, discarded electronics, or infrastructure costs outweigh its
material benefits.

The research problem is therefore systemic: how can robotics, computer vision, sensing, and
circular-economy governance be integrated so that waste-processing systems deliver safe, high-quality,
and commercially usable resources? Existing research frequently examines individual tasks such as image
classification, object detection, robotic manipulation, or collection optimization. Less attention is given to
the complete chain connecting perception, physical recovery, material quality, market acceptance, and
feedback to product and packaging design.
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2. Review of Literature

2.1 Circular Economy and Resource Recovery

Circular-economy scholarship distinguishes restorative material flows from the traditional linear model of
extraction, production, consumption, and disposal. Ghisellini et al. (2016) describe circularity as a multi-
level transformation involving production systems, consumption practices, policy, and environmental
management. Lieder and Rashid (2016) similarly emphasize that implementation requires alignment
between environmental benefits and business incentives. Consequently, resource recovery cannot be
understood as a purely technical activity occurring after consumption.

Definitions of circularity vary in scope. Kirchherr et al. (2017) show that some interpretations
emphasize recycling, while more comprehensive definitions include reduction, reuse, economic
prosperity, environmental quality, and social equity. Geissdoerfer et al. (2017) further position the circular
economy as a sustainability-related paradigm, while cautioning that circularity and sustainability should
not be treated as automatically equivalent. A circular practice must still be evaluated for energy use,
toxicity, emissions, labor conditions, and wider system effects.

Within waste operations, a resource-oriented system should preserve materials at the highest
technically and environmentally appropriate level. A reusable component normally retains more value
than its fragmented raw material. A clean polymer stream generally supports better applications than a
mixed and contaminated stream. This means that intelligent infrastructure should determine not only what
an object is, but also whether it should be reused, repaired, remanufactured, recycled, biologically treated,
subjected to energy recovery, or safely isolated.

2.2 Computer Vision and Sensor-Based Waste Identification

Computer vision has become a prominent approach to automated waste recognition. Early systems used
engineered features such as color, shape, texture, and edge information. Deep neural networks
subsequently enabled models to learn hierarchical representations directly from images. Public datasets
such as TrashNet encouraged comparative experimentation by providing labeled images of common
recyclable categories. However, TrashNet contains only 2,527 images captured under relatively controlled
conditions, making it useful for preliminary research but insufficient as a representation of industrial waste
complexity (Thung & Yang, 2016).

Research using convolutional neural networks has demonstrated that waste categories can be
distinguished in curated image collections. Adedeji and Wang (2019) presented an intelligent
classification approach using deep learning, while later optimization studies examined ways of improving
classification performance and computational efficiency. Such work establishes technical feasibility but
also reveals a persistent gap between image-level benchmarks and conveyor-level operation.

Real facilities present domain-shift problems. Packaging designs change, labels cover underlying
materials, transparent objects reflect surrounding light, and food residue changes color and texture.
Multiple objects may overlap, while thin films deform under airflow. Models trained in one geographic
location may encounter unfamiliar brands, product types, or disposal practices elsewhere. Performance
must therefore be tested under representative lighting, speed, contamination, and material conditions.
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2.3 Robotics, Automated Sorting, and System Integration

Robotic waste sorting connects perception with physical manipulation. A typical installation includes
illumination, cameras or material sensors, a moving conveyor, computing equipment, tracking software,
a manipulator, an end effector, collection bins, and safety controls. The perception system detects target
objects and estimates their positions. Planning software predicts where each object will be when the robot
reaches it. The manipulator then attempts a pick using suction, mechanical fingers, or a specialized gripper.

Koskinopoulou et al. developed a vision-based robotic categorization system that illustrates the
integration of deep-learning perception with physical waste sorting. The importance of such work lies not
only in classification but in coordinated operation: the system must recognize an object, localize it, select
an action, and execute that action before the object leaves its reachable area. A failure in any stage lowers
overall recovery.

Automated sorting literature also recognizes that machinery must be evaluated as an
interconnected processing line. Gundupalli et al. (2017) reviewed automated sorting technologies and
demonstrated that different waste fractions require distinct physical and sensor-based mechanisms.
Computer vision is therefore most valuable when it complements rather than indiscriminately replaces
magnetic, aerodynamic, density-based, optical, and manual processes.

Table 1: Selected foundations for intelligent waste-to-resource systems

Research area

Representative contribution

Relevance to the
present framework

Main limitation

Circular-
economy
theory

Links material circulation
with production,
consumption, policy, and
sustainability

Establishes value-
preservation objectives

Broad principles
require operational
metrics

Waste-image

Demonstrates automated
categorization using labeled

Supports rapid visual

Curated datasets
underrepresent

classification . identification . . o
images industrial variability
Identifies materials through Improves Equipment cost and
Sensor-based . . C . .
” spectral, magnetic, density, or | discrimination beyond material-specific
sortin . o
g elemental properties appearance calibration

Robotic sorting

Integrates object recognition,
localization, tracking, and
picking

Converts digital
predictions into
physical recovery

Grasp failures and
throughput constraints

Digital waste
systems

Connects sensing, analytics,
traceability, and operational
decisions

Enables monitoring
and feedback across
the value chain

Interoperability,
governance, and
cybersecurity risks
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The literature collectively indicates that no individual technology creates circularity. A classifier without
a reliable picking mechanism cannot remove the selected object. A robot without market-aware target
priorities may recover materials of limited value. A high-purity output without stable demand may not
displace virgin material. The relevant unit of analysis is therefore the complete waste-to-resource system.

3. Objectives

The overall objective of this paper is to develop a system-level understanding of how robotics, computer

vision, and circular-economy principles can be integrated into intelligent waste-to-resource infrastructure.

The analysis goes beyond technical recognition accuracy to consider the operational, environmental,

economic, and institutional conditions that determine whether a discarded item becomes a usable resource.

A second purpose is to provide a research framework that can guide later pilot studies and facility-

level evaluations. Because the quantitative component is simulated, the paper does not claim to

demonstrate actual industrial performance. Instead, it identifies variables, relationships, and measurement

requirements suitable for empirical validation.

The specific objectives are:

e To explain how circular-economy principles alter the goals and performance criteria of waste-
management systems.

e To evaluate the roles of computer vision, material sensors, robotic manipulators, and intelligent
process control in waste identification and recovery.

o To identify points at which classification, tracking, grasping, separation, quality assurance, or market
acceptance can interrupt resource recovery.

e To distinguish laboratory image-classification performance from system-level material-recovery
performance.

e To construct a conceptual architecture connecting waste characterization, decision-making, robotic
action, quality verification, and material-market information.

e To demonstrate, through clearly labeled simulated data, how different sorting configurations can be
compared across major waste streams.

e To examine technical, environmental, economic, labor, safety, ethical, and cybersecurity challenges
associated with intelligent waste infrastructure.

o To propose implementation and evaluation priorities for responsible and scalable waste-to-resource
systems.

The investigation is guided by five research questions:

e How can computer vision and complementary sensors improve the identification of recoverable
materials under heterogeneous operating conditions?

e Which technical interfaces most strongly influence the conversion of classification decisions into
successful material recovery?

e How should circular-economy principles influence sorting priorities and performance indicators?

e What risks may prevent intelligent automation from producing environmentally and socially beneficial
outcomes?

o Which governance and data practices are necessary for scaling intelligent waste-to-resource systems
responsibly?
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4. Research Methodology

4.1 Evidence Identification and Eligibility

The study used a structured integrative-review approach. Relevant academic literature was identified from
multidisciplinary engineering, computing, environmental-science, and waste-management sources.
Search concepts included combinations of waste classification, robotic sorting, computer vision recycling,
sensor-based waste sorting, material recovery facility, deep learning waste, circular economy, resource
recovery, robotic disassembly, and digital waste management.

Priority was given to peer-reviewed journal articles, conference papers describing identifiable
technical methods, authoritative conceptual reviews, and institutional circular-economy reports published
within the review boundary stated in the References. Studies were included when they addressed at least
one of the following: automated material identification, waste-image datasets, robotic picking, sensor-
based separation, resource-recovery performance, circular-economy implementation, or the integration of
digital technologies into waste operations.

Studies limited to collection-route optimization, general smart-city monitoring, or energy recovery
without a meaningful connection to material identification and circular resource use received secondary
attention. The review did not treat vendor claims as verified evidence unless independently evaluated.
Reported laboratory performance was interpreted within the conditions of the corresponding dataset and
was not generalized automatically to mixed-waste facilities.

4.2 Analytical Coding and System Framework

The selected literature was coded across six functional dimensions:

o Input conditions: waste composition, contamination, object deformation, overlap, moisture, and flow
variability.

e Perception: RGB imaging, depth sensing, spectral sensing, object detection, classification,
segmentation, and confidence estimation.

o Decision: target selection, value ranking, hazardous-item detection, path planning, and uncertainty
handling.

e Action: conveyor synchronization, robotic picking, mechanical separation, disassembly, and bin
allocation.

e Output quality: capture rate, purity, residual contamination, damage, and market-grade compliance.

o System outcomes: avoided disposal, secondary-material substitution, energy use, worker safety, cost,
traceability, and circular value retention.

This coding structure was used to develop a closed-loop framework. Incoming objects are observed

through sensors; an inference layer assigns material and condition probabilities; a decision engine selects

an intervention; and a physical system performs sorting or disassembly. Downstream quality

measurements are returned to the model and operational controller. Market requirements and circular

priorities influence the selection of target materials.

4.3 Simulation Design and Data Integrity
A deterministic illustrative simulation was constructed to compare conventional sorting with an Al-robotic
configuration across five aggregated waste streams. The modeled values represent plausible analytical
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scenarios, not measurements from a particular city, company, facility, or experiment. They were selected
to demonstrate comparative reasoning and should be replaced with audited operational data in an empirical
study.

Table 2: Input data for the illustrative recovery-rate comparison

Conventional Al-robotic Modeled change
Waste stream . . .
sorting (%) sorting (%) (percentage points)

Paper and
58 84 26

cardboard
Plastics 42 76 34
Metals 71 92 21
Glass 63 86 23
Organics 48 73 25

Unweighted 56.4 82.2 25.8
mean

The values assume that the intelligent configuration combines better object recognition, rapid target
selection, robotic extraction, and feedback-based quality control. They do not isolate the contribution of
any single component. The unweighted mean gives each waste stream equal importance and is not a mass-
weighted facility recovery rate.

Descriptive comparisons were considered appropriate because the values are scenario inputs rather
than sampled observations. Inferential statistics, significance tests, confidence intervals, and causal claims
would be inappropriate. The graph in Section 5 is consequently labeled as a simulation.

5. Analysis

An intelligent waste-to-resource platform begins with input characterization. Facilities require information
about incoming composition, source, contamination, moisture, particle size, seasonal variation, and
potentially hazardous contents. This information can be estimated continuously through weighbridges,
cameras, spectral scanners, sampling stations, and historical collection records. When input composition
changes, static equipment settings become inefficient. An intelligent controller can instead modify
conveyor speed, activate alternative separation stages, or adjust robotic target priorities.

Perception should be organized as a layered process. RGB cameras provide inexpensive color and
texture information. Depth cameras estimate surface geometry and object position. Near-infrared sensing
helps distinguish certain polymer types, while metal detectors, magnets, eddy-current separators, X-ray
systems, and weight measurements reveal properties that are not visually obvious. The fusion of these
signals can reduce uncertainty, provided that sensor alignment, calibration, and timing remain reliable.
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The model should also be capable of declining uncertain decisions. In safety-critical or high-value
streams, a low-confidence object can be directed to secondary inspection rather than being assigned
forcibly to an incorrect category. Confidence-aware routing can prevent hazardous objects from
contaminating recyclable outputs and can produce samples for later model retraining.

Robotic action introduces a distinct set of constraints. A detected object may be partially buried,
moving unpredictably, or unsuitable for a suction gripper. Flexible film can flutter; broken glass requires
careful handling; crushed containers may offer no stable grasping surface; and food-contaminated objects
can block suction. A practical decision engine should therefore estimate both material value and
pickability.

A simplified robotic priority score may be expressed as:

Si=w1Vi+w2Hi+w3Pi+w4Ci—w5Ti

where Vi represents expected resource value, Hi represents hazard-removal importance, Pi represents
pick-success probability, Ci represents confidence in classification, and Ti represents the time required for
the action. The weights reflect operational and circular priorities. A facility processing electronic waste
might assign a high weight to hazard removal, whereas a packaging line might prioritize polymer purity
and throughput.

Graph 1: Simulated Material-Recovery Rates by Waste Stream: Conventional versus AI-Robotic

Sorting Systems
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mmm Al-robotic sorting
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cardboard

Waste stream

The simulated Al-robotic configuration exceeds conventional sorting in every modeled stream. Plastics
show the largest difference, increasing from 42% to 76%, or 34 percentage points. This reflects the
assumed benefit of combining vision with material-specific sensing and precise extraction. Paper and
cardboard improve by 26 points, organics by 25 points, glass by 23 points, and metals by 21 points.
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The smaller modeled improvement for metals should not be interpreted as limited technical value.

Conventional facilities already have effective mechanisms for recovering many metals, including
magnetic and eddy-current separation. Intelligent systems may nevertheless improve the identification of
composite items, small fragments, batteries, cables, and high-value nonferrous components.
Key finding: Under the assumptions of this conceptual model, the intelligent configuration raises the
unweighted mean recovery rate from 56.4% to 82.2%, a difference of 25.8 percentage points. This is an
analytical scenario demonstrating system relationships—not an empirical estimate of expected facility
performance.

Recovery rate must be interpreted together with purity. A system could capture more target
material while also introducing non-target contamination. Purity influences sale price, downstream
processing, and the possibility of closed-loop recycling. Each output stream should therefore be evaluated
with paired indicators.

6. Challenges

Dataset quality is one of the most important technical limitations. Common research datasets contain a
small number of broad categories and often use clean, isolated objects against simple backgrounds.
Industrial waste is substantially more complicated. Labels can conceal material surfaces, multiple
materials can be bonded together, and contamination can alter appearance. A model trained on ideal
images may consequently produce impressive benchmark results while failing in deployment.

Category definitions also create difficulties. “Plastic” is not a single operational class. Different
polymers have different properties, additives, colors, markets, and recycling pathways. The same problem
appears in electronic waste, textiles, composite packaging, and construction debris. Training labels should
therefore correspond to actual recovery decisions rather than visually convenient categories.

Occlusion and object overlap are persistent conveyor problems. An item may become visible only
after surrounding material moves. Repeated observation and tracking can help, but they increase
computational complexity. Fast inference is essential because decisions must be made within the robot’s
reachable window. Latency in sensing, communication, planning, or actuation may cause a technically
correct decision to miss its target.

Robotic manipulation remains challenging for soft, sharp, wet, tangled, porous, or irregular
objects. A single end effector rarely performs equally well across all fractions. Suction systems are rapid
but may struggle with porous or dirty surfaces. Mechanical grippers offer stronger control but require
more precise positioning and may become entangled. Tool-changing mechanisms can increase flexibility
but add time and maintenance demands.

Model drift creates another problem. Products, packaging, disposal behavior, and seasonal waste
composition change continuously. A system that performs well at installation may deteriorate if new
materials are introduced. Continuous monitoring and periodic retraining are therefore necessary.
Retraining data should include false picks, missed targets, low-confidence cases, and downstream quality
failures.
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7. Discussion

7.1 From Sorting Accuracy to Circular-System Performance

The central implication of this study is that waste intelligence should be evaluated at the level of usable
resource outcomes. Classification accuracy is important, but it represents only one stage in a chain.
Detection, localization, physical extraction, stream purity, downstream processing, and market acceptance
jointly determine whether a material returns to production.

This perspective changes technology procurement. A facility should not select a system merely
because it performs well on a vendor dataset. Evaluation should use representative waste, actual conveyor
speeds, appropriate contamination, and downstream quality specifications. Tests should include rare but
dangerous objects, uncertain classifications, and recovery failures. Performance should be reported
separately for material categories because aggregate accuracy can conceal weak results for low-frequency
or high-risk items.

Circular-system assessment must also distinguish quantity from retained value. Recovering a high
mass of mixed material for low-grade applications may produce less circular benefit than recovering a
smaller but highly pure stream for closed-loop manufacturing. Metrics should reflect displacement of
virgin material, product-life extension, hazardous-material isolation, and the preservation of components.

7.2 Human—-Robot Collaboration and Just Transition

Human and machine capabilities are complementary. Vision systems offer speed, repeatability, and the
capacity to monitor large data streams. Robots can perform repetitive picks and operate in hazardous
zones. Human workers contribute contextual judgment, exception handling, tacit operational knowledge,
maintenance skill, ethical oversight, and adaptability in unfamiliar situations.

A collaborative facility can assign predictable, high-frequency, and hazardous actions to machines
while reserving ambiguous cases for trained personnel. Interfaces should present understandable
confidence estimates, diagnostic information, and clear intervention controls. Workers should be able to
stop equipment safely, challenge incorrect classifications, and record new material types without
navigating unnecessarily complex software.

Workforce participation is also a source of technical quality. Experienced sorters can identify
failure patterns overlooked by system developers. Their observations can improve label definitions, sensor
placement, gripper selection, and maintenance schedules. A just-transition strategy should include early
consultation, paid training, role redesign, occupational-health monitoring, and transparent communication
about expected employment changes.

7.3 Scalable Data Infrastructure and Design Feedback
Scaling intelligent resource recovery requires common data structures. Facilities need consistent
descriptions of materials, products, contamination, sensor conditions, recovery actions, and output quality.
Interoperable records would allow performance comparison without forcing every organization into the
same proprietary platform. Open interfaces can also enable smaller technology providers to contribute
specialized sensors or models.

Material passports and digital product information could increase the quality of automated
decisions, but they require governance. Data must remain accurate throughout the product life cycle,
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identifiers must survive use and disposal, and access rules must protect legitimate commercial and privacy
interests. A passport that cannot be read by recovery facilities has little practical value.

The strongest long-term opportunity may be the feedback connection between waste operations
and product design. Recovery systems observe real-world failures at scale: inseparable laminates, dark or
reflective packaging, hazardous adhesives, misleading labels, embedded batteries, and components that
cannot be removed. Structured feedback can help designers eliminate problematic combinations and
improve repairability, disassembly, and recyclability.

Such feedback transforms the facility from a passive endpoint into an active source of industrial
knowledge. The resulting system is circular not merely because it sorts waste, but because information
from discarded products influences upstream design, purchasing, policy, and production decisions.

8. Conclusion

Intelligent waste-to-resource systems offer a promising means of improving material identification,
worker safety, process adaptability, output quality, and resource traceability. Their value emerges from
the integration of sensing, computer vision, robotic manipulation, process control, and circular decision
rules. An isolated classifier or robot cannot achieve these outcomes without reliable physical
infrastructure, quality assurance, and downstream demand.

The conceptual simulation presented in this paper illustrates how an integrated Al-robotic
configuration could be compared with conventional sorting across multiple waste streams. Under the
stated assumptions, the intelligent configuration produces higher modeled recovery rates in every category
and raises the unweighted mean by 25.8 percentage points. These results are illustrative, not empirical.
They identify hypotheses and measurement priorities for later pilot studies rather than predicting the
performance of a particular facility.

Future research should conduct longitudinal evaluations under real operating conditions. Such
studies should report category-level recognition, pick success, throughput, purity, energy use, downtime,
occupational effects, and the final destination of recovered materials. Baselines and system boundaries
should be disclosed, while model updates and operational modifications should be documented.
Environmental evaluation should determine whether recovered materials genuinely displace virgin
production and whether the benefits exceed the burdens of the added infrastructure.

Responsible implementation also requires stable secondary-resource markets, interoperable data
standards, cybersecurity protections, inclusive workforce strategies, and policies supporting product
durability and recycled-material demand. The ultimate goal is not simply faster waste sorting. It is the
creation of accountable industrial systems that preserve material value, protect people and ecosystems,
and provide feedback capable of reducing waste at its source.

IJMLAIDSE Website: www.ijmlaidse.com Email: editor@ijmlaidse.com 32


http://www.ijmlaidse.com/

2,

7 International Journal of Machine Learning, Al &

ONAL
RSk
@Q, g <
% o,
/\AI/—\/\

(/ Data Science Evolution

Al & DATA SCIENCE
~~~~~~~~~~~~

Volume 2, Issue 9 — September 2026 e E-ISSN: 3067-5073 P-ISSN: 3067-6932

References

1.

10.

11

12.

13.

Geissdoerfer, M., Savaget, P., Bocken, N. M. P., & Hultink, E. J. (2017). The circular economy — A
new  sustainability  paradigm?  Journal of Cleaner  Production, 143, 757-768.
https://doi.org/10.1016/j.jclepro.2016.12.048

Kirchherr, J., Reike, D., & Hekkert, M. (2017). Conceptualizing the circular economy: An analysis of
114 definitions. Resources, Conservation and Recycling, 127, 221-232.
https://doi.org/10.1016/j.resconrec.2017.09.005

. Kirchherr, J., Piscicelli, L., Bour, R., Kostense-Smit, E., Muller, J., Huibrechtse-Truijens, A., &

Hekkert, M. (2018). Barriers to the circular economy: Evidence from the European Union (EU).
Ecological Economics, 150,264-272. https://doi.org/10.1016/j.ecolecon.2018.04.028

Korhonen, J., Honkasalo, A., & Seppilé, J. (2018). Circular economy: The concept and its limitations.
Ecological Economics, 143, 37—46. https://doi.org/10.1016/j.ecolecon.2017.06.041

Bogue, R. (2019). Robots in recycling and disassembly. Industrial Robot: An International Journal,
46(4), 461-466. https://doi.org/10.1108/IR-03-2019-0053

Xiao, W., Yang, J., Fang, H., Zhuang, J., Ku, Y., & Zhang, X. (2020). Development of an automatic
sorting robot for construction and demolition waste. Clean Technologies and Environmental Policy,
22, 1829-1841. https://doi.org/10.1007/s10098-020-01922-y

Wang, Z., Li, H., & Yang, X. (2020). Vision-based robotic system for on-site construction and
demolition waste sorting and recycling. Journal of Building Engineering, 32, 101769.
https://doi.org/10.1016/].jobe.2020.101769

Fatimah, Y. A., Govindan, K., Murniningsih, R., & Setiawan, A. (2020). Industry 4.0 based sustainable
circular economy approach for smart waste management system to achieve sustainable development
goals: A case study of Indonesia. Journal of Cleaner Production, 269, 122263.
https://doi.org/10.1016/j.jclepro.2020.122263

Chauhan, A., Jakhar, S. K., & Chauhan, C. (2020). The interplay of circular economy with Industry
4.0 enabled smart city drivers of healthcare waste disposal. Journal of Cleaner Production, 279,
123854. https://doi.org/10.1016/j.jclepro.2020.123854

Rajput, S., & Singh, S. P. (2020). Industry 4.0 model for circular economy and cleaner production.
Journal of Cleaner Production, 277, 123853. https://doi.org/10.1016/j.jclepro.2020.123853

. Krél, A., Nowakowski, P., & Mrowczynska, B. (2016). How to improve WEEE management? Novel
approach in mobile collection with application of artificial intelligence. Waste Management, 50, 222—
233. https://doi.org/10.1016/j.wasman.2016.02.033

Wilts, H., Riesco Garcia, B., Guerra Garlito, R., Saralegui Gémez, L., & Gonzalez Prieto, E. (2021).
Artificial intelligence in the sorting of municipal waste as an enabler of the circular economy.
Resources, 10(4), 28. https://doi.org/10.3390/resources 10040028

Koskinopoulou, M., Raptopoulos, F., Papadopoulos, G., Mavrakis, N., & Maniadakis, M. (2021).
Robotic waste sorting technology: Toward a vision-based categorization system for the industrial
robotic separation of recyclable waste. I[EEE Robotics and Automation Magazine, 28(2), 50—60.
https://doi.org/10.1109/MRA.2021.3066040

IJMLAIDSE Website: www.ijmlaidse.com Email: editor@ijmlaidse.com 33


http://www.ijmlaidse.com/
https://doi.org/10.1016/j.jclepro.2016.12.048?utm_source=chatgpt.com
https://doi.org/10.1016/j.resconrec.2017.09.005?utm_source=chatgpt.com
https://doi.org/10.1016/j.ecolecon.2018.04.028
https://doi.org/10.1016/j.ecolecon.2017.06.041
https://doi.org/10.1016/j.jobe.2020.101769
https://doi.org/10.1016/j.jclepro.2020.122263
https://doi.org/10.3390/resources10040028

R
2,

&
P
MACHINE LEARNING,
Al & DATA SCIENCE
\ —+EVOLUTION- /

@ International Journal of Machine Learning, Al &

Data Science Evolution

Volume 2, Issue 9 — September 2026 e E-ISSN: 3067-5073 P-ISSN: 3067-6932

14.

15.

16.

17.

18.

19.
20.

Mao, W.-L., Chen, W.-C., Fathurrahman, H. I. K., & Lin, Y.-H. (2022). Deep learning networks for
real-time regional domestic waste detection. Journal of Cleaner Production, 344, 131096.
https://doi.org/10.1016/j.jclepro.2022.131096

Majchrowska, S., Mikotajczyk, A., Ferlin, M., Klawikowska, Z., Plantykow, M. A., Kwasigroch, A.,
& Majek, K. (2022). Deep learning-based waste detection in natural and urban environments. Waste
Management, 138,274-284. https://doi.org/10.1016/j.wasman.2021.12.001

Fang, B., Yu, J., Chen, Z., et al. (2023). Artificial intelligence for waste management in smart cities:
A review. Environmental Chemistry Letters, 21, 1959-1989. https://doi.org/10.1007/s10311-023-
01604-3

Salem, K. S., & Clayson, K. (2023). A critical review of existing and emerging technologies and

systems to optimize solid waste management for feedstocks and energy conversion. Matter.

Zheng, J., et al. (2023). Applications of convolutional neural networks for intelligent waste
identification and recycling: A review. Resources, Conservation and Recycling, 190, 106813.
https://doi.org/10.1016/j.resconrec.2022.106813

0. Computers & Industrial Engineering, 195, 110457. https://doi.org/10.1016/j.c1e.2024.110457
Almasi, A. M., et al. (2022). Innovation designs of Industry 4.0 based solid waste management:
Machinery and digital circular economy. Environmental Research, 213, 113619.
https://doi.org/10.1016/j.envres.2022.113619

IJMLAIDSE Website: www.ijmlaidse.com Email: editor@ijmlaidse.com 34


http://www.ijmlaidse.com/
https://doi.org/10.1016/j.wasman.2021.12.001
https://doi.org/10.1007/s10311-023-01604-3
https://doi.org/10.1007/s10311-023-01604-3

