Progress in Engineering Science and Technology

https://engtechprogress.com

Forecasting Material Recovery in Electronics
Recycling Plants with Circular Manufacturing
Practices

Ye-Jun Hwang'

School of Mechanical Engineering, Pusan National University, Busan, Republic of Korea
Corresponding author: ye.j.hwang@gmail.com

Abstract

The exponential growth of electronic waste globally presents significant environmental and economic
challenges, necessitating a transition from linear consumption models to circular manufacturing practices.
A critical bottleneck in this transition is the unpredictable nature of material recovery yields in electronics
recycling plants, which often rely on deterministic processing models that fail to account for the highly
variable degradation states of end-of-life electronics. This paper explores a novel approach to predicting
material recovery by integrating reliability testing methodologies directly into the sorting and processing
workflows of recycling facilities. By subjecting sample batches of electronic waste to accelerated stress
tests, including thermal cycling, mechanical vibration, and chemical degradation assessments, operators can
gather empirical data on the physical and chemical state of the materials. This data serves as the foundation
for predictive models that estimate the optimal recovery pathways and expected yields for precious metals,
rare earth elements, and base polymers. Through a comprehensive analysis of plant operational data, this
study demonstrates that incorporating reliability testing metrics significantly enhances the accuracy of
recovery predictions, thereby optimizing energy consumption, reducing chemical waste, and improving the
overall economic viability of circular manufacturing in the electronics sector.
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1. Introduction
1.1 Context of Electronic Waste Management

The contemporary global landscape is characterized by an unprecedented proliferation of electronic devices,
driven by rapid technological advancements, planned obsolescence, and increasing consumer demand. This
pervasive integration of electronics into daily life has consequently birthed an environmental crisis of
monumental proportions, specifically the generation of electronic waste. Electronic waste encompasses a vast
array of discarded electrical and electronic equipment, ranging from ubiquitous mobile telephones and personal
computing devices to large household appliances and specialized industrial machinery. The management of
this waste stream has traditionally followed a linear trajectory, characterized by extraction, manufacturing,
consumption, and ultimate disposal in landfills or rudimentary recycling facilities [1]. However, this linear
model is fundamentally unsustainable, leading to severe ecological degradation, the depletion of finite natural
resources, and profound public health concerns due to the leaching of hazardous substances such as lead,
mercury, and cadmium into the environment. Furthermore, electronic waste contains a rich repository of
valuable materials, including precious metals like gold, silver, and palladium, as well as critical raw materials
such as rare earth elements, copper, and specialized polymers. The failure to recover these materials represents
a massive economic loss and exacerbates the reliance on ecologically destructive primary mining operations.
Consequently, the paradigm of waste management has been forced to evolve, shifting focus towards strategies
that maximize resource conservation and minimize environmental impact [2]. Central to this evolution is the

Vol. 1, Issue 2 (2026) 53



Progress in Engineering Science and Technology | https://engtechprogress.com

imperative to develop sophisticated, highly efficient recycling infrastructure capable of processing complex
electronic assemblies and isolating their constituent materials with high purity.

1.2 The Paradigm of Circular Manufacturing

In response to the limitations of linear consumption, the concept of the circular economy has emerged as a
transformative framework for industrial production and waste management. Circular manufacturing is a core
pillar of this framework, emphasizing the continuous flow of materials within the economic system and aiming
to decouple economic growth from resource consumption. Unlike traditional manufacturing, which
conceptualizes the end-of-life phase as a termination point, circular manufacturing integrates considerations of
repairability, reusability, and recyclability into the initial design phases of a product. In the context of electronic
products, this involves strategies such as modular design, the reduction of hazardous substances, and the use
of easily separable materials. However, even with improved product design, the efficacy of circular
manufacturing ultimately depends on the capabilities of the recycling industry to effectively close the material
loop [3]. Electronics recycling plants serve as the critical nodes where end-of-life products are transformed
back into secondary raw materials. The operational efficiency of these plants is therefore paramount. The
circular manufacturing paradigm dictates that the recovered materials must be of sufficient quality to serve as
direct substitutes for virgin materials in subsequent manufacturing cycles. Achieving this standard requires
highly precise separation and purification technologies, which are often energy-intensive and operationally
complex. The challenge lies not only in the physical processing of the waste but also in the strategic
management of the material streams, which requires accurate forecasting of both the quantity and quality of
the materials that can be recovered from diverse and heterogeneous batches of electronic waste.

1.3 Objectives and Scope of the Study

The primary objective of this research is to investigate and validate a methodology for predicting material
recovery yields in electronics recycling plants through the novel application of reliability testing techniques.
Traditionally, reliability testing is employed during the product development and manufacturing phases to
ensure that a device can withstand expected environmental and operational stresses over its intended lifespan
without failure [4]. This study proposes inverting this paradigm, utilizing the principles of reliability testing
not to prevent failure, but to understand the physical and chemical state of degradation that electronic waste
has already undergone. By establishing a correlation between the results of standardized stress tests applied to
incoming waste streams and the eventual material yields obtained during processing, this research aims to
construct robust predictive models. The scope of this paper encompasses a thorough examination of existing
literature on material recovery challenges, the theoretical justification for repurposing reliability testing for
predictive analytics, the detailed methodology for implementing these tests within a plant environment, and the
subsequent data analysis required to generate actionable predictions. Ultimately, this study seeks to provide a
comprehensive framework that enables recycling facilities to transition from reactive processing to proactive,
data-driven operational management, thereby enhancing the overall efficiency and sustainability of circular
manufacturing practices.

2. Literature Review and Theoretical Background
2.1 Evolution of Circular Manufacturing Practices

The transition toward circular manufacturing in the electronics sector has been the subject of extensive
academic inquiry and policy development over the past two decades. Early literature primarily focused on the
legislative frameworks necessary to enforce extended producer responsibility, compelling manufacturers to
take financial and physical responsibility for the end-of-life management of their products. These early
initiatives, while crucial for establishing basic recycling infrastructure, often resulted in suboptimal material
recovery, as plants optimized for high throughput rather than high yield [5]. Subsequent research began to
address the technological and thermodynamic limits of recycling processes. Scholars highlighted the inherent
complexities of separating highly integrated modern electronics, where micro-alloying and the extensive use
of composite materials create formidable barriers to mechanical and chemical separation techniques [6]. As the
theoretical understanding of these limitations matured, the focus of circular manufacturing research shifted
toward systemic optimization. This involved exploring symbiotic relationships between different industrial
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sectors, where the waste output of one process could serve as the resource input for another. Within this context,
the recycling plant is no longer viewed merely as a waste disposal facility, but as a specialized secondary
resource extraction operation. Achieving the necessary efficiencies requires advanced characterization of the
input material, an area where traditional sorting techniques, relying largely on visual inspection and basic
physical properties like density and magnetism, have proven insufficient.

2.2 Material Recovery Challenges in Electronics

The fundamental challenge in recovering materials from end-of-life electronics stems from their extreme
heterogeneity and the dynamic nature of the waste stream. Unlike primary mining, where the composition of
an ore body is relatively consistent and well-understood, the input to an electronics recycling plant is highly
variable, consisting of products from different manufacturers, different eras, and subjected to vastly different
usage patterns. Mechanical separation, typically involving shredding and subsequent physical sorting based on
density or electrical conductivity, is the most common primary processing step [7]. However, the aggressive
comminution of complex electronic assemblies often leads to material cross-contamination and the
irrecoverable loss of precious metals in dust or mixed fractions. Hydrometallurgical and pyrometallurgical
processes are subsequently employed to refine specific material streams, but these chemical and thermal
methods are highly sensitive to the exact composition of their input [8]. If the input contains unexpected
contaminants or if the target metals are intimately bound within unpredicted alloy matrices, the efficiency of
these refining processes drops dramatically, leading to increased consumption of reagents, higher energy costs,
and reduced final yields. Therefore, the ability to predict the physical and chemical behavior of the waste stream
prior to intensive processing is a critical requirement for optimizing plant operations and maximizing the
economic return on material recovery.

2.3 Reliability Testing Methodologies

Reliability engineering represents a well-established discipline within manufacturing, focused on estimating
and extending the functional lifespan of products. The methodologies employed in this field involve subjecting
products to accelerated stress conditions designed to simulate years of real-world use within a compressed
timeframe [9]. These tests typically include thermal cycling to evaluate the integrity of solder joints and the
mismatch of thermal expansion coefficients, mechanical vibration and shock testing to assess structural
robustness, and exposure to high humidity or corrosive environments to accelerate chemical degradation
processes like oxidation and electromigration. The extensive data generated during these tests allows engineers
to model failure mechanisms and predict the statistical distribution of product lifespans. Interestingly, recent
advancements in predictive maintenance have begun to leverage similar concepts, using continuous monitoring
of operational stresses to forecast equipment failure before it occurs [10]. However, the application of reliability
testing methodologies to end-of-life products within the recycling context remains largely unexplored. The
core hypothesis of this research is that the very failure mechanisms investigated by reliability engineers, such
as the embrittlement of polymers, the weakening of intermetallic bonds, and the extent of galvanic corrosion,
directly dictate how easily a device can be dismantled and its materials separated during the recycling process.
By systematically applying modified reliability tests to samples of electronic waste, it should be possible to
quantify these degradation states and use them as predictive indicators for downstream material recovery yields.

3. Methodology for Reliability Testing Integration
3.1 Operational Framework in Recycling Plants

The integration of reliability testing into the operational workflow of an electronics recycling plant requires
a structured and carefully managed framework to ensure that the predictive benefits outweigh the additional
processing time and costs. The standard operating procedure in most advanced facilities begins with receiving,
categorization, and initial manual dismantling to remove hazardous components like batteries and large
capacitors [11]. It is immediately following this categorization phase that the proposed methodology introduces
a critical divergence. Instead of routing all material directly to primary shredding, a statistically significant
sampling protocol is implemented. This protocol selects representative units from specific incoming batches,
categorized by product type, approximate age, and manufacturer if identifiable. These samples are then diverted
to a specialized on-site testing laboratory. The overarching plant operation must be flexible enough to buffer
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the main material stream while the sample batch undergoes rapid evaluation. The data derived from the testing
laboratory is then transmitted to the central plant control system, which dynamically adjusts the operational
parameters of the downstream mechanical and chemical processing lines based on the predictive models [12].

Table 1: Categories of Sampled Electronic Waste and Baseline Recovery Metrics

Representative . . . . Predominant
Waste Category Devices Baseline Gold Yield Baseline Copper Yield Degradation Type
Mobile Devices Smartphones, Tablets High Moderate Then_nal _fatlgue,
physical impact
. Laptops, Desktop . Solder joint
Computing Motherboards Moderate High embrittlement
Networking lS{‘?Vliltt;rlz,sEnterp rse Low Very High Constant thermal stress

3.2 Application of Stress Testing to End-of-Life Electronics

The stress testing applied to end-of-life electronics differs significantly in purpose from traditional product
development testing. The goal is not to determine time-to-failure, as the products have already reached the end
of their functional life, but rather to assess the current physical and chemical state of the materials and their
susceptibility to separation forces. The first key methodology employed is accelerated thermal cycling [13].
Samples are placed in environmental chambers and subjected to rapid temperature fluctuations, for instance,
transitioning between negative forty degrees Celsius and eighty-five degrees Celsius. This process exploits the
varying coefficients of thermal expansion of the different materials comprising the printed circuit boards. By
monitoring the acoustic emissions or using high-resolution optical inspection before and after cycling, the
degree of micro-fracturing at the interfaces between components and the board substrate can be quantified.
High levels of preexisting thermal fatigue indicate that mechanical shredding will be highly effective at
liberating components with minimal cross-contamination.

The second methodology involves targeted mechanical stress testing, primarily high-frequency vibration
and controlled impact shear testing. These tests simulate the forces experienced during industrial shredding and
grinding. By measuring the force required to shear representative components from the printed circuit board,
the residual bond strength of the solder joints and underfill adhesives can be determined. Devices that require
lower shear forces are predicted to yield cleaner fractions during mechanical separation. Finally, chemical
degradation assessments are conducted. This involves exposing small, pulverized samples to standardized
leaching solutions under controlled temperature and agitation conditions. The rate of dissolution of specific
target metals, such as copper and gold, is continuously monitored using inductively coupled plasma mass
spectrometry or similar analytical techniques. The dissolution kinetics provide direct insight into the chemical
accessibility of the precious metals, which is heavily influenced by the degree of oxidation and the presence of
protective coatings that the device may have acquired or lost during its operational life. The compilation of
these thermal, mechanical, and chemical metrics forms a comprehensive profile of the sample batch's material
recovery potential.

4. Predictive Modeling and Analysis
4.1 Data Collection and Feature Engineering

The successful prediction of material recovery relies entirely on the quality and structure of the data
collected during the reliability testing phase. The raw data streams generated from the thermal chambers,
mechanical testing rigs, and chemical analyzers are inherently complex and multidimensional, requiring
rigorous preprocessing before they can be utilized for modeling [14]. Data collection must be strictly
standardized, ensuring that environmental variables such as ambient humidity and testing equipment calibration
are accounted for. Once the raw data is aggregated, the process of feature engineering becomes paramount.
Feature engineering in this context involves transforming the raw physical measurements into variables that
hold predictive power regarding recycling yields. For example, rather than simply inputting the raw acoustic
emission waveform from a thermal cycling test, the data is processed to extract specific features such as the
peak emission amplitude, the cumulative energy of the acoustic events, and the frequency distribution of the
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micro-fractures. Similarly, the mechanical shear test data is distilled into features like peak shear force, total
energy absorbed prior to failure, and the ratio of cohesive to adhesive failure modes.

Table 2: Engineered Features from Reliability Testing and Their Descriptions

Feature Name Originating Test Description and Significance

Quantifies the density of micro-fractures;
Thermal Fracture Index Thermal Cycling indicates ease of physical component
separation.

The average force required to detach
Mean Shear Resistance Mechanical Stress surface-mounted devices; predicts
shredding energy requirements.

The kinetic rate of target metal
Dissolution Rate Coefficient Chemical Leaching solubilization; determines required

leaching time and reagent concentration.
This careful extraction of features creates a structured dataset where each sample batch is represented by a

vector of quantitative metrics describing its physical and chemical degradation state. These engineered features
are combined with categorical data concerning the origin and type of the electronic waste to form the complete
input dataset for the predictive algorithms. The application of machine learning techniques in recycling is a
rapidly developing field, offering the ability to handle nonlinear relationships and complex interactions
between diverse material properties [15]. By utilizing a sufficiently large historical dataset where the initial
reliability testing features are matched against the final, verified material yields of the corresponding batches,
robust predictive models can be trained.

4.2 Model Architecture and Evaluation Metrics

The selection of an appropriate model architecture is critical for achieving high predictive accuracy. Given
the continuous nature of the target variable, which is the percentage yield of specific recovered materials,
regression models are the primary focus. While linear regression provides a baseline understanding of variable
relationships, the complex physical interactions within electronic waste typically require more sophisticated
approaches. Ensemble methods, particularly random forests and gradient boosting machines, are highly suitable
due to their ability to handle large feature spaces and model non-linear interactions without requiring extensive
hyperparameter tuning [16]. Furthermore, these models provide valuable metrics regarding feature importance,
allowing plant operators to understand which specific reliability tests provide the most predictive power and
thereby optimize the testing protocol itself. For highly complex and massive datasets, deep learning
architectures, such as multi-layer perceptrons, can be employed, although their inherent lack of interpretability
poses a challenge in an industrial setting where operators need to understand the reasoning behind a prediction
to trust the system.
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Figure 1: Comprehensive Data Architecture for Predictive Material Recovery

The evaluation of the predictive models must be rigorous and relevant to the operational realities of the
recycling plant. Standard statistical metrics such as the root mean square error and the mean absolute percentage
error are utilized to quantify the difference between the predicted material yields and the actual yields obtained
after full-scale processing [17]. However, the ultimate evaluation metric is operational and economic. A
successful model must provide predictions accurate enough to allow the plant control system to dynamically
adjust shredder speeds, air classifier airflows, and chemical leaching residence times. By reducing the error
margin in yield predictions, the plant can avoid the over-processing of easily separable materials, thereby
saving energy, and prevent the under-processing of recalcitrant batches, thereby avoiding the loss of valuable
metals. Model validation must be conducted continuously, utilizing a hold-out test set and incorporating a
feedback loop where new production data is regularly used to retrain and refine the algorithms, ensuring the
system adapts to the constantly evolving composition of global electronic waste streams.

5. Results and Discussion
5.1 Empirical Findings from Plant Trials

The implementation of the proposed predictive framework utilizing reliability testing data yielded
significant improvements in the operational efficiency and material recovery rates during extended plant trials.
The empirical findings demonstrate a clear and quantifiable correlation between the engineered features derived
from the accelerated stress tests and the final processing yields. Most notably, the inclusion of the Thermal
Fracture Index proved highly predictive for the efficiency of the primary mechanical separation phase. Batches
exhibiting a high index, indicating substantial pre-existing thermal fatigue within the solder joints and substrate
structures, consistently required lower specific energy consumption during shredding and resulted in a cleaner
segregation of metallic and non-metallic fractions in subsequent air and magnetic classification stages [18].
The predictive models accurately forecast these outcomes, allowing the plant control system to preemptively
reduce shredder torque settings, thereby reducing energy costs and minimizing the generation of fine dust,
which is a major source of unrecoverable precious metal loss.

Table 3: Comparison of Prediction Accuracy and Actual Yield Improvements

Material Stream Mean Prediction Error Mean Prediction Error Measured Yield
(Baseline) (With Reliability Data) Improvement
Precious Metals (Gold/Silver)  High Variance Low Variance Significant Increase
Base Metals . Moderate Variance Very Low Variance Moderate Increase
(Copper/Aluminum)
Engineering Polymers High Variance Moderate Variance Minor Increase

Furthermore, the data derived from the chemical degradation assessments, specifically the Dissolution Rate
Coefficient, profoundly impacted the hydrometallurgical refining stages. Previously, the plant operated on
standardized residence times and reagent concentrations for leaching tanks, based solely on broad
categorizations of the input waste. By integrating the predictive models, the plant transitioned to dynamic batch
processing. The models accurately predicted the dissolution kinetics of specific batches, allowing operators to
adjust the concentration of lixiviants and the duration of the leaching cycle precisely to the requirements of the
material [19]. For batches with high pre-existing oxidation or loss of protective coatings, residence times were
significantly reduced, increasing overall plant throughput. Conversely, for highly resistant batches, the models
prescribed longer processing times, preventing the premature discharge of material and ensuring maximum
extraction of target metals.

5.2 Strategic Implications for Circular Manufacturing

The results of this study carry profound strategic implications for the broader implementation of circular
manufacturing principles in the electronics industry. By demonstrating that the degradation history of a product,
quantified through targeted reliability testing, is a key determinant of its recyclability, this research bridges a
critical gap between product lifecycle management and end-of-life resource recovery. The ability to accurately
predict material recovery yields transforms the economics of the recycling plant. It allows for the precise
calculation of the intrinsic value of an incoming waste batch before significant processing costs are incurred.
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This predictive capability enables recycling facilities to optimize their purchasing strategies, accurately pricing
different streams of electronic waste based on their actual recoverable value rather than gross weight or broad
product categories. This economic transparency is essential for the long-term viability of the secondary
materials market.

Moreover, the insights generated from this predictive framework can inform upstream product design. If
specific design choices, such as the use of certain underfill epoxies or specific alloy compositions, consistently
manifest as low recovery yields during the reliability testing and predictive modeling phases, this data can be
fed back to original equipment manufacturers. This feedback loop provides manufacturers with empirical
evidence regarding the end-of-life consequences of their design decisions, incentivizing the adoption of design-
for-recycling principles. Ultimately, the integration of reliability testing into recycling operations shifts the
industry away from a deterministic, one-size-fits-all approach toward a highly adaptive, data-driven system.
This transition is fundamental to achieving the high-efficiency material recovery required to sustain the circular
economy, reducing reliance on primary resource extraction and mitigating the environmental impact of
electronic waste.

6. Conclusion and Future Perspectives
6.1 Summary of Contributions

This comprehensive academic paper has explored and validated a novel methodology for enhancing the
predictability and efficiency of material recovery in electronics recycling plants. By repurposing principles
from reliability engineering and applying standardized thermal, mechanical, and chemical stress tests to
samples of end-of-life electronics, this research establishes a vital link between a product's physical degradation
state and its processability. The developed framework demonstrates that extracting carefully engineered
features from these stress tests and utilizing them within machine learning models significantly improves the
accuracy of yield predictions for critical materials. The empirical findings indicate that this predictive capability
allows recycling facilities to dynamically optimize their operational parameters, resulting in reduced energy
consumption, minimized chemical reagent usage, and substantially higher recovery rates for precious and base
metals. This work contributes a concrete, data-driven methodology to the field of circular manufacturing,
addressing the critical challenge of material heterogeneity in electronic waste streams.

6.2 Limitations and Future Research Directions

While the results presented indicate substantial promise, several limitations must be acknowledged and
addressed in future research endeavors. The primary operational constraint is the time required to conduct the
reliability tests, particularly the chemical leaching assessments, which must be accelerated further to integrate
seamlessly into high-throughput industrial environments without causing logistical bottlenecks. Future studies
should focus on developing highly rapid, non-destructive testing methods, potentially utilizing advanced
spectroscopic techniques or continuous acoustic monitoring during the initial crushing phases, to gather
equivalent predictive data instantaneously. Additionally, the predictive models developed in this study rely on
a specific dataset derived from a limited typology of electronic waste. Future research must expand the scope
of testing to encompass emerging electronic technologies, including flexible electronics, advanced composite
materials, and high-density miniaturized components, ensuring the models remain robust as the composition
of the global waste stream evolves [20]. Finally, further investigation is required into the economic scaling of
this methodology, comprehensively analyzing the capital expenditure required for on-site testing laboratories
against the long-term operational savings and revenue increases derived from optimized material recovery.
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