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ABSTRACT: Electronic waste (e-waste), as defined by the United Nations, is any discarded electric or electronic equipment,
including all components and subassemblies, that are part of the equipment when it becomes waste, ranging from dead smartphones
to broken washing machines. As the technology industry and global consumption increase, the volume of e-waste has surged,
yet the systems for reprocessing are still disconnected, inefficient, and most of all, hazardous. To address these challenges, this
study investigates the potential of digital platforms to resolve inefficiencies in e-waste disassembly and recycling. Researchers
have applied robotics, AI modeling, platform analysis, and past studies to achieve this goal. While some studies explored e-waste
logistics systems with multiple suppliers, others used deep learning to identify components in circuit boards. This study examines
the applications of artificial intelligence, the impact of chain digitization, and sustainable resource management in e-waste recycling
from various research sources. By combining automation, data exchange, and disassembly procedures, this paper contributes to
clarifying digital platform requirements for e-waste recycling and its benefits. Because current solutions tend to focus on individual
e-waste products, a more unified model is needed that connects these works, which could cover the vast e-waste architectures.
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B Introduction

Electronic waste is the fastest-growing waste stream in his-
tory, generating over 60 million metric tons annually, of which
only 17% is properly collected and recycled.” According to
the Global E-waste Monitor, the average annual growth rate
(AAGR) of e-waste grew by roughly 5.15% annually between
2010 and 2022. This growth is expected to increase by another
32% by 2030. Due to their limited underground supply, valu-
able materials like gold, copper, platinum, and other rare earth
clements (REEs) are already in short supply and are found in
the majority of these products. E-waste recycling procedures
are still expensive, time-consuming, and fragmented despite
this trend. Current models have limitations on supply chains,
rely heavily on manual labor, and have little mechanization.!
As a result, in the last ten years, researchers in this field have
started to investigate the use of automation, robotics, and
artificial intelligence (Al) to enhance e-waste object identifi-
cation, sorting, and dismantling.? Additionally, several studies
show how digital platforms can be used to improve circular
economies and expedite disassembly processes.® Despite some
advancements in robotics and Al applications in the stream,
the dismantling step remains the most hazardous, laborious,
and costly step. Yoshida discusses the challenges in large-scale
automation, due to manual disassembly still being common
because of how variable device architecture can be.* Chen and
Bhardwaj point out that although Al-based innovations are
growing, they are frequently disjointed and incompatible.®”
The primary gap in this field, which includes scalability issues
and recycling process bottlenecks, is made clear by the absence
of a centralized framework or platform that links these tools
for global-scale dismantling workflows.

Preliminary methods of managing e-waste are unrefined and
pose a risk to both the environment and human health. To re-
cover valuable metals, discarded electronics are often exported
and burned outdoors in developing nations.® Areas like Guiyu,
China, and Agbogbloshie, Ghana, are notable hotspots for un-
official recycling practices, where workers, even minors, handle
electronics disassembly without safety gear, exposing them to
toxins like cadmium, lead, and mercury.” Although there are
some values recovered, these practices contaminate nearby riv-
ers and are responsible for the majority of premature deaths.
Modern systems for recycling e-waste have shifted toward
automated procedures. Devices are broken down into smaller
pieces using industrial shredders. The particular materials are
then recovered by manual sorting.® To extract metals, many cur-
rent facilities commonly use hydrometallurgy, pyrometallurgy,
chemical leaching, and bioleaching.” Though easier to imple-
ment, these approaches have significant drawbacks, especially
when it comes to global scalability. The systems only focus on
REE extraction, meaning any non-valuable components are
still landfilled. They also still show low recovery rates, pose tox-
ic exposure risks, and are very expensive to operate.’ Complex
dismantling procedures also primarily depend on human labor,
which slows output and raises worker risk even more.’

To overcome these obstacles, researchers have begun studies
on automated Al-based classification and disassembly systems.
Robots plan disassembly sequences through certain models
that use machine learning (ML) and deep learning (DL) to
identify device models from vast image data.> Convolutional
neural networks (CNNs) are often used in other systems with
sensor data to recognize different kinds of materials like glass,
metal, and plastic.® Despite these emerging solutions, ML
and DL technologies for e-waste disassembly are still in the
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experimental stage and are often restricted to specific device
categories.’

Al approaches offer several potential ways to improve the
safety and scalability of e-waste recycling. One approach uses
DL to identify devices; these models, trained on small datasets,
can determine features on smartphone backs and set predic-
tions on the steps involved in its disassembly.? To maximize the
recovery of rare earth metals or plastics, Al algorithms are also
used in maintenance and sorting, where they can predict failure
points or material fatigue in products.>” A more advanced idea
is the use of Al-controlled robotic arms. By combining visual
data, weight sensing, and metal detection, they can take apart
devices on their own with minimal human intervention.>’
These systems cut down on hazardous manual work, speed up
material recovery, and increase accuracy. These solutions' need
for more training data, generalization, and system integration,
however, is the main reason they are not widely used in general
e-waste recycling. These Al solutions are still uncommon in
full-scale industry practice, with the majority being limited to
pilot projects or research labs. They are still limited and dis-
persed because large-scale e-waste facilities around the world
still mostly use manual or semi-mechanical processes.

This paper proposes a first-of-a-kind, centralized Al sys-
tem that integrates current advancements into a single, flexible
workflow to address the above disparity issue. The system
would integrate robotic controls to carry out dismantling
tasks, predictive algorithms to identify the best disassembly
sequences, and various sensing (visual, infrared, and X-ray)
for device and material identification. The discord observed
in current Al prototypes would be resolved since all parts
would share a common database of device build-ups. This al-
lows for information exchange and adaptation to new products
without the need for constant manual reprogramming. This
review will investigate the potential of Al-driven tools in the
e-waste industry, blending them into a single digital platform
that enables safer, more efficient, and scalable dismantling of
electronic waste. By integrating advances in machine vision,
automation, and platform design, the proposed solution aims
to overcome limitations in conventional recycling and present
a path toward sustainable e-waste recovery.

The remainder of the paper is organized into the follow-
ing sections: The Discussion will cover the current and past
recycling methods with an emphasis on the main drawbacks
of today’s procedures, followed by the main issue at hand. It
will then introduce the digital unified platform concept, com-
bining robotics, Al, and training datasets. The remainder will
explore this platform through three lenses: safety, efficiency,
and scalability. We will conclude by discussing the future po-
tential of these systems in creating a circular economy and
reducing environmental harm.

® Discussion

Problem Definition:

Three main problems continue to affect e-waste recycling,
despite advancements in mechanization and early Al integra-
tion:

(1) Health and safety hazards

(2) Ineffective recovery procedures

(3) Lack of scalability

Even in regulated facilities, workers are still exposed to haz-
ardous materials, recovery rates for critical materials are still
below economically feasible thresholds, and the solutions that
are currently available are fragmented and context-specific.”®
Without extensive innovation, the global e-waste problem is
predicted to reach 74 million metric tons by 2030, more than
doubling the current recycling capacity. Instead of making tiny,
gradual changes, a platform-level approach that simultaneous-
ly integrates safety, efficiency, and adaptability is essential to
address these problems. Several nations are experimenting
with extended producer responsibility (EPR) systems, which
require manufacturers to legally take back and recycle their
products at the end of their useful lives, in addition to official
recycling facilities. Effective EPR systems can lower landfill
waste and encourage manufacturers to create more recycla-
ble products, according to studies, though adoption varies.!!
Another tactic that has been successful in raising awareness
but struggles to sustain long-term behavior change is consum-
er-level education campaigns. Despite these developments,
recycling rates remain low worldwide, highlighting the need
for solutions that integrate technological innovation, policy,
and infrastructure.?

Past and Current Methods:

A. Early Methods of E-waste Disposal:

In the 1990s and early 2000s, the initial step in recycling
e-waste was mostly unregulated and dangerous. People in de-
veloping countries often take part in disassembling electronic
products manually without proper safety gear or regulations.®
Communities in Guiyu and Agbogbloshie burned plastics and
circuit boards in open-air environments to extract copper and
other rare earth metals, which in turn released dioxins and heavy
metals into the air, soil, and water.” Despite its harm, these
methods continued to generate income by selling scrap met-
als and therefore continued. With this being an ongoing issue
even today, the pollution prompted environmental damage and
long-term health defects like neurological damage, respiratory
illness, and even cancer.’? Worker injury rates have remained
high, averaging 46% and even rising to 70% in severe regions."
Richer countries export large amounts of used electronics un-
der the semblance of "second-hand goods", knowing that they
would frequently wind up in hazardous recycling facilities.* In
the absence of official infrastructure, informal recyclers created
their own methods, which, despite their rudimentary nature,
were crucial for survival in economies, especially with limit-
ed options. As a result, toxic practices were established in the
socioeconomic communities where dangerous methods were
normalized as "work" rather than "exposure”.

B. Transition to Mechanized Recycling:

Recycling in developed countries has moved away from
these informal methods and toward mechanized systems. To-
day, high-powered industrial shredders are used to break down
electronics into smaller pieces, with regulations now enforced
in some regions.® To retrieve valuable parts such as gold, palla-
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dium, and copper, these shredded materials are sorted by their
physical/chemical properties. This can be done by hand or with
sensor machines. Techniques like hydrometallurgy, pyrometal-
lurgy, and chemical leaching are then used to further refine the
products. However, each method possesses certain drawbacks.
For example, hydrometallurgy, which involves the use of strong
acids (e.g., sulfuric, hydrochloric, nitric, aqua regia) and agents
like cyanide, thiosulfate, and halides in large volumes, they
contribute greatly to soil and groundwater contamination. In
southern coast districts in China, child blood lead levels were
found to be 54% higher than average in some areas. Chemical
leaching also utilizes considerable amounts of chemicals and
creates toxic waste streams. Studies show that open burning
and leaching can lead to soil contamination of up to 18,125
ppm, compared to the US EPA play-area standard of 400 ppm.
Pyrometallurgy, or the use of high heat to facilitate metal re-
covery, requires up to 2000 kilowatt-hours of energy per ton
of e-waste and can allow explosive organic compounds to es-
cape.”!” Though they perform better than traditional sorting
by hand, recovery rates remain far from desirable levels and
allow non-valuable fractions such as flame-retardant plastics
to be landfilled.” Furthermore, these processes frequently ex-
ternalize costs. Consumers often see the “green” in marketing,
while the hidden energy requirements and chemical waste re-
main significant.

C. Labor Dependency and Safety Risks:

Human labor continues to play a significant role in the dis-
mantling process. It is frequently challenging for machines to
completely automate disassembly because of the complex ar-
chitectures and non-standardized device layouts of e-waste.*
When removing batteries, capacitors, and display screens,
workers are often susceptible to chemical and physical risks.
The psychological effects on employees who are continuously
exposed to dangerous substances despite protective regula-
tions are another aspect that is often undervalued. Research
has shown that employees in mechanized recycling plants have
higher levels of stress and fatigue, implying that these "safer"
facilities may not always be safe.® Electronic device variabili-
ty makes standardization and automation even more difficult
because different models can call for specific disassembly tech-
niques.’

D. Preliminary AI Integration:

Researchers are investigating DL and ML systems to im-
prove device identification and disassembly sequencing. Using
CNNs, early Al-based systems have shown that they can
classify devices based on image data. This allows systems to
identify phone models and properly predict the disassembly
procedures.? To improve material classification even more,
some platforms incorporate sensor data as well as weight
and surface resistance.® Narrow training datasets and hard-
ware limitations still affect these systems, though. In addition,
these pilot projects represent a change from "damage con-
trol" to "predictive control," where Al aims to predict risks
as opposed to just reacting to them. This change is similar to
advancements in other areas, like autonomous driving, where

error margins are decreased by the use of predictive algorithms.
However, the recycling industry faces the risk of creating lim-
ited Al solutions that are unable to generalize across global
streams without larger datasets containing multiple device
families. Additionally, current implementations lack scalability
and are frequently restricted to particular device types or recy-
cling facilities.>®

Proposed Platform:

This section makes the case that an integrated platform
is necessary due to the shortcomings of the existing e-waste
tools, such as fragmented architectures, device-specific designs,
and uneven safety controls. This is addressed by the proposed
E-waste Recycling Automation Operating System (ERAOS),
which offers a unified API layer that connects robotic disas-
sembly, hazard-alert systems, and object detection into a single
modular, scalable workflow.

A. Use of Current Tools:

Although current tools are specialized and usually limited
to particular applications, Al has already demonstrated mea-
surable advantages in automating the processing of e-waste.”
As an example, AMP Robotics sorts recyclables with a high
accuracy rate of ~99% using computer vision and deep learn-
ing, compared to the average of 85% for manual sorting.®
However, AMP systems are designed for commodity streams
(e.g., bottles, cardboard) and rely on training sets that use
homogeneous visual classes. This limits transferability to the
heterogeneous component shapes of e-waste (PCBs, battery
packs, adhesive-sealed modules, motherboards). ERAOS re-
sponds to this limitation by integrating multi-modal sensing
(RGB + IR + X-ray) to reduce blind spots, and enforcing a
modular dataset standard, thus classifiers can be retrained and
shared across sites. This reduces the fragility that currently
prevents AMP classifiers from generalizing across the diverse
e-waste streams.

Advanced object-detection networks, such as the YOLO
(You Only Look Once) algorithm, can process 45 frames per
second and achieve detection accuracies of 90% on datasets
in object detection research.!” In the context of recycling, this
speed translates into the real-time identification of printed
circuit board (PCB) components. Manual inspection can take
five to ten minutes per board, depending on how complicated
the process is. As found in laboratory tests, specialized mod-
els like PCBNet can further improve detection capabilities
and reach accuracies above 95%. This is done by focusing on
high-value components (e.g., rare-earth magnets, gold-plated
connectors).’ Such accuracy is important because, according
to Forti e al., a mere 1% increase in recovery from the world's
e-waste could result in an extra 20 tonnes of gold annually.'®
These approaches work well on lab datasets, but they often
rely on small collections of data and lack consistent uncer-
tainty analysis when confronted with new device models and
degraded parts. ERAOS mitigates this by taking advantage of
confidence reports sent from the classifiers, sending low-con-
fidence cases to a planner or human-in-the-loop flow. This
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design reduces false negatives for hazards and provides a clear
safety metric available for evaluations.

On the mechanical side, robots today can achieve high
throughput. For example, in the case of Apple’s Daisy, the
robot can disassemble 200 iPhones per hour with 95% ma-
terial-recovery purity. Though Daisy's outputs double those
of manual dismantling, they are only applicable to iPhones,
which makes them incapable of handling the much larg-
er e-waste ecosystem. In order to combat the severe lack of
dismantling versatility, ERAOS is outlined with modularity
and reconfigurability. By having standardized module inter-
faces, ERAOS allows task-specific modules to plug into the
OS while preserving the safety and dataset frameworks. This
allows performance improvements for each device without in-
terfering with the process.

Raspberry Pi-based prototypes demonstrate that low-cost
Al hardware can be integrated into small-scale sorting systems
for less than $200 in total component costs.'** These systems
enable localized recycling in developing countries where recy-
cling facilities might not be as practical, despite their slower
processing speeds (1-2 items per minute). Even though these
tools outperform conventional techniques in terms of speed
and accuracy, their lack of integration and standardiza-
tion ultimately keeps them from growing on a global scale.
The ERAOS model addresses these challenges by defining a
standard application interface and a fallback safe mode that
implements verification of safety before modules are allowed
to execute in production. This allows for low-cost operations
while maintaining worker safety.

Table 1: Quantitative comparison of traditional, mechanized, early Al, and

projected ERAOS systems across efficiency, safety, scalability, and performance
indicators.

Approach Type Examples Recovery Safety Profile Scalability / Throughput
Efficiency
Traditional Hand sorting; High High Not scalable; throughput of 10-20
(manual/ open | open burning unmeasured; to Pb, dioxins, kg/hr per worker.?
burning) material loss of PBDEs; toxicity
40-60%.° rates of 15—
20%.24
Mechanized Industrial Most recovery Safer than High throughput (0.5-5 tons/hr)?®
shredders; possible; manual; toxic but high capital cost.5; requires
pyro/hydro- 15~20% loss.%'; | effluents persist; | constant energy.
metallurgy large losses in increases soil
multi- material contamination
streams by 10x~45x.*
Al-Assisted YOLO object Detection Reduces worker | Currently limited by dataset size &
(early tools) detectors, accuracy: 90— exposure; product specific training; throughput
PCBNet, AMP 95% for classification of 40-160 kg/hr for 2D-sorting
Robotics common errors of 5-10%; | systems.3!
components; risk of handling
weak on rare errors persists.?
parts/hazard
items.”
ERAOS Unified OS with Projected: 88— Hazard Modular installation suited for low-
(Projected) module “puzzle 94% recovery on | detection power sites; By integrating with
pieces”: sensor modular integrated; existing systems, projected
fusion, disassembly expected to throughput 0.3-5.0 tons/hr
component lines; based on | reduce risk depending on hardware.?02%
classifier, toxicity | recognition and within validated
detector, robotic | adaptive operating
arm driver sequencing.37 limits.'32"; fail-
safe triggers
stop actuators
during toxic-gas
or thermal
anomalies

As shown in Table 1, recycling approaches vary greatly in
efficiency, safety, and scalability. Traditional informal recycling,
while widespread, is characterized by severe health hazards,
uncontrolled emissions, and material losses approaching 50%.
Mechanized recycling offers higher throughput and improved
recovery of metals such as gold, copper, and palladium, but
remains energy-intensive, costly, and dependent on trained op-
erators. Although early Al tools show definite benefits in speed
and accuracy, lowering worker exposure and attaining compo-
nent detection accuracies above 90%, these systems are still
limited by device specificity and dataset constraints. However,
our suggested platform unifies these disparate innovations into
a modular ecosystem. It overcomes the limitations of current
approaches by fusing flexible hardware modules with clever
software for operator integration, safety monitoring, and disas-
sembly. It is made to work dependably in a variety of resource
situations, in addition to scaling across facilities of various siz-
es. This contrast demonstrates the revolutionary potential of an
integrated platform in advancing e-waste management from
dispersed solutions to a single, globally scalable system.

E-waste Recycling Approaches by Automation and Flexiblity

Scalability Issue:

anly works on
iPhanes
Automated

Apple’s Daisy
Robots

New Challenge

Area

AMPRobotics

Raspberry Pi
based solution
(Langford)

Reconfigurable
Fixed

Safety Issue:
workers exposed
to hazards

Human labor-
Informal based recycling

manual

disassembly

X-axis: Application Flexibility Manual
Y-axis: Process Type

Figure 1: Comparison of e-waste recycling methods according to application
flexibility (horizontal axis) and automation level (vertical axis). Informal
disassembly occupies the low-flexibility, low-automation quadrant, while
advanced systems like AMP Robotics are located in the high-automation,
moderate-flexibility area.

The way that these tools are positioned in regard to auto-
mation and application flexibility helps to further define them.
The degree of automation is represented by the vertical axis in
Figure 1, with fully automated processes at the top and man-
ual methods at the bottom. Flexibility is represented by the
horizontal axis, which has fixed applications on the left and
reconfigurable ones on the right. Plotting informal manual
disassembly in the bottom-left quadrant of this figure shows
low automation and fixed applicability. Recycling that depends
on human labor is in the lower-right quadrant because it is
still manual and presents significant safety risks, even though
it can be tailored to different device types. On the other hand,
because it is limited to iPhones, Apple's Daisy robot exhib-
its a significant scalability limitation. Raspberry Pi-based
prototypes, which have limited processing speed but partial
automation, occupy a similar fixed space. Located in the upper
middle quadrant, AMP Robotics exhibits advanced automation
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and moderate adaptability, making it one of the most scalable
systems on the market today. However, because its design is
primarily focused on the components of a single company, it
lacks standardized interfaces. Finally, the gap in demand for
systems that combine high automation and reconfigurability
is highlighted by the "new challenge area" quadrant. The fig-
ure highlights the necessity of developing a single Al-driven
platform that closes these gaps by integrating current solutions
and shows how current approaches are fragmented.

B. Proposed Solution: A Unified AI-Driven Dismantling
Platform:

i. System Architecture and Data Flow:

Although Al-based recycling technologies have advanced
quickly, the industry is still essentially divided. The majority
of systems do not use shared interfaces, rely on unique control
pipelines, and are constructed around specific device categories.
These limitations make it challenging to guarantee consistent
safety communication, reuse algorithms, and generalize mod-
els across devices. The ERAOS platform is built as a layered
architecture that uses a common application programming in-
terface (API) to link hardware drivers, software modules, and

operational tasks in order to overcome these constraints.

E-waste Recycling Automation
Operating System (ERAOS)

Copper-extraction task

Battery classification app e

/\ n "
4 7z L
= Applation P ing Interface (API) 4
Base pplication Programming Interface
/\ - 4 A 4

v
Hazardous Alert

Decision
Model

Vv
Robot Arm Control

Path Planning [l Inverse Control

Object Detection

Component
Classifier
Ex: YOLO, RF-DETR

Predictive

Display
Driver

Sensor Fusion
Ex: visual, IR, X-ray

Functionality

Z .S

Robot
Speaker

Driver

Manipulator
Driver

Hardware -
dependant

- H
RGB Camera Emergency

Stop

Mobile

Speaker

Toxicity Detectotr Robot arm Display

Hardware

Figure 2: Concept diagram of the unified AI-driven system (ERAOS) in an
application programming interface architecture.

Lightweight applications, like a battery-classification tool or
a copper-extraction sequence manager, send requests through
the API from the top, as illustrated in Figure 2. These apps give
users device-specific instructions, hazard alerts, and real-time
supervision. The central coordination layer of the APT sits be-
neath them. ERAOS oversees three main subsystem groups:
Object Detection, Robot Arm Control, and Hazardous Alert,
as opposed to previous prototype designs that directly embed-
ded modules in a rigid structure.

Sensor-fusion pipelines and component classifiers (e.g.,
RGB, IR, or X-ray inputs combined with models like YOLO
or RF-DETR) are used in object-detection functionality to
identify components and dangerous features on devices. Route
planning, PID loops, and deep reinforcement learning policies
that convert detection outputs into control mechanisms are all
part of the robot-arm control subgroup. The hazard-alert sub-
system gathers risk signals from other modules, evaluates them
using system safety rules, and notifies the hardware actuators
and the operator.

Hardware-specific drivers connect the software to hardware
tools beneath the functionality layer. Modules can remain
portable and compatible across facilities thanks to camera
drivers, toxicity-sensor drivers, robot-manipulator drivers,
and alert-device drivers. This enables the use of new hard-
ware without necessitating significant upper-level software
reengineering. Sensors and actuators, such as cameras, toxicity
detectors, displays, emergency stops, and robotic arms, per-
form tasks specified by the platform at the bottom layer.

Data moves through this architecture in three parallel
streams: object-detection data, control signals for the robot,
and hazard-alert messages. The platform is designed to pri-
oritize any safety alert by routing it through a channel with
low latency, ensuring that hazardous-item misclassification
or dangerous chemical signatures trigger operator notifica-
tion or automatic intervention.” Because of this structure,
ERAOS can manage edge cases anywhere from unexpected
gas emissions to short-circuit risks to structural instability by
prioritizing risk signals without delaying the flow.

With its design, ERAOS replaces the fragmented challenge
of current systems with a unified architecture that standardizes
interfaces, separates hardware from software, and ensures safe-
ty communication across all modules.

ii. Modular Integration and Scalability:

ERAOS’s modular design allows the system to adapt to the
diversity of modern electronics. Each module can be “slotted
in” or replaced digitally through the API. This lets you as-
semble configurations fitted to specific devices. For example,
sensor-fusion modules can be used to support X-ray imaging
in addition to camera sensors for battery-dense devices, while
specialized classifiers can be added for rare-earth extraction
or PCB component detection. With only ten of these module
types, the design will be able to generate over 3.6 million con-
figurations, allowing sites of different scales to build their own
workflows.?

All the modules can take advantage of hazard-reporting
rules built into the platform. Therefore, applications do not
need to implement their own hazardous alert systems. Unlike
existing systems, ERAOS embeds hazard reporting directly
into its system. This greatly minimizes delays, increases aware-
ness, and reduces human-error risks.

The modular design of this platform also allows it to adapt
to e-waste variations from each operation’s data. ERAOS's de-
tection, path-planning, and hazard-identification models get
better as it manages more devices, and it can switch compo-
nents to adapt to new rules or waste designs. By facilitating
generalization across various electronics, this system resolves
one of the primary issues with early Al dismantling.

Mean-time-between-failures (MTBF) can be tracked
through driver-hardware interactions; misclassification prob-
abilities for hazardous items can be measured across datasets;
recovery yield can be evaluated through material purity and
recovery rates; and throughput can be quantified as completed
disassembly operations per hour per layout. Researchers can
monitor the system's performance and find new bottlenecks
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to enhance the model thanks to the system's capacity to record
and provide these measurements.

ERAOS's design treats each component as an interchange-
able module that follows the same rules, enabling it to scale.
This architecture allows the platform to expand without having
to be redesigned, accommodate new device types, and enable
quantifiable performance gains.

Safety:

This section focuses on both the physical risks faced by
recycling employees and the systemic risks introduced by au-
tomated disassembly. The suggested platform aims to create a
safer environment while keeping high efficiency through safety
in both hardware and software contexts.

A. Human Safety:

Workers who manually disassemble e-waste are exposed to
high concentrations of acid fumes, flame retardants, and heavy
metals. Lead concentrations in dismantling workshops in Gui-
yu, China, for instance, were found to be 371 pg/m?, which
is almost 37 times greater than the 10 pg/m* OSHA limit in
the United States.?”” Polybrominated diphenyl ethers (PBDEs),
which can interfere with endocrine function, are also released
when cables are burned openly. In recycling workers, PBDE
levels have been found to reach 200 ng/g lipid weight in blood
serum, whereas in the general population, they range from 5 to
10 ng/g.’8%

By automating hazardous disassembly tasks with Al-driv-
en robotics, direct human contact with these toxins can be
reduced. For instance, Kim describes robotic arms that can
safely disassemble smartphones by accurately identifying and
handling hazardous components.? This improves the stan-
dard of material recovery while also protecting workers by
reducing unintentional damage. Additionally, fewer workplace
accidents involving manual dismantling procedures result from
less human involvement, which may improve the recycling
environment's safety. These advancements could lower the in-
dustry's occupational health risks as automation increases.

Manual dismantling is particularly prevalent in regions with
informal recycling economies, such as Southeast Asia and Af-
rica. Workers are frequently exposed to dangerous fumes and
heavy metals that can cause long-term health issues because
they do not wear safety gear.”” In addition to the health risks,
manual dismantling's scalability is severely constrained by
how labor-intensive and time-consuming it is, which prevents
it from keeping up with the exponential growth of e-waste
worldwide.! However, this method is still widely employed due
to the recovery of valuable materials like copper and gold, re-
quiring minimal technological investment.

B. AI Safety:

When incorporating Al into dismantling workflows, there
are problems with error management and system dependability.
A safety risk could arise from improper handling of hazardous
materials due to Al errors or misclassifications.” To solve these
problems, ongoing sensor-based monitoring is required. Shar-
ma describes how Al and real-time safety sensors can be used

to spot irregularities or dangerous situations and notify human
operators so they can take the necessary action.” Furthermore,
human supervision and the creation of strong fail-safes guar-
antee the safe operation of Al systems. Testing must be done
before deployment in order to reduce errors in Al-driven disas-
sembly. Al safety in the specific OS necessitates that modules
share their risks before execution, in addition to algorithms."”
By serving as a kind of fail-safe, this safety channel incor-
porates hazard warnings into the regular process rather than
making them an optional feature.

To address safety within the proposed open-source plat-
form, a standardized framework that mandates peer-reviewed
validation of each Al module or dismantling algorithm before
integration can be implemented. This model not only increases
transparency but also enables the greater scientific community
to identify and correct errors in the tools prior to their use in
real facilities. It is possible to implement platform-level safety
measures, such as automated fail-safe triggers that integrate
with different Al tools. Because these safeguards are built into
the system rather than being optional add-ons, even smaller
recycling facilities using the technology will benefit from con-
sistent and reliable safety standards.

C. Functional Safety:

Functional safety, which addresses a system's ability to func-
tion dependably in both typical and unusual circumstances, is a
field that goes beyond human and Al safety. This means mak-
ing sure that robotic arms, shredders, and chemical handling
modules malfunction safely rather than disastrously when it
comes to recycling. Recycling platforms can adopt function-
al safety standards like ISO 26262, which are frequently used
in automotive Al.** This calls for redundancy in crucial sub-
systems like actuator controls and vision sensors.”” Backup
sensors, like thermal or chemical detectors, should catch the
error before it leads to dangerous disassembly, for instance, if an
object detection algorithm incorrectly classifies a lithium-ion
battery as inert plastic. By using multi-layered redundancies,
worker safety and material quality are maintained by prevent-
ing a single failure from leading to more serious incidents.

Speed is one of the biggest benefits of mechanical shredding
since it allows for the quick processing of large numbers of de-
vices. However, the process is destructive by nature, frequently
combining valuable metals with plastics and other materials,
making downstream separation more difficult. For instance,
rare earth elements that could otherwise be recovered through
manual disassembly may be lost when printed circuit boards
are shredded. This trade-off between recovery efficiency and
throughput emphasizes the need for hybrid approaches and the

risks of mechanical methods alone.*

Efficiency:

Efficiency in e-waste recycling is measured not only by speed
but also by adaptability, material recovery yield, and workflow
optimization. This section explores how Al-enhanced dis-
assembly, visual recognition, and simulation tools improve
operational throughput while integrating seamlessly with the
proposed ERAOS for both performance and safety.
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A. Faster Disassembly:

The complexity and inconsistencies of device makeups often
slow down the already time-consuming disassembly process.
Robotics with Al support has shown a great deal of promise
in speeding up these processes. Machine learning-trained ro-
botic systems can quickly and accurately unscrew and separate
components, and they can adapt to a variety of device geome-
tries.? Higher throughput is possible with these systems than
with manual labor because they run continuously and without
fatigue. According to studies, these automations could cut dis-
assembly time by as much as 40%, allowing recycling facilities
to process higher volumes more effectively and keep up with
growing demands for e-waste management.

Additionally, a single platform might be used as a tool to
assist recyclers in selecting the best disassembly path for a par-
ticular device. By combining data from product design files,
previous disassembly experiences, and Al-driven predictions,
the system could recommend whether manual, robotic, or hy-
brid approaches are the most practical and material-recovery
efficient.’® Most importantly, this type of platform could be
adapted for use in developing countries, where it is essential to
streamline processes within advanced recycling facilities and
maximize material yield from poor facilities because of re-
source constraints.’

B. Visual Recognition:

Al-powered computer vision systems greatly improve the
speed and accuracy of identifying e-waste components. These
systems use advanced machine learning models, such as con-
volutional neural networks (CNNGs), to recognize and classify
components on circuit boards and other devices.>* The ear-
ly detection of dangerous substances such as toxic capacitors,
lithium-ion batteries, and switches containing mercury can
prevent workers from the risk of contamination. This feature
also makes it possible to remove toxic elements more precisely,
with more time to generate dismantling.?

In addition to safety, visual recognition improves quality
control by verifying correct component separation and dis-
assembly. This can increase the effectiveness and speed of
material recovery. Studies show that integrating Al vision into
recycling procedures can reduce sorting errors by over 30%,
speeding up processing and reducing costs.> More widespread
adoption across recycling facilities globally will be made pos-
sible by these systems' increasing adaptability to new device
types and operating conditions as they develop. Visual recogni-
tion components can also mark hazardous objects in real time
and send alerts when used together with the hazard-aware op-
erating system, making sure that speed does not come at the
cost of security.

C. Simulation Methods:

Digital twins and other simulation tools enable the virtual
modeling of disassembly procedures, providing chances to op-
timize workflows before actual execution. Sharma talks about
how simulation predicts effective disassembly sequences, which
eliminates trial-and-error. In addition to simplifying processes,

simulations can be used to model equipment wear and resource
allocation.’ These uses are most important in aiding in facility
maintenance planning and modifications. When paired with
Al these virtual models evolve via feedback loops that con-
trast simulation predictions with real outcomes.’ In the future,
simulation might evolve into a predictive analytics tool for re-
cycling flows around the world. By modeling entire e-waste
supply chains instead of just individual devices, facilities could
forecast which devices will dominate recycling streams in the
years to come. By promoting more targeted Al model training
and strategic hardware investments, this vision can ultimately
turn the recycling ecosystem into a proactive one rather than
a reactive one.

Scalability:

Scalability refers to the system’s ability to operate across dif-
ferent facility sizes, regions, and budgets. This section examines
how software and hardware can adapt to local conditions, how
Al models improve with expanding datasets, and how deploy-
ment costs influence global accessibility.

A. Software/Hardware Adaptation:

Because of its inherent modularity, the suggested Al-driv-
en e-waste recycling system offers flexibility in terms of both
software and hardware integration. Conveyor belts, robotic
arms, and shredders are examples of hardware components
that can be changed to meet local requirements and purchased
from industrial suppliers. On the software side, the system's
recognition algorithms (like the YOLOvV8 object detection
models) can operate on server networks for industrial plants
or on GPUs as small as the NVIDIA Jetson Xavier NX for
environments with limited resources. By learning to adjust to
changes in device design, robotic disassembly systems can less-
en their reliance on standardized product layouts. For example,
robots can more accurately detect screws, clips, and other fas-
tening mechanisms thanks to vision-based Al, which reduces
the possibility of destroying recoverable materials. Long-term
advantages of such systems include lower labor requirements,
enhanced worker safety, and increased recovery rates of critical
minerals, despite their high initial cost. Because of this, robotic
disassembly is especially desirable in areas with high labor costs
or where stringent workplace safety regulations are in place.

B. Al Training Sets:

A major strength of the system is its capacity to improve
through continuous training. Initial datasets can be built from
open-source PCB images and expanded with photos collected
during daily operations. Research in defect-detection Al shows
that adding roughly 5,000 labeled images can increase classi-
fication accuracy by up to 12% for specific components.* This
suggests that recycling facilities do not need entirely new mod-
els to account for regional differences in device types.

As the accuracy of material identification and disassem-
bly sequencing improves, recovery rates rise as well. Machine
learning is also increasingly used beyond robotics to optimize
separation and recovery processes. Models trained on large
e-waste datasets can classify metals, plastics, and hazardous
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substances more precisely. Predictive algorithms can forecast
future waste streams and estimate the lifespan of consum-
er electronics, helping both recyclers and policymakers plan
infrastructure more effectively.” These capabilities position
machine learning as not only a tool for present-day recycling
but also a foundation for more adaptable global e-waste strat-
egies.!

C. Labor and deployment costs:

Labor reduction is a major factor in achieving scalability.
Traditional manual dismantling accounts for up to 50% of op-
erating costs toward labor.*’ Automation reduces the number
of specialized workers required and allows remaining staff to
focus on supervision and maintenance.

In many lower-middle-income countries, dismantling a ton
of e-waste per day requires about 15 workers, costing rough-
ly $40,000 annually. An Al-assisted workflow reduces this
to about 4-5 workers per ton, lowering annual labor costs to
around $12,000. This 70% reduction lowers the break-even
point and makes small facilities financially viable in develop-
ing regions. With open-source algorithms and low-power Al
hardware, pilot plants could be launched for under $50,000 as
opposed to the $250,000 needed for traditional mechanized
systems.”

However, global deployment must consider disparities
in infrastructure. A system that operates smoothly in North
America or Europe may encounter import taxes, unstable pow-
er grids, or limited internet access in Sub-Saharan Africa or
South Asia. For this reason, resilience to resource constraints
is as important as modularity. Local government partnerships,
solar-powered hardware, and offline-capable Al models can
help ensure that the system functions reliably in diverse envi-
ronments without increasing technological dependence.

B Conclusion and Future Work

The global e-waste crisis demonstrates the importance of
scalable, effective, and secure solutions that go beyond the
limitations of traditional disassembly techniques. Traditional
recycling has made it possible to recover some valuable ma-
terials, but it is insufficient in the face of rapidly increasing
electronic consumption due to its limited scalability and de-
pendence on risky manual processes. By automating processes,
simulating disassembly, and continuously learning from oper-
ational data, Al-driven dismantling systems show potential in
transforming this industry. However, the field is still in its early
stages despite advancements. Early pilot studies and proof-of-
concept prototypes show what is feasible, but many questions
still need to be answered. Al training is limited, and model
generalization across various devices is hindered by a lack of
sizable, publicly accessible datasets. Policy concerns are also
brought up by the introduction of such systems into current
recycling chains. In order for Al-enabled recycling to benefit
developing countries where e-waste accumulation is severe, ac-
cessibility issues must also be resolved.

Three main areas should be the focus of future research:
building modular, affordable versions of these systems for

worldwide accessibility; integrating Al recycling into poli-
cy frameworks that incentivize innovation and sustainability;
and growing collaborative datasets. To standardize evaluation
across vision and planning models, near-term research should
also concentrate on: (1) creating a small-scale, open bench-
mark dataset of 15-20 common device archetypes; (2) testing
a low-cost, modular prototype that solely uses off-the-shelf
components to assess real-world failure modes in community
recycling centers; and (3) performing a policy and safety as-
sessment that maps current recycling regulations to the unique
requirements of Al-driven dismantling, creating a useful com-
pliance checklist for early deployments. These practical tasks
would hasten the shift from conceptual frameworks to deploy-
able systems and offer much-needed empirical grounding.

This review explored the shortcomings of convention-
al recycling methods, looked into new Al-based dismantling
prototypes, and discussed the potential integration of these
methods into an open-source, comprehensive digital platform.
In order to make e-waste dismantling safer, more efficient,
and more scalable, the paper summarized recent research
and demonstrated how such a platform could bring disparate
solutions together. The findings demonstrate that, despite per-
sistent problems with limited datasets, accessibility, and policy
integration, open-source collaboration is crucial to ensuring
that Al-driven dismantling benefits a wide range of regions
and stakeholders rather than being limited to wealthier coun-
tries or private enterprises.

Beyond the realm of technology, Al-driven dismantling has
profound social and environmental ramifications. In many
places, recycling work is frequently performed in dangerous
and low-paying environments. Automation may reduce these
risks, but it may also drive out vulnerable workers if it is not
combined with community support programs and retraining.
More efficient recovery of precious metals and rare earths can
reduce reliance on environmentally harmful mining, thereby
indirectly supporting climate goals. By portraying intelligent
dismantling as a social and environmental opportunity, poli-
cymakers and corporate executives can ensure that innovation
enhances livelihoods while advancing global sustainability.

Concerns about governance are equally significant. If access
is not equitable, Al recycling could become concentrated in
the hands of a few companies or wealthy countries, leaving a
significant portion of the world behind. International cooper-
ation, fair licensing, and open-source models will be crucial to
ensuring that these systems serve the public good. Ultimately,
the transition to intelligent disassembly is not only a techni-
cal issue but also a chance to reconsider how people engage
with electronics. Instead of encouraging a cycle of waste and
inequality, we should build an intelligent, inclusive, and sus-
tainable circular economy.

The shift to intelligent disassembly ultimately involves more
than just resolving a waste management technical bottleneck. It
offers a chance to rethink how people interact with electronics,
shifting from a wasteful and unfair cycle to one of sustainabil-
ity, inclusivity, and shared responsibility for the planet's future.
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