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Abstract 

The automotive industry is expected to transition from a net-consumer to a net-producer of 

aluminum scrap as aluminum-intensive vehicles (AIVs, i.e., Ford’s aluminum-bodied F-150) 

begin to reach end-of-life (EOL). In the past, the industry has downcycled aluminum scrap to meet 

the consumption demands of the automotive sector. With the shift to having a large supply of this 

scrap in the near future,  the industry needs to recover and reuse EOL Al by utilizing a circular 

economic model, create value via an  upcycling paradigm (vs downcycling). This work establishes 

a platform as to how the recycling industry can be restructured to create value in our waste streams 

and is organized in three segments: First, an analysis of the flow of automobiles at EOL was carried 

out from the perspective of recovery and reuse; a recycling rate for Al has been determined, and 

the factors that go into the dynamics of the recycling rate have been identified. Secondly, the 

current state of the market was surveyed to evaluate where improvements could be made to affect 

material collection and recovery. The latter led to compositional characterization of aluminum 

auto-shred to identify the alloys in the mixture, and thereby the needed intelligent sorting systems 

for upcycling. Thirdly, these results were used in a dynamic material flow model to predict how 

the composition of auto-shred will change due to increased aluminum usage and as a function of 

various end-of-life processing scenarios. The outcome and impact of this work is that we have 

established a platform that enables the ELV recycling industry to upcycle the large amount of Al 

that will be available in the near future. These results will be discussed and reviewed during this 

presentation. 
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Executive Summary 

What is the need and the opportunity? 
Our generation has the unique opportunity to break the linear model for material consumption and 

transition to a circular system that exhausts all options to reduce waste and create value. Value 

creation is not defined here in the traditional sense but rather by social and environmental benefit. 

In a circular economic model, a distinction is made between upcycling and downcycling. 

Upcycling involves maximizing value creation, and downcycling follows the take-make-waste 

model and downgrades material resources. An example of the latter is the way aluminum is 

recycled from end of life vehicles (ELVs) today in the US.  

 

There are more than 30 aluminum alloys in passenger vehicles yet only two low-value secondary 

alloys are formed from collected automotive aluminum (Al) at end of life (EOL). Such 

downcycling practice is feasible today due to the relatively low weight of aluminum in the vehicles 

being processed currently, in addition to, fluid international trade, and an engine-dominant vehicle 

fleet. The latter is critical as auto-shred Al is used to produce the secondary cast alloys that form 

engine and transmission components. However, each of these factors is shifting away from what 

the ELV processing industry has become accustomed to. The curb weight of Al is expected to 

approach 16% by the year 2028. The cars processed today have about 8% Al by weight. 

Undeveloped nations will become more industrialized and will also become net exporters of Al 

scrap which will diminish trade opportunities. Finally, the demand for secondary cast Al will 

decrease as electric vehicles become increasingly accepted as a more environmentally-friendly 

drivetrain alternative. When supply and demand trend in opposing directions, a shift in processing 

paradigm is required to prevent the development of surplus. Herein, we explore and expand on 

viable options to reduce waste, to avoid auto-shred aluminum from downcycling, and propose 

technological means to create value through upcycling of ELVs.  

 

Approach Taken: Shifting the Processing Paradigm of Automotive Al at EOL 
The structure of this work was strategically designed to provide the auto-Al recycling industry 

with the tools it will need to transition from a linear to a circular economy. The strategy followed 

is given below: 

 

1) A framework was designed to quantify the inefficiencies of automotive Al recycling at 

EOL. From dismantling to melting collected scrap, the processing flow through this 

recycling system has been assessed and a framework is established and presented 

(Manuscript 1).  

 

2) This initial field study motivated the optimization of scrap Al processing. The 

compositional “DNA” of Twitch (i.e., auto-shred Al) was investigated to identify 

upcycling opportunities (Manuscript 2). 
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3) Sorting system criteria were designed based on this fundamental characterization and 

executed at the commercial scale to evaluate each sorting system’s upcycling potential. 

These criteria were verified using melt analysis and the resulting compositions were 

processed in a blending model to quantify the value of the upgraded shredded scrap 

(Manuscript 3).  

 

4) The knowledge developed during the first three stages of this research enabled the redesign 

of a dynamic material flow analysis (dMFA) model paired with blending optimization for 

secondary alloy development. This sustainability model is also used to estimate the future 

state of the commodity trade market and the change in element concentration that can be 

expected due to passenger vehicle light-weighting (Manuscript 4).  

 

With this introduction of the strategy followed, we now summarize the salient points of each 

of these four segments. In their totality, we have established the definition of a new recycling 

standard: one that emphasizes upcycling and value creation in our resource streams and 

alleviates surplus development.    

 

(1) A Quantitative Framework for End-Of-Life (EOL) Automotive Aluminum 

Recycling Rate 

 

Need: Where are the inefficiencies in current recycling practice? 

Aluminum sheet consumption in the automotive industry is experiencing an unprecedented growth 

that is driven by passenger vehicle light-weighting efforts. A sustainable raw material strategy, 

involving both primary and secondary producers, must be developed to meet this demand moving 

forward. The high-energy cost of primary production can be augmented by the more efficient 

secondary option if appropriate material collection and recovery processes are employed. These 

processes must maintain high efficiencies and prepare for the opportunity to close the recycling 

loop for automotive aluminum. The primary goal of this work was to provide the aluminum 

industry and its stakeholder’s access to a credible end-of-life recycling rate (EOL RR) for 

aluminum and its alloys from passenger vehicles within the United States (US). A grave-to-gate 

process material flow analysis (PMFA) approach is used to quantify this EOL RR baseline value 

and offers a robust platform to help standardize such quantitative studies moving forward in the 

secondary aluminum recycling industry.  

 

Methodology: 

The model developed has been designed for the US, based on data collected from 2013 – 2015. 

Optimal ELV processing requires the collective effort of three operations: dismantling, 

downstream separation systems (DSS), and recovery processors (i.e., re-melting/secondary 

smelting). The grave-to-gate framework begins with component dismantling and continues 

through the recovery of a recycled aluminum product. These system bounds and the definitions 
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for each processing site was agreed upon by a team of auto-aluminum recycling experts formed 

by the Aluminum Association. Each processing level was surveyed individually to collect the data 

required to estimate the aggregate model parameters. To reach industrially representative values, 

weighting coefficients were calculated for each processing level to accurately depict the wide 

range of operational scale in each industry.  

 

Conclusions: 

The overall recycling rate for automotive aluminum was established to be 91%. The distributed 

surveys covered 5% of the United States’ dismantling industry considering the number of end-of-

life vehicles entering the survey respondent’s lots, 32% of the downstream separation system 

industry based on volumetric throughput and 60-70% of the secondary aluminum production 

industry based on market share responses. The weighted average material collection rate for end-

of-life vehicles that flow through a dismantling operation and a downstream separation system is 

99.7%. The major detriment on the automotive aluminum recycling rate derives from the recovery 

processes. Aluminum in the form of aluminum oxide is delivered to landfill from these processes. 

When a heavy gauge scrap class is charged, referred to in this study as a heavy recovery process, 

a metal yield of 95% is attained. Light gauge scrap melting is estimated to result in a metal yield 

of 91%, and this process is referred to a light recovery process throughout the report. The majority 

of automotive aluminum is charged as a light gauge, mixed, shredded scrap. It has been estimated 

that 86% of obsolete auto-aluminum is charged in this form.  

 

A sensitivity analysis was conducted to determine a minimum and maximum automotive 

aluminum recycling rate percent (RR%) for the US. This RR% range is 80% - 98%.  The weighted 

average of 91% falls within this range and is estimated to be much more representative of the entire 

industry in comparison to these extremes.  This analysis gives an understanding of the variability 

of the secondary aluminum production industry pertaining specifically to automotive aluminum 

collection and recovery.  

 

(2) “DNA” of Auto-Shred Aluminum – key to Upcycling 
 

Need: How should aluminum from passenger vehicles be upcycled? 

Understanding the composition and material properties of the constituents within EOL material 

flow streams enables the design of recovery techniques that can maximize value creation. As light 

weighting efforts progress and aluminum-intensive vehicles begin to reach EOL, the ELV 

processing industry must be aware of how critical the alloy compositional requirements are. 

Secondary aluminum must be processed to meet the new quality standard that is characteristic of 

wrought aluminum while still engaging in cast part recovery if closing the recycling loop for auto-

aluminum is desired. To achieve such a considerable shift in commodity consumption, 

optoelectronic sorting systems must be widely adopted in industry and optimized for the recycling 

of shredded automotive aluminum (i.e. auto-shred). This will require a joint effort between sorting 
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system developers and the recycling industry to gain a fundamental understanding of how the two 

most prevalent auto-shred scrap classes, Zorba and Twitch, should be sorted. This work offers 

insight into necessary metallurgical and organic “DNA” characterization that the ELV recycling 

industry should consider implementing to help develop these enabling sorting systems and prolong 

the useful life of aluminum and its alloys. 

 

Methodology: 

The metallurgical and organic “DNA” of two geographically independent Twitch samples, and 

three Zorba samples of either geographical or particulate size independence will be presented. 

With this analysis, insights can be regarding optimal sorting options, the potential for further 

secondary alloy development, and what additional scrap preparation steps (i.e., cleaning, de-

lacquering) should be considered to attain closed-loop recycling. It is proven herein that the 

characterization of Zorba and Twitch is a critical first step to develop optimal recycling pathways 

leading to a sustainable lifecycle for aluminum used in the automotive industry.  

 

An x-ray fluorescence (XRF) handheld analyzer and electrical conductivity measurements were 

used to verify the alloy characterization.  Six bins were defined for a chemical distribution analysis 

using standard alloy specification and overlap between like-families. Such sorting practice allows 

for alloys of similar composition to blend and is a most likely starting point for these advanced 

systems. The cast particulates sorted into the following bins: low Cu – low Fe, low Cu – high Fe, 

and high Cu/Fe/Zn. The Cu and Fe compositional thresholds were set at 0.25 wt. % and 0.50 wt. 

%, respectively. These values were selected to differentiate between low Cu cast (i.e., 356) and 

high Cu cast alloys (i.e., 319,380).  The low Cu – high Fe bin was designed to collect the majority 

of 413 and 360 alloys in the mixture. As for wrought alloys, any 2000 and 7000-series particulates 

were sorted into the high Cu/Fe/Zn cast bin due to the high amounts of Cu and Zn used in these 

alloy families, respectively. A 5000-series and a 6000-series bin were defined individually as these 

are the most common wrought alloy families consumed by the automotive sector.  Any identified 

3000 and 4000-series alloys were sorted into the “Other” bin with the other unidentifiable or size-

restricted particulates. Characterizing auto-shred samples into alloy and compositional bin 

distributions will begin to provide insight into potential sorting criteria options. 

 

The second form of “DNA” evaluated was the organic content in the mixture. The presence of 

carbon-containing coatings, paints, and oils increases the complexity of the auto-shred recycling 

process but can provide an opportunity to create energetic value from waste. The characterization 

procedure for organic content adhered to Twitch was organized to determine the quantity, thermal 

resistance, and amount of embodied energy for random mixtures through use of heat treatments, 

thermogravimetric analysis, and bomb calorimetry, respectively. 
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Conclusions: 

Optoelectronic sorting systems, namely x-ray transmission (XRT), x-ray fluorescence (XRF), and 

laser-induced breakdown spectroscopy (LIBS), are poised to shift the metallic recycling industry. 

These enabling technologies will aid in the broadening of the secondary aluminum alloy spectrum, 

prolong the threatening shredded scrap surplus, and increase domestic utilization of aluminum 

auto-shred in the US if preparation starts now. Understanding the “DNA” of auto-shred scrap is a 

logical place to start. Compositional characterization will lead to the development of an optimized 

sorting plan and accompanied by the cleaning operations that are required pre- and post-sort. 

Further investigation into the geographical dependency of this valuable commodity is critical as 

there may not be a singular solution for the entire industry. Smaller scale particulates will require 

sorting as well. Thus the development of a system that can compositionally sort particulates at and 

under 25 mm is critical.  

 

Transitioning to an economy that emphasizes sustainable consumption is essential to ensure the 

longevity of raw material resources. This shift must lead a linear processing culture to a circular 

culture that considers the effects of present-day decisions on future generations. If such a transition 

can be proven economically justifiable, ELV processors will without doubt answer the call for 

optimized recycling practice. Such justification will not be easily attained and will require effort 

from many outside of this industry including legislators, automakers, and research institutions. The 

“DNA” presented here should assist the scrap recycling industry in their preparations to 

sustainably process the substantial amount of automotive aluminum coming downstream. 

 

(3) Upcycling Shredded Aluminum Scrap: Effect of scrap “DNA” on 

intelligent sorting solutions 

(a) Part I: Temporal Twitch Analysis 

(b) Part II: Evaluation of Intelligent Sorting Systems 

 

Need: How can we upcycle shredded aluminum scrap? 

The US automotive industry will soon become a net producer of aluminum scrap as a result of 

increased sheet consumption to manufacture lighter vehicles. This will pose unique challenges to 

the recycling industry that must efficiently process this added content at EOL. The downcycling 

of auto-shred scrap has been historically profitable due to high demand for secondary cast alloys 

by this same industry. Any auto-shred not used to produce these low-value castings is usually 

exported to developing nations. With the advent of electric vehicles and as foreign nations become 

industrialized, these economic drivers will subsequently diminish requiring new value creation 

opportunities to be identified.  

 

One such opportunity includes establishing trade relationships with aluminum mills to support this 

increase in sheet demand. Closed-loop recycling must be pursued to develop these new 

consumption pathways for aluminum scrap. Intelligent sorting systems, namely those that utilize 
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XRT, XRF, and LIBS, can advance the recycling industry toward this new standard. 

Characterization studies and sorting-criteria development are required to extract the full potential 

of these systems. This work explores the sorting capabilities and limitations of these sorting 

technologies and discusses the ideal implementation of such into an inflexible industry. Aluminum 

recycling practitioners must collectively realize the urgent need to progress away from business-

as-usual (BAU) to a more sustainable consumption framework that emphasizes upcycling. The 

conclusions from this study provide enabling tools to upcycle and create value. The current state-

of-the-art for processing ELVs is first reviewed.  

 

Methodology: 

Part I: Temporal Twitch Analysis  

Twitch samples were collected from two independent processing locations over a 5-month period 

to determine if there is a compositional dependence on geographical origin. This characterization 

was completed at three distinct levels of granularity: by material type (i.e., cast, wrought, other 

metals, plastics); by alloy/alloy family; and by bulk elemental concentration in the aluminum. This 

compositional baseline is used to calibrate a dynamic material flow model designed to quantify 

how the composition of auto-shred aluminum will change as aluminum intensive vehicles (AIVs) 

reach EOL. Automated sorting systems were used to expedite the characterization procedure for 

the aluminum alloys in the mixture. A lab-scale XRF intelligent sorting system (ISS) was used to 

distribute the cast fraction of each collected sample into four different aluminum alloy bins: 356, 

360, 319, and the 380-family. All other alloys were rejected and collected in a bin at the end of the 

conveyor belt. This rejected fraction is referred to herein as other cast. To prepare each sample for 

analysis using this sorter, the wrought fraction was separated from the cast fraction by hand. Then, 

any scrap particulates that were <25mm in size were screened out and are referred to as the size-

limited fraction. The same procedure was followed using a LIBS system for the sortation of the 

cast fraction such that efficiency comparisons could be made between the two techniques. The 

sorting results were verified by melting subsamples of each alloy fraction. Conventional optical 

emission spectroscopy (OES) was used for this procedure. Before processing, the alloy bins from 

which these subsamples would be collected were determined randomly to limit sampling bias. 

After completing the alloy characterization on both systems, the remaining sample was re-mixed 

and cone-and-quartered to randomly collect additional subsamples (~10 kg) to be evaluated for its 

bulk element concentration. These additional subsamples were also analyzed by melting and 

casting sample pucks for conventional OES analysis.  

  



x 

 

Part II: Evaluation of Intelligent Sorting Systems  

A thorough characterization of the upcycling potential for three ISS: XRT, XRF, and LIBS are 

presented and discussed. The understanding of where inefficiencies lie in today’s ELV recycling 

industry in combination with the compositional analysis of Twitch has proved instrumental in 

framing the latter portion of this study. We define three sorting capability metrics to evaluate the 

auto-shred upcycling potential of XRT, XRF, and LIBS ISS. The first metric is the material 

collection rate (MR). This value is determined by conventional mass balance. The second metric 

defined here in the false ejection rate (FE). The FE rate evaluates how frequently the ISS makes 

unnecessary sorting efforts. Such efforts involve the false ejection of particulates that the system 

should have rejected. The third metric is the compositional purity (C) of the sorted fractions. This 

evaluation offers insight related to the amount of bulk or alloyed metallic impurity accumulation 

in the upgraded scrap streams. 

 

Conclusions: 

Part I: Temporal Twitch Analysis  

The compositional baseline of Twitch has been quantified and proven to be independent of 

geographical origin. This finding validates the use of these data as a starting point in larger 

lifecycle models. Projections of how this mixture will change with the dawn of the aluminum-

intensive vehicles must be estimated now to plan for the upcycling requirements of the future. 

There is no need to wait, however, as there is already a significant amount of 5000 and 6000-series 

wrought alloys in this mixture. These wrought alloys are becoming the new workhorses for the 

automotive sector and will continue to control the composition of auto-shred aluminum.  

Developing a new recycling system that can provide a secondary alternative to the primary 

production of these alloys must be initiated today with continued advancement in the future.  

Forming this joint effort will accelerate progress towards a closed loop recycling system.  

 

Part II: Evaluation of Intelligent Sorting Systems  

The upcycling capability for all three intelligent sorting systems has been evaluated. LIBS shows 

the most potential as expected. XRF ISS is capable of forming a salable product as determined by 

a blending model used to assess the compositional results from each sorting trial. XRT can prevent 

Mg accumulation in the heavy Twitch fraction (i.e., cast, 7000-series, and some 6000-series). 

However, these sorted fractions were minimally consumed (if at all) in the blending model.  

 

The weight-based material collection rate for the LIBS ISS is 84 ± 5% with a false ejection rate 7 

± 5%. The high-Cu cast was intended to be rejected and was at a near perfect rate (MRw = 95%). 

False ejection of 6000-series particulates into the 5000-series bin was the most common false 

ejection followed by high-Cu into the low-Cu bin. Many of the sorted fractions that resulted from 

the LIBS trials were used in blending secondary alloys of the same family proving its capability 

as an upcycling solution.   
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An ideal processing flow has been constructed based on the findings here. Starting with XRT light 

and heavy Twitch variations can be formed. This sort is especially useful when considering the 

Mg-mitigation potential of this system. Alloys 360 and 413 will cross over into the lightweight 

XRT bin depending on Cu, and Fe contents.  6000 and 7000-series will mix with high alloy cast 

due to their high Cu, and Zn content, respectively. Now split between XRF and LIBS, creating 

high purity scrap that can approach the compositional requirements and consistency levels 

historically mandated by aluminum mills is potentially achievable. XRF, in this system, could 

optimally fill three scrap bins based on its intake alloys from 319, 356, 319, 380-family, 6000 and 

7000-series. These bins would include high-Cu, mid-Cu, and 6000-series (low-Cu). On the other 

side, the LIBS ISS could sort into a low-Cu cast, 5000-series, high-Cu 6000, and the final rejected 

content. This bin spectrum covers the majority of the aluminum alloy spectrum or at least 

manageable compositions. Three areas that impurity accumulation threaten within this system 

include the Mg-content in the low-Cu cast bin and the wrong sort of 360 and 413 into the 6000-

series (high-Cu) bin by the XRF unit. 

 

(4)  Dynamic Flow Model to Determine Supply of Automotive EOL Al for 

Recovery and Reuse 

 

Need: How will present-day consumption trends affect future recycling efforts? 

The average North American light vehicle will contain 250 kg of aluminum in 2028, a 40% 

increase over 2015 estimates (180 kg). This increase is an additional incentive for upgrading scrap 

and creating value for the Aluminum industry. The initial questions that need answers are: (i) how 

much aluminum will be removed during the dismantling of an AIV and (ii) how much will be 

shredded? A set standard for how to handle these vehicles based on current market operating 

protocols and conditions does not exist; however, the prospects to implement a circular economy 

approach are most promising. In this study, a robust dynamic material flow model has been 

applied, and the latter paired with a blending program enables us to consider different scenarios. 

In these scenarios, the degree of dismantling, and sorting system implementation rate will be 

explored, in addition to the effect of electric vehicles on the scrap processing industry. The extent 

of dismantling practice will affect the amount of auto-shred Zorba/Twitch being formed and will 

alter the domestic utilization rates. A LIBS ISS has been modeled herein based on an experimental 

study. Our objective is to highlight how quickly LIBS systems should be implemented and to 

quantify the concentrations of alloying elements in auto-shred scrap as increased amounts of 

aluminum sheet reach EOL. 

 

Methodology: 

This dMFA structure builds upon the framework designed by Lovik et al.  Here, we restructure 

this past model to accurately represent ELV processing in the US including this region’s stake in 

international trade and present-day recycling practice. The reported time series extends from 2000 

– 2050. A stock-driven dMFA is the foundation of this model. The developed stock is quantified 
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annually using US population and cars-per-capita (cPc) data. This framework relies on a defined 

lifetime distribution for each product type. Here, we solely focus on automotive aluminum thus a 

normal lifetime distribution is used based on a mean lifetime (λ) and standard deviation (σ). From 

this lifetime function, a cumulative normal distribution estimates the flow of ELVs to the recycling 

industry annually. As cars reach EOL, a corresponding production input is calculated based on the 

known stock change value (∆S). The model was flexibly structured by Lovik et al. to iterate over 

multiple years and quantify a variety of preset indicators. Auto-scrap export and the change in the 

composition of auto-shred overtime by alloy distribution and element are the indicators monitored 

in this current work.  

 

Conclusions: 

The dMFA model designed Lovik et al. has been adapted to represent the US aluminum production 

industry. This material flow analysis combined with a blending algorithm has proven to be a robust 

tool that can be used to estimate future auto-shred compositions and supply/demand relationships 

at any spatial resolution (i.e., global, regional, etc.). In this work, its flexibility has enabled 

knowledge-creation at the regional scale which will be presented to the decision makers of the 

recycling industry in the US.  

 

We have highlighted the need for a transition away from BAU towards a circular platform, one 

that emphasizes value creation through upcycling and waste minimization. Current downcycling 

practice will become unsustainable by 2041 which includes the safe assumption that 45% of all 

sortable auto-shred generated in the US can find a home in the international trade market. When 

this Zorba export assumption was removed from the model in scenario 3, surplus forms in 2030. 

Commercially-viable intelligent sorting systems must become the new standard for scrap 

processing in the US. As shown, the implementation of LIBS ISS affects the amount of unusable 

scrap that forms and when. AIVs will purify shredded aluminum scrap streams creating another 

opportunity to shift the recycling paradigm. The development of trade relationships with aluminum 

mills for secondary wrought production is key to the sustainable consumption of auto-shred. With 

a growing share of EVs on the road, further purification of scrap aluminum will be realized as they 

contain even more wrought sheet and limited amounts of cast aluminum. As more accurate data 

becomes available, and dismantlers and scrap processors identify a restructured recycling system, 

this dMFA protocol will gain usefulness and accuracy which will enable the use of this tool to 

guide the recycling industry towards a circular economy framework. 
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Future Recommendations 
There are a few areas where further research would greatly benefit what has been accomplished 

herein: 
 

 

 Future work should quantify the number of ELVs collected at EOL. This would greatly 

compliment the research undertaken here. We assumed 100% collection as vehicles 

typically “hibernate” and are eventually collected by a recycling system. This assumption 

should be investigated further to support future sustainability models (this pertains to the 

findings in Manuscript 1).  

 

 In our initial evaluation of the inefficiencies in the ELV recycling industry, we combined 

all sorting technologies that target aluminum for recycling into the aggregate downstream 

separation system. In a future study, each process should be monitored individually to 

identify where and why aluminum is incorrectly sorted accurately. For example, what 

weight percent of Fe-contamination on a cast aluminum particulate induces separation into 

the steel scrap stream? Identifying such cause would provide insight into where 

improvements must be made to approach maximum collection and perhaps closed-loop 

recycling (this pertains to the findings in Manuscript 1).  
 

 A quantitative model to compute an upcycling rate for auto-aluminum should be designed. 

If framed appropriately, this model would provide the stakeholders of the industry with an 

evaluation of how much value is lost due to downcycling (this pertains to the findings in 

Manuscript 1). 
 

 

 Collecting samples that are representative of the larger population is challenging. Future 

research should investigate the effect of sampling practice and subsample development on 

the compositional results (this pertains to the findings in Manuscript 2).  

 

 Cleaning aluminum scrap will become critical to prepare the auto-shred scrap for 

upcycling. Therefore, further research should be conducted regarding organic 

characterization and cleaning mechanisms. The analysis here barely scratched the surface 

for what will be required to reduce organic contamination (this pertains to the findings in 

Manuscript 2). 

 

 With the advent of LIBS handheld guns, the “DNA” of Twitch can be easily characterized. 

Further effort with more samples and various test variables (i.e., origin, time of year, size-

fraction, sorting process, etc.) should be executed to add credibility to the baseline set here 

and to monitor the changing scrap composition with time (this pertains to the findings in 

Manuscript 2).  
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 An investigation into how the shredder feedstock can be monitored for product and material 

accounting should be exercised to enable top-down studies of the material flow through 

the ELV recycling process at upstream and downstream separation systems (this pertains 

to the findings in Manuscripts 1 and 2). 

 

 To bring some material science into the equation, a complete characterization of the 

resulting sorts should be executed to determine the microstructural effects of the impurity 

content on the wrought fraction and low-Cu fractions. Research has been completed on this 

topic in the past for cast and wrought aluminum but not as a result of an upcycling effort. 

Such research could lead to the definition of a new class of secondary wrought alloys that 

can absorb higher amounts of old scrap (this pertains to the findings in Manuscript 3). 

 

 Intelligent sorting systems must be designed to characterize scrap streams while processing 

(this pertains to the findings in Manuscript 3).  
 

 

 Future dMFA models that evaluate the automotive sector should include the following: a 

more accurate representation of what is shredded with ELVs from other industrial sectors, 

the contamination effect of increased rivet content (i.e. joining mechanism further iron 

contamination), the influence of new auto-parts on the stocks and flows of aluminum auto-

shred, and a more accurate representation of the sharing economy’s effect of average 

vehicle lifetime. These are all input parameters that can be varied to design what-if-

scenarios (this pertains to the findings in Manuscript 4).  

 

 Related to this work directly, the blending optimization model still needs to be updated 

such that the dual-simplex algorithm in MATLAB’s linprog function can be used (this 

pertains to the findings in Manuscript 4). 
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1.1 Abstract 

Aluminum sheet consumption in the automotive industry is experiencing an unprecedented growth 

that is driven by passenger vehicle light-weighting efforts. A sustainable raw material strategy, 

involving both primary and secondary producers, must be developed to meet this demand moving 

forward. The high-energy cost of primary production can be augmented by the more efficient 

secondary option if appropriate material collection and recovery processes are employed. These 

processes must maintain high efficiencies and prepare for the opportunity to close the recycling 

loop for automotive aluminum. The primary goal of this work was to provide the aluminum 

industry and its stakeholders access to a credible end-of-life recycling rate (EOL RR) for aluminum 

and its alloys from passenger vehicles within the United States (US). A grave-to-gate process 

material flow analysis (PMFA) approach is used to quantify this EOL RR baseline value and offers 

a robust platform to help standardize such quantitative studies moving forward in the secondary 

aluminum recycling industry. 
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1.2 Nomenclature 

Term Description 

ai Aluminum content in mi 

Aluminum loss 
Loss is defined in this study as the aluminum content that is not collected or 

recovered and sent to landfill, reported in wt.% 

Aluminum/aluminum 

metal unit(s) 

Analogous to weight percent aluminum (wt. %) 

ASR 
Auto-shred residual: the shredded fraction of ELVs and other post-consumer 

scrap that is formed after the ferrous fraction has been magnetically removed 

Best-case scenario 

EOL RR 

A technical EOL RR as defined by [10] used to set the upper limit for auto-

aluminum recycling, quantified by executing a sensitivity analysis that 

selected model parameters that would maximize the final value; no weighting 

coefficients are used in this calculation 

CR ELV collection rate 

Dismantling operation 

A facility that processes ELVs for component reuse and the scrap value of 

components that are easily accessible and of high scrap value (i.e., aluminum 

alloy wheels). The distinction between light and heavy gauge scrap flow is 

made at these processing sites within the model developed herein 

DR 

Dross return, the amount of aluminum that is additionally recovered during 

dross processing, dross is a by-product that forms when melting aluminum 

due to oxidation 

DSS 

Downstream separation system: a material collection site that operates sorting 

equipment specifically related to the collection of automotive aluminum post-

shredding 

ELV End-of-life vehicle 

EOL End-of-life 

EOL RR End-of-life recycling rate of automotive aluminum 

fj 
Mass production percent that the landfill flow represents at each DSS system 

j (i.e., percent of the total material output) 

Grave-to-Gate 
Grave-to-Gate encompasses ELV collection, aluminum collection from ELVs, 

and aluminum recovery of the collected scrap aluminum. 

h Heavy gauge aluminum scrap flow 

Heavy gauge 

aluminum scrap 

Aluminum content that is dismantled from ELVs that is not shredded (i.e., 

wheels, bumpers) and delivered directly to a recovery process 

IAW Insulated aluminum wire 

ICW Insulated copper wire 

Irony-aluminum Aluminum that is contaminated by compounded steel/iron bolts, screws, etc. 

l Light gauge aluminum scrap flow 

Landfill flow (i.e., 

fluff) 

The waste plastic and other organic constituents separated from metallic scrap 

content that is delivered to landfill or waste-to-energy facilities 

Light gauge aluminum 

scrap 

Any aluminum content in ELVs that is shredded and must be separated from 

other material and metal types (i.e., Twitch – defined by [22]). 
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mi 
Total metal loss to landfill from dismantling operations 

MNF,j 
The total weight of non-ferrous scrap processed by DSS j in 2015, used to 

calculate βj. 

MR Aluminum collection rate from ELVs 

MRD 
The aggregate material collection rate of aluminum by dismantling operations 

MRS The aggregate material collection rate of aluminum by DSS 

NFR 

Non-ferrous residual: the fraction of auto-shred scrap that is formed after some 

level of air separation or other weight-based technique has been used to sort 

non-ferrous metals from the landfill stream (i.e. fluff). 

PCBs Printed circuit boards 

PMFA 

Process material flow analysis: the model developed herein uses a material 

flow core that proportions automotive aluminum scrap flow at end-of-life such 

that the efficiencies of only the processes that handle each type can contribute 

to the total aluminum metal units lost to landfill 

PR 
Processing rate as defined by [19], PR1 and PR2 defined in this previous study 

are analogous to MR and RE, respectively, herein 

Rate/efficiency Used interchangeably, 100% – aluminum loss for a given process. 

RE Aggregate recovery efficiency for all scrap forms 

Recovered aluminum 
The aluminum content that will re-enter useful life as a secondary alloy after 

scrap melting and dross/salt cake processing 

Recovery processor 

A facility that re-melts or smelts aluminum scrap to produce secondary 

aluminum and maximizes recovery by processing dross onsite or elsewhere to 

extract entrapped aluminum content 

REH The aggregate recovery efficiency of heavy gauge scrap 

REL The aggregate recovery efficiency of light gauge scrap 

rH,k 
The recovered aluminum weight due to processing the by-products (i.e., dross, 

salt cake) that form and entrap aluminum when heavy gauge scrap is melted 

rL,k 
The recovered aluminum weight due to processing the by-products (i.e., dross, 

salt cake) that form and entrap aluminum when light gauge scrap is melted 

RRr/EOL RRr 

Resource-oriented recycling rate as defined by [10], evaluates the processing 

efficiencies of recycling practice and technologies including a CR value in 

the analysis. The worst-case scenario EOL RR and value determined herein 

is resource-oriented where loss is defined as aluminum metal unit flow to 

landfill 

RRt/EOL RRt 

Technical recycling rate as defined by [10], evaluates the processing 

efficiencies of recycling practice and technology but does not include a CR. 

The weighted average EOL RR and the best-case scenario EOL RR values 

determined by this study is technically-based where loss is defined as 

aluminum metal unit flow to landfill 

SR 

Salt cake return, the additional amount of aluminum recovered after 

processing salt cake, a by-product that forms when melting aluminum scrap 

due to the salt fluxes used to maximize recovery 
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Twitch 

The light fraction of Zorba that is extracted using density separation 

techniques, 90-98% aluminum alloy with some Mg alloys, iron-contaminants 

in the form of bolts and screws, and plastic-contaminants. 

uj 
Aluminum weight percent in the landfill flow from DSS j 

vi 
The number of vehicles each dismantling operation processes monthly, used 

to calculate αi. 

Worst-case scenario 

EOL RR 

A resource-oriented EOL RR as defined by [10] used to set the lower limit for 

auto-aluminum recycling, quantified by executing a sensitivity analysis that 

selected model parameters that would minimize the final value; no weighting 

coefficients are used in this calculation 

yH,k Initial melt yield of heavy gauge aluminum scrap 

yL,k Initial melt yield of light gauge aluminum scrap 

Zebra The heavy fraction of Zorba; copper alloys, zinc alloys, stainless steel, etc. 

Zorba 

Non-ferrous auto-shred that is collected after eddy-current separation; 

predominantly aluminum alloy scrap with copper, zinc, magnesium, brass, 

stainless steel, irony-aluminum, and waste constituents. 

Zurik Shredded stainless steel usually collected by induction sorters 

αi 

Weighting coefficient used for each dismantling operation to ensure a 

representative contribution was made to the weighted EOL RR value due to 

large ranges in operational scale. The subscript i is used for notational 

purposes as there were many respondents to this survey. Individual survey 

responses are not shared, but as an example, α1 would refer to the weighting 

coefficient of dismantling from respondent 1, 2 for respondent 2, and so forth. 

βj 

Weighting coefficient used for each DSS to ensure a representative 

contribution was made to the weighted EOL RR value due to large ranges in 

operational scale. The subscript j is used for notational purposes as there were 

many respondents to this survey. Individual survey responses are not shared, 

but as an example, β1 would refer to the weighting coefficient of DSS 

respondent 1. 

γk 

Weighting coefficient used for each recovery processor to ensure a 

representative contribution was made to the weighted EOL RR value due to 

large ranges in operational scale. The subscript k is used for notational 

purposes as there were many respondents to this survey. Individual survey 

responses are not shared, but as an example, γ1 would refer to the weighting 

coefficient of recovery processor respondent 1.  
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1.3 Introduction 

The Aluminum industry and its stakeholders are in need of an accurate end-of-life (EOL) 

automotive aluminum recycling rate (EOL RR) now more than ever.  At present, the materials 

community does not have a common method to quantify recycling indicators that are needed to 

develop material sustainability models for the automotive industry.  The Corporate Annual Fuel 

Economy (CAFE) legislation, enacted by the US Congress in 1975, was designed to standardize a 

timely decrease in passenger vehicle energy consumption to reduce the environmental impact of 

the automotive sector [1]. The National Highway Traffic Safety Administration (NHSTA) has 

recently accelerated the original CAFE schedule in response to the growing threat of global 

warming. The standards now require the US passenger vehicle fleet to reach an average fuel 

economy of 40.3 miles per gallon (mpg) by 2021 [2]. Automakers are exhausting all options to 

meet this demand, including the use of lightweight materials to decrease the average curb weight 

of their fleet. Aluminum sheet has emerged as a capable high-volume, lightweight material 

alternative for body and closure components as proven by Ford’s 2015 F-150 test case [3, 4]. By 

replacing steel sheet with aluminum sheet, a 315kg weight reduction was achieved compared to 

the previous year’s F150 model [5]. This was accomplished without sacrificing performance or 

safety-based characteristics in part due to aluminum’s high strength-to-weight ratio [6]. The 

success of this program has led to exceptional growth projections for aluminum sheet consumption 

within the automotive sector. Ducker Worldwide predicts that North American light vehicles 

produced in 2028 will contain, on average, 40% more aluminum when compared to 2015 models 

[4]. It is clear that the design of lighter vehicles is contributing to the concerted effort being made 

by the automotive industry to meet the CAFE standards, however, it is unclear if the aluminum 

recycling industry is prepared to efficiently process aluminum intensive vehicles (AIVs) at EOL 

[7].    

 

This increase in automotive aluminum manufacturing must be met with optimal end-of-life vehicle 

(ELV) processing. Focus on supplementing primary aluminum with aluminum sheet recovered 

from closed-loop recycling efforts will be required to maximize sustainable practice as it relates 

to energy efficiency, environmental impact, and to preventing the realization of a scrap surplus [7-

9]. However, before closed-loop recycling can be implemented, a baseline analysis of current 

recycling practice must be conducted to identify collection and recovery inefficiencies. This will 

allow for the quantification of EOL RR values from which the industry can build on in an attempt 

to ultimately close the recycling loop. The recycling quota (i.e. recycling rate) equations presented 

by Wolf et al. are commonly used to determine such EOL RR values for metallic-based products 

[10]. Within this framework, a distinction is made between resource-oriented recycling rate (RRr) 

and technical recycling rate (RRt). When using an RRr approach, three processing efficiency rates 

are considered; the product collection rate (CR), the material collection rate (MR), and the recovery 

efficiency (i.e. smelting/re-melt yield) (RE). Additionally, the aluminum weight recovered during 

salt cake and dross processing are individually accounted for and referred to as SR for salt return 

and DR for dross return. The RRt value is calculated independent of the CR as its purpose is to 
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evaluate the industry’s technical capability to collect material from EOL products and recover that 

collected material through re-melt operations for a second life application. This study, moving 

forward, will use EOL RRr in reference to the resource-oriented framework and EOL RRt in 

reference to the technical framework for EOL automotive aluminum. Equation 1 and 2 display the 

EOL RRr and EOL RRt equations, respectively. 

 

𝐸𝑂𝐿 𝑅𝑅𝑟 = [𝐶𝑅 × 𝑀𝑅 × 𝑅𝐸] + 𝑆𝑅 + 𝐷𝑅       (1) 

 

𝐸𝑂𝐿 𝑅𝑅𝑡 = [𝑀𝑅 × 𝑅𝐸] + 𝑆𝑅 + 𝐷𝑅        (2) 

 

Table I characterizes past studies that report EOL RR, CR, MR, and/or RE value(s) that were used 

to represent the US automotive aluminum recycling industry in larger material sustainability 

models. The purpose of this brief list is to highlight inconsistent terminology and processing 

efficiency rate definition. The material flow system designed by Gorban et al. to evaluate auto-

aluminum processing in the US is very similar to the one used in this current work. A 90% CR 

was assumed for vehicles at EOL, and process-specific MR values were identified for shredding, 

density separation, engine processing, and additional processing, which was not well defined. 

Finally, three form-specific RE values were considered [11].  

 

Stodolosky et al. assumes a distinct recycling rate for both cast (90%) and wrought (93%) 

automotive aluminum at EOL but does not specify if these are resource-oriented or technically 

based. These values are assumed constant for the two years modeled – 2005 and 2030 – to 

investigate the energetic savings that can be achieved through AIV design. The author reasons that 

advances in material collection technology is enough justification to undermine previous loss rates 

reported by [12] that presented a 6.9% aluminum loss realized during can shredding and a 5.8% 

aluminum loss during casting [13].  

 

Bruggink designed a life cycle modeling tool to assess the effect of varying recycling rates on the 

environmental impact of aluminum production. A recycling rate value is distinguished from a 

metal recovery rate value in this study where the former refers to the combination of CR and MR 

values as defined in this present study [14]. Finally, Chen et al. determined the aggregate recycling 

rate of aluminum considering all sectors in the US aluminum industry. The same EOL RRr 

approach as defined by Wolf et al. was used with references made to other works that use the same 

model structure [15-17]. The collection rate used for the automotive sector in this study was 

adapted from [18], an effort that was globally bounded.  A distinction is made between MR and 

RE in this work, but Chen classifies these values as PR1 and PR2 where PR is short for processing 

rate. Also, commented on is the need to include multiple sub-processing efficiency rates when 

conducting an EOL RR study on ELVs [19].  
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The credibility of these studies is by no means being challenged. This analysis was meant to 

provide a reasoning for the confusion related to the efficiency of auto-aluminum recycling practice 

in the US. To begin to relieve the industry of any misconception, present-day processing efficiency 

rates are calculated based on data provided by the industry that handles EOL auto-aluminum daily. 

These rates include variations of MR, RE, and the EOL RR for automotive aluminum as framed 

by this study. A process material flow analysis (PMFA) model has been designed and offers unique 

robustness in that it can be easily adjusted as processing rates change or are identified as being 

more or less efficient than what has been identified presently. With such a quantitative framework 

for an EOL model, the aluminum industry and its stakeholders have access to a common method 

to quantify the recycling indicators needed for future material sustainability models for the 

automotive industry. 
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Table I: Automotive Aluminum Processing/Recycling Rate Values Reported in Literature. 

Author  

(publication year) 

Year(s) 

modeled 

Product 

collection rate 

(CR) 

Material collection rate  

(MR) 

Recovery efficiency  

(RE) 

End-of-life 

recycling rate 

(EOL RR) 

Gorban (1994) 

[11] 
2010 90% 

Shredding: 96% 

Density Separation: 95% 

Engine processing: 80% 

Additional Processing: 96% 

Cast: 88% 

Sheet: 92% 

Extrusion: 92% 

-- 

Stodolosky (1995) 

[13] 

2005 

2030 
-- -- -- 

Cast Al: 90% 

Wrought Al: 93% 

Bruggink (2000) 

[14] 
1980 -2015 80%a 90% -- 

Chen (2013) 

[19] 
2013 75%a,b Scrap preparation rate: 92%c 

Smelting rate: 95%c -- 

a  These values are reported in the literature as CR and MR rates are combined 

b  This value was adopted from [18], which was applied to a global model 
c Assumed values for all forms of old scrap aluminum. 
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1.4 Model Development and Data Collection 

1.4.1 Grave-to-Gate PMFA Model 

This model has been designed for the US based on data collected from 2013 – 2015. Optimal ELV 

processing requires the collective effort of three operations: dismantling, downstream separation 

systems (DSS), and recovery processors (i.e., re-melting/secondary smelting). The grave-to-gate 

framework begins with component dismantling and continues through the recovery of a recycled 

aluminum product. These system bounds and the definitions for each processing site was agreed 

upon by a team of auto-aluminum recycling experts formed by the Aluminum Association.  

 

Dismantling operators traditionally target auto-component reuse value, but do occasionally engage 

in aluminum scrap sale which must be considered [11, 20, 21]. If an auto-component is dismantled 

by these operators and ultimately avoids ever being shredded, it is defined herein as heavy gauge 

aluminum scrap. Heavy gauge scrap is larger and less contaminated than light gauge scrap (defined 

below), and from dismantling operations, this material flows to a heavy recovery process. An 

example of heavy gauge scrap is a dismantled wheel or bumper that is re-melted in full form or in 

a slightly size-reduced form, but not shredded. Any aluminum that remains in the ELV or a 

dismantled component that does not form its own scrap stream will be shredded.  

 

Fig. 1 displays the differentiation made in this study between shredding operations and DSS based 

on expert opinion. All shredders are assumed to be accompanied by air and magnetic sorting 

systems, at the very least, to form three material streams: light material (i.e. some aluminum 

content, plastics, trash, dirt, etc.), shredded ferrous scrap, and shredded non-ferrous residue (NFR) 

(i.e. non-ferrous metals, printed circuit boards, insulated wire, etc.). Light material and NFR will 

enter DSS as shown. This auto-aluminum scrap from will flow to a light recovery process from a 

DSS. Hence it will be defined as light gauge aluminum scrap (i.e., Twitch as defined by [22]). This 

scrap is smaller in size and more contaminated by organic material and other metals when 

compared to heavy gauge scrap. 

 

Re-melt facilities and secondary smelters are grouped together to form the recovery processing 

tier that concludes this grave-to-gate recycling effort. These processors handle two variations of 

auto-aluminum scrap: light and heavy gauge, as discussed. This distinction is critical as the 

recovery efficiency of aluminum depends on particle size and degree of contamination [23-25]. 

The amount of aluminum returned after processing the dross from heavy and light gauge recovery 

efforts is added back to each recovery efficiency rate, respectively.  
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Fig. 1: Differentiation between shredding operations and DSS; including an overview of possible 

processes used, processing order, and material flow paths. Zorba, Twitch, Tweak, Zurik, and Zebra 

are defined by [22]. The terms that contain the majority of the shredded auto-aluminum are Zorba 

and Twitch. Zorba is the non-ferrous metal fraction in NFR and Twitch in the aluminum fraction 

of Zorba that is classified in this study as light gauge aluminum scrap. IAW is insulated aluminum 

wire, ICW is insulated copper wire, and irony-Al refers to compounded iron/steel and aluminum 

scrap. 

1.4.2 Model Equation 

The model is represented by Equation 3.  

 

𝑬𝑶𝑳 𝑹𝑹 = 𝐂𝐑 × [([𝑴𝑹𝑫 × 𝑴𝑹𝑺] × 𝑹𝑬𝑳) × 𝒍] + [(𝑴𝑹𝑫 × 𝑹𝑬𝑯) × 𝒉)]   (3) 

 

The CR for ELVs is applied to the entire system as this represents the product collection rate for 

vehicles at EOL. The MR for dismantling (MRD) is applied to the entire flow system as it is 

assumed that every ELV is processed at these sites. After this process, the critical material flow 

distinction is made into heavy gauge (h) and light gauge (l) scrap. h flows directly to a heavy 
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recovery process with an RE value that is represented by REH. Most automotive components are 

quite large and complexly joined with other material types, and thus, require shredding into 

workable sizes for sortation. This need for additional collection effort is accounted for by MRS of 

DSS. The resulting light gauge scrap is assumed to be processed in light recovery process 

represented by REL. Equation 3 is the governing model equation used to determine the EOL RR 

for auto-aluminum, within which each parameter described above is used. Fig. 2 presents this 

PMFA framework that proportions the flow of scrap aluminum only to the processes that will 

handle it. The loss at each processing site will compound over time which means, as an example, 

if a 1% loss at MRD is realized, both MRS and REH will only receive 99% of the l and h material 

streams, respectively.  

 

 

Fig. 2: Process-specific material flow system for auto-aluminum collection and recovery from 

ELVs. 

1.4.3 Assumptions 

The percentage of vehicles that skip dismantling and enter directly into a shredding operation is 

impossible to determine. Thus it is assumed that all vehicles enter a dismantling facility. The three 

ELV processing tiers defined in the scope of this model were initially assigned a process efficiency 

rate of 100%, which is reduced accordingly for each operational level based on the reported loss 

of aluminum metal units to landfill either as metallic dust, shredded metallic fragments or 

unrecoverable aluminum in dross. 

1.4.4 Model Parameter Estimation 

Each processing level was surveyed individually to collect the data required to estimate the 

aggregate model parameters used in Equation 3. To reach industrially representative values, 

weighting coefficients were calculated for each processing level to accurately depict the wide 

range of operational scale in each industry. This is a logical way to normalize collected data as it 

prevents any individual survey response from skewing the aggregate model parameters. The data 

collection procedure will be described in detail for each parameter in the following sections 

including the techniques used to estimate the proportion of light versus heavy gauge scrap flow. 
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1.4.5 Material Collection 

Dismantling operations (MRD) 

The weighting coefficient for each dismantling operator (αi) was calculated based on the average 

number of vehicles that enter each facility (vi) per month divided by the total value reported by all 

respondents (Equation 4).  

𝛼𝑖 =
𝑣𝑖

∑ 𝑣𝑖𝑖∈𝐼
          (4) 

Two survey questions were asked to quantify the amount of aluminum delivered to landfill from 

these operations. The first requested data related to the total metal content (mi) that is not accounted 

for in monthly purchase and sales reports. This request provided reliable data as most dismantling 

facilities have an understanding of how much total metal content has not contributed to monthly 

revenue based on the inflow of ELVs and the outflow of reuse components, scrap and auto-hulks. 

The follow-up question probed the experts to estimate how much of this unaccounted-for metal is 

aluminum (ai). The product of these two data points is the aluminum loss rate for each facility 

which can then be weighted accordingly using the site-specific 𝜶𝒊 value. The aggregate material 

collection rate for dismantling operations (MRD) is quantified by subtracting the sum of these 

weighted loss rates from 1 and converting this value to a percentage as shown in Equation 5.   

𝑴𝑹𝑫 = [1 − ∑ 𝛼𝑖 ∗ (𝑚𝑖 ∗ 𝑎𝑖)] × 100%𝑖∈𝐼      (5) 

Downstream separation systems (MRS) 

The weighting coefficient for each DSS (𝜷𝒋) was calculated based on the amount of non-ferrous 

scrap that the responding site processed in 2015 (𝑴𝑵𝑭,𝒋, based on personal communication or 

values reported here [26]) relative to the total amount processed by all respondents (Equation 6).  

𝛽𝑗 =
𝑀𝑁𝐹,𝑗

∑ 𝑀𝑁𝐹,𝑗𝑗∈𝐽
         (6) 

Two data points were requested from these processors to estimate how much aluminum is lost to 

landfill; the mass production percent that the landfill flow represents (fj) and the weight percent of 

aluminum in this landfill flow (uj). This bottom-up approach provides an accurate aluminum loss 

estimation as these values are closely monitored at all DSS due to the cost of landfilling material 

and the revenue that is lost when aluminum is not efficiently collected. The product of these two 

data points provides the rate at which aluminum is lost to landfill from each DSS. By then applying 

each site’s 𝜷𝒋 value, the aggregate material collection rate for all DSS (MRS) can be calculated 

using Equation 7.  

𝑴𝑹𝑺 = [1 − ∑ 𝛽𝑗 ∗ (𝑓𝑗 ∗ 𝑢𝑗)] × 100%𝑗∈𝐽      (7) 
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1.4.6 Light and Heavy Gauge Aluminum Flow (l and h) 

The scrap form dependent flow parameters l and h were quantified by averaging three estimation 

techniques. The first technique relied upon expert opinion, the second on reported data from the 

USGS, and the third on a component-based analysis. The interviewed expert operates a 

dismantling yard that feeds a shredding system, so this professional has first-hand experience 

regarding how much aluminum is shredded from ELVs. The United States Geological Survey 

(USGS) presents bulk aluminum scrap consumption values on an annual basis and these data, with 

some adjustment, determines the second material flow breakdown between l and h. Finally, the 

component-based distinction utilizes reported component-weight data and assumptions that only 

aluminum alloy wheels and bumpers form separate scrap streams as these automotive parts are 

each composed of a single alloy with high scrap value and can be easily accessed and dismantled. 

1.4.7 Recovery Efficiency: Light (REL) and Heavy (REH) 

The weighting coefficient for each recovery processor (𝜸𝒌) was calculated using the secondary 

aluminum market share evaluation provided by each responding company (Pk) relative to the total 

percentage of this market that all respondents represented. Equation 8 was used to calculate each 

site-specific 𝜸𝒌 value. 

𝛾𝑘 =
𝑃𝑘

∑ 𝑃𝑘𝑘∈𝐾
          (8) 

The melt yield for both light (yL,k) and heavy (yH,k) gauge scrap was requested from each processor. 

The aluminum content that is not recovered from melting (i.e., 1 - yL,k) is either lost or entrapped 

within the by-products that form during this process (i.e., dross, salt cake). The amount of 

entrapped aluminum that is extracted from these by-products during post-melt processing was 

requested for light and heavy gauge aluminum scrap; rL,k and rH,k, respectively. These values are 

analogous to the sum of DR and SR in Equation 1 and Equation 2. Model parameters REL and 

REH are quantified by adding these by-products return values to the initially reported melt yields, 

multiplying by the appropriate 𝜸𝒌 value, and summing the results of all respondents (Equation 9 

and Equation 10, respectively).   

𝑹𝑬𝑳 = ∑ 𝛾𝑘 ∗ (𝑦𝐿,𝑘 + 𝑟𝐿,𝑘)𝑘∈𝐾        (9) 

𝑹𝑬𝑯 = ∑ 𝛾𝑘 ∗ (𝑦𝐻,𝑘 + 𝑟𝐻,𝑘)𝑘∈𝐾        (10) 

1.4.8 Sensitivity Analysis 

A significant amount of uncertainty is inherently developed within studies of this magnitude that 

must be addressed. Accordingly, a sensitivity analysis has been conducted. For this analysis, model 

parameters have been calculated for a worst and best-case scenario to report a minimum and 

maximum EOL RR, respectively. The worst-case analysis is a resource-oriented EOL RR as a 98% 

CR has been assumed. It has previously been reported that more than 95% of ELVs enter a 
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comprehensive recycling system at EOL [27]. One expert reasons that this value is actually in 

excess of 98% as traditional methods to calculate CR values do not account for vehicles that are 

deregistered but are still owned by the consumer (i.e., ELV hibernation) and overestimate ELV 

flow to landfill. The best-case scenario, as with the weighted average evaluation, are technically-

based EOL RR.  

1.5 Results and Discussion 

Approximately 13 million ELVs are processed annually in the US [28]. Based on this total, about 

5% of the automotive dismantling industry completed the distributed survey as the total amount 

of ELVs processed per year was reported in excess of 630,000. This study questioned 

approximately 30% of the DSS processing tier based on annual volumetric throughput, and 65% 

of the aluminum recovery processors in the US according to the survey responses. Various scales 

of operation are reflected in the results and weighted accordingly. The subsequent sections will 

discuss the resulting model parameters used to quantify the EOL RR for auto-aluminum. 

Individual survey responses cannot and will not be shared. 

1.5.1 Dismantling Operations 

The aluminum metal unit loss to landfill from this operational tier proved to be minimal as 

expected. The only loss is a result of the grinding or surface refinishing procedures that some parts 

require to be reused. These processes can from dust which is typically not collected and considered 

a marginal loss. Any metallic fragments that result from such procedures are collected and mixed 

with the ELVs that will be delivered to auto-shred yards. The weighted average aluminum metal 

unit loss to landfill from these operations is 0.1 wt. % which translates to a 99.9% MRD. The values 

used in the sensitivity analysis are 99.75% and 99.99%, for the minimum and maximum 

evaluation, respectively. 

1.5.2 Downstream Separation Systems 

The sorting technologies used at these sites proved efficient in preventing loss to landfill. Any 

aluminum that is lost to this stream is simply because the scrap fragment is too small in size for 

effective collection or is adhered to a polymeric or rubber-based component that is larger than the 

metal itself. The landfill flow is typically reprocessed multiple times for maximum metallic 

extraction, leading to a marginal loss of 0.2 wt. % and thus a 99.8% MRS. The values used for the 

sensitivity analysis are 99.75% and 99.97% for the minimum and maximum evaluations, 

respectively. Recall the assumption that incorrectly sorted aluminum/aluminum alloy is not 

considered a loss as it has been collected and kept away from landfill. According to expert opinion, 

consumers of non-aluminum metallic scrap streams that contains incorrectly sorted aluminum 

auto-shred will either utilize this content in their specific recovery process or remove the aluminum 

and deliver this content back to the appropriate industry. 



16 

 

1.5.3 Recovery Systems  

As expected, a large difference in processing efficiency is reported for light versus heavy recovery 

efforts. Presented as weighted averages, the initial melt yield for the light recovery process is 90% 

compared to 95% for the heavier variation. The industry reports that 0.5 – 3% of the 5% that 

initially goes unrecovered during heavy gauge melting can be returned through dross processing 

efforts, and experts in the field suggested the use of a safely estimated 95% REH for the average 

case. For light gauge scrap, it is estimated that 1% is returned on average leading to a 91% REL. 

The REH values used in the sensitivity analysis are 91% and 98%, respectively. For REL, 81% and 

98% are used, respectively.  

1.5.4 Material Flow Distribution 

The average l and h values for the baseline EOL RR were determined by averaging the individual 

distribution results determined from expert opinion, available industrial data, and a component-

based analysis. The interviewed expert oversees the material flow of an operation that dismantles, 

shreds and, sorts auto-aluminum. This level of operational control and experience at two different 

processing tiers is uncommon in this industry. From this interview, it was estimated that 90% of 

aluminum is shredded and recovered as a light gauge scrap.  

The second approach uses the data published by the United States Geological Survey (USGS) in 

the Aluminum Mineral Yearbook [29]. The reported old aluminum scrap consumption based on 

form for the 2013 is shown in Table II. However, the percentage of each category that is collected 

from an ELV is not explicitly clear and these are US consumption values, not production, so export 

is not considered. To account for this, it is assumed that 42% of recycled aluminum originates 

from the transportation industry as a whole [30], and that the automotive sector represents 65% of 

this industry [31]. Therefore, approximately 27% of the reported old cast, old extrusion, and other 

wrought is summed and assumed to be equivalent to the amount of heavy gauge scrap collected in 

the US. Still lacking is the total amount of auto-aluminum scrap collected in the US within this 

timeframe. This value is estimated by multiplying the average number of automobiles that are 

scrapped annually in the US (12.6 million) [28] by the average aluminum content in light vehicles 

in 1999 (~114kg) [32]. This year was used because, on average, passenger vehicles have a lifetime 

that is anywhere from 15-17 years and the assumption was made that the aluminum weight in the 

vehicle models produced in this year was most representative for this calculation [33]. Using this 

value to represent the total amount of auto-aluminum scrap processed, h and l are estimated to be 

15% and 85%, respectively.  

Table II: Adjusted Old Al Scrap Consumption Value in the US Based on 2013 USGS Values. 

Scrap Form USGS Reported Consumption Value (MT) [29] Adjusted Consumption Value (MT) 

Old Cast 266,000 71,800 

Old Extrusion 217,000 58,600 

Other Wrought 331,000 89,400 

Auto-shred 97,200 -- 
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The final approach, a component-based analysis, estimates 18% of auto-aluminum to be processed 

in a heavy gauge form and 82% in the lighter form. The auto-components that most frequently 

develop independent scrap streams are wheels and bumpers due ease of access and high intrinsic 

scrap value. In 1999, these components totaled 20 kg of the vehicles aluminum weight [32], thus 

18%. The average of these three attempts to distribute the light and heavy gauge scrap flow is used 

in the weighted average EOL RR calculation. The resulting values are 86% for l and 14% for h. 

The component-based analysis is used to set the maximum EOL RR and the expert’s opinion is 

used to set the minimum EOL RR for the sensitivity analysis.  

1.5.5 EOL RR for Automotive Aluminum 

Table III and Fig. 3 show the summary of all the values identified to calculate the weighted 

average, minimum, and maximum EOL RR for automotive aluminum. It has been determined, 

based on the assumptions made here, that 91% of auto-aluminum is recycled at EOL in the US. 

The range that this EOL RR is assumed to always operate within is 80 – 98% which has been 

calculated by assuming a worst and best-case scenario based on the provided data from each 

processing tier in this study. REL and REH were strategically kept separate in this study as it well 

understood that melt yield is dependent on particle size (i.e., surface-to-volume ratio) and 

contamination levels. For the purpose of quantifying a recycling rate, this is justifiable and more 

accurate than use of a single value, however, if sustainability models require a single RE for 

automotive aluminum, a weighted value should be used based using a similar form dependency. 

Given the data that has been collected, the combined RE for EOL auto-aluminum falls in the range 

91-92%. 

Table III: EOL RR for Automotive Al Reported a Worst and Best-Case Sensitivity Analysis. 

Model parameters 
Weighted average EOL 

RR 

Worst-case scenario 

EOL RR 

Best-case scenario 

EOL RR 

ELV collection rate 

CR 
100% 98% 100% 

Heavy gauge scrap flow, 

h 
0.14 0.10 0.18 

Light gauge scrap flow 

l 
0.86 0.90 0.82 

Material collection rate 

(dismantling) 

MRD 

99.9% 99.75% 99.99% 

Material collection rate (DSS) 

MRs 
99.8% 99.75% 99.97% 

Light recovery process efficiency 

RE
L
 91% 81% 98% 

Heavy recovery process efficiency 

RE
H

 95% 91% 98% 

EOL RR: 91% 80% 98% 
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Fig. 3: PMFA model for auto-Al and the resulting weighted average EOL RR.
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1.6 Conclusions 

A process-based understanding of how well aluminum is recycled from ELVs is presented. The 

current EOL RR for automotive aluminum proves that a concerted effort is made to recover this 

valuable lightweight commodity from ELVs. This fact should offer the aluminum industry and its 

stakeholder's relief of any doubts that exist regarding the inefficient collection and recovery 

practice. Each processing tier identifies the importance of preventing aluminum from flowing to a 

landfill. However, further research is required to determine the amount of aluminum scrap that is 

incorrectly sorted to other metallic scrap streams. The fate of the incorrectly sorted aluminum 

should also be investigated based on whether or not it serves a useful purpose for the end-consumer 

(i.e., de-oxidation pellets for steel) and if not, what measures are taken to remove or dilute the 

aluminum.  

The model framework that has been developed is a valuable outcome. The structure was designed 

in such a way that experts in the field will find it not only useful, but a framework that will be a 

platform for the industry in order to determine EOL auto-aluminum scrap daily. As a snapshot 

investigation, this model, like others that have come before it, is limited by data availability and 

the inherent uncertainty that develops when attempting to model such complex and dynamic 

industries. As a standardized method to quantify the EOL RR of auto-aluminum, however, it can 

be immensely valuable. The true characteristics of the industry are intertwined within this model 

proving its robustness and potential to provide such standardization. It is critical to continuously 

refine this model, however, as verified data becomes readily available or with empirical study. The 

MRS value determined here provides insight to how much auto-aluminum is kept out of the landfill 

and, although may be incorrectly sorted, is still available for recovery. The distinction between 

REL and REH is absolutely when evaluating the EOL RR for automotive aluminium. The 

combined RE estimation of 91-92% should be used based on the current state of the market. In the 

future, material sustainability models can be refined by incorporating more current and a dynamic 

scrap flow distribution values. 

The data and information collection process was massive in scale and a larger portion of the 

industry was covered, however, this study does not account for respondent bias regarding the 

reported loss values. An empirical study focused on assaying landfill streams should be conducted 

to compliment this survey-based study to prove that the reported values are as robust as they appear 

to be. The assumed 100% CR based on the fact that ELV loss to the landfill in full form is very 

rare and that hibernating vehicles will ultimately end up in a recycling system somewhere should 

also be investigated further. Such investigations would help complete the holistic picture of the 

entire automotive recycling system in the US.  

Finally, in addition to preventing material loss, the recycling industry must focus on closing the 

recycling loop for auto-aluminum. A foundation for this type of practice must be put into place by 

the time the light weighting efforts of today require replenishment with an environmentally-

friendly and cost-effective alternative to primary aluminum. The extraordinary amount of 
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aluminum scrap that is available downstream will require an optimized upcycling effort and thus 

provides vast opportunities for the secondary aluminum industry. Such opportunities must be 

strategically presented to the industry during an initial evaluation of its ability and willingness to 

close this recycling loop. This must then be followed by the design of a roadmap that clearly 

defines the necessary steps required to execute this degree of recycling. If closing the loop entirely 

is not possible, other second use markets should be analyzed such that the majority of this recycled 

scrap stream can be upcycled. Considering the complexity of the automotive recycling industry 

and the data collection challenges experienced during this study, all of these suggested projects 

would prove to be extremely difficult, nonetheless, these challenges would be worth the effort as 

the outcomes would enable continuous improvement for this industry as recycling is, and always 

will be, a critical component of resource sustainability. 
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2.1 Abstract 

Understanding the composition and material properties of the constituents within end-of-life 

(EOL) material flow streams enables the design of recovery techniques that can maximize value 

creation. As light weighting efforts progress and aluminum-intensive vehicles begin to reach EOL, 

the EOL vehicle (ELV) processing industry must be aware of how critical the alloy compositional 

requirements are. Secondary aluminum must be processed to meet the new quality standard that is 

characteristic of wrought aluminum while still engaging in cast part recovery if closing the 

recycling loop for auto-aluminum is desired. To achieve such a considerable shift in commodity 

consumption, optoelectronic sorting systems must be widely adopted in industry and optimized 

for the recycling of shredded automotive aluminum (i.e. auto-shred). This will require a joint effort 

between sorting system developers and the recycling industry to gain fundamental understanding 

of how the two most prevalent auto-shred scrap classes, Zorba and Twitch, should be sorted. This 

work offers insight to necessary metallurgical and organic “DNA” characterization that the ELV 

recycling industry should consider implementing to help develop these enabling sorting systems 

and prolong the useful life of aluminum and its alloys. 
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2.2 Introduction 

With an ever-growing global population, that demands rapid technological advance and product 

availability, the need for an optimized product collection and material recovery infrastructure is 

evident. The environmental implications of this uncontrollable growth are well documented and 

have motivated the recent push towards a Circular Economy where reducing environmental impact 

and maximizing value creation at each stage in the material life cycle are emphasized [1]. Proposed 

by the Ellen MacArthur Foundation, this circular approach to natural and technical nutrient 

consumption is shifting the way we approach resource finiteness. The evaluation of current 

material lifecycles to identify unsustainable practice has certainly become a forefront priority as 

resource consumption continuously grows, especially for aluminum and its alloys. This 

commodity is highly recyclable, and its secondary option provides immense environmental 

benefits over primary production [2, 3]. Many recent efforts have highlighted such benefits for 

aluminum and provided insight to where insufficiencies exist related to collection, recovery, 

impurity accumulation, downcycling, and environmental impact [4–14]. A common theme 

identified in these studies is the effect of the automotive industry on aluminum consumption. 

In 2015, there were approximately 242 million light vehicles registered in the US, which as a fleet 

represents a complex mixture of vehicle types and models composed of different subcomponents 

(i.e., auto-parts – engines, wheels, etc.) with various material dependencies [15]. This 

heterogeneous mixture, at least for now [16], not only operates together but is also processed 

together at EOL irrespective of make, model, year manufactured, etc. Dismantlers, scrap metal 

processors, and recovery processors (i.e., re-melters/secondary smelters) sequentially process 

ELVs. Dismantlers target auto-component reuse value within retired vehicles and are responsible 

for hazardous material/component removal before shredding. Once dismantled, ELVs are typically 

flattened and delivered to scrap metal processing yards to be shredded and sorted into various 

material-based streams. At these sites, ELVs mix with post-consumer scrap from other industrial 

sectors, including white goods and demolition debris, which adds further compositional and 

material accounting complexity [17, 18]. The degree of such mixing is site-specific and is often 

driven by supply and demand trade-offs [18]. No standards or technologies currently exist that 

mandate or can efficiently track what it shredded as it relates to specific products or material types. 

The Institute of Scrap Recycling Industries (ISRI) does, however, provide specifications that frame 

baseline compositional requirements for various scrap streams that flow out of these processing 

sites that the buyer and seller ultimately determine and agree on [19]. 

Independent scrap processing sites evaluate scrap differently. Common practice for evaluating 

non-ferrous auto-shred (i.e. Zorba) and aluminum auto-shred (i.e. Twitch) involves assaying 

random samples from the production line or output feed to quantify the amount of cast/wrought 

aluminum, free organic particulates, and other metals in the mixture, especially copper, by means 

of a visual hand sort [18, 20]. Fig. 4 displays a representative processing hierarchy for ELVs at in 

the US. This processing flow highlights two possible destinations for auto-shred aluminum. Most 

Zorba is exported out of the US, and any that remains in the country is sorted into Zebra (i.e., 
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heavy non-ferrous – copper, zinc, brass) and Twitch (i.e., light non-ferrous – aluminum, 

magnesium) by density separation techniques. Twitch is consumed by secondary aluminum 

producers in the US to form die-cast alloys with wide compositional specifications (i.e., 380/319) 

[18, 20, 21].  

 

Fig. 4:  Zorba and Twitch production. 

Although effective up until now, such downcycling practices will be insufficient in the future when 

the automotive industry transitions from a net consumer to a net producer of aluminum scrap [7, 

22]. Current models predict a 350% increase in aluminum sheet consumption by 2028 as efforts 

to reduce the weight of passenger vehicles accelerate [23]. The ELV processing industry must 

collectively realize that in the near term they will no longer benefit from an automotive industry 

with consistent material consumption trends, but will be provided the opportunity to upcycle 

Twitch. Any current impediments to achieving this must be recognized and addressed before the 

market is flooded with shredded aluminum sheet. An example of such is proving to the ELV 

recycling industry the value of optoelectronic sorting systems. X-ray transmission (XRT), x-ray 

fluorescence (XRF), and laser-induced breakdown spectroscopy (LIBS) techniques show promise 

to technologically advance the scrap recycling industry toward achieving high-value recycling [21, 

Zorba 

Twitch 
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24–26]. The optimal sorting criteria and preparation methods require temporal development based 

on the limitations of each system and, similar to today, the requirements of the scrap buyer and 

seller.  

The most circular solution would involve the sortation of each shredded aluminum particulate by 

alloy; however, the market will ultimately determine what is financially feasible as it does today 

from visual hand sort data. This work provides a next-generation scrap characterization procedure 

to advance optoelectronic sorting systems. The metallurgical and organic “DNA” of two 

geographically independent Twitch samples, and three Zorba samples of either geographical or 

particulate size independence will be presented. With this analysis, insights can be regarding 

optimal sorting options, the potential for further secondary alloy development, and what additional 

scrap preparation steps (i.e., cleaning, de-lacquering) should be considered to attain closed-loop 

recycling. The statistical significance of such an analysis is nearly impossible to determine 

considering the scale of the investigated industry; regardless, it is proven herein that the 

characterization of Zorba and Twitch is a critical first step to develop optimal recycling pathways 

leading to a sustainable lifecycle for aluminum used in the automotive industry.  

2.3 Methodology 

2.3.1 Sample description and initial hand sort 

Two types of auto-shred scrap have been characterized, Zorba and Twitch. Zorba consists of all 

non-ferrous metals from shredded ELVs and Twitch is simply the aluminum and magnesium 

content of Zorba that is separated from the heavier non-ferrous particulates via density. Three 

Zorba samples were collected for this analysis from two different geographical sites. The first 

Zorba producer supplied a sample from the largest size fraction (Zorba 1, >65mm). The other 

Zorba producer supplied two samples, with one collected from the 20 – 65mm particle size range 

(Zorba 2) and the second from the >65mm fraction (Zorba 3). The two Twitch samples originated 

from different processing sites than those of the Zorba samples (Twitch 1, Twitch 2). The sampling 

procedure for each specific site was conducted by the technician on staff such that historical 

practice was maintained. If the received samples were significantly over 20kg, a cone and 

quartering method was used to reduce the sample size accordingly (Fig. 5). This sample weight is 

on the lower end of what is required for an aluminum scrap sample to be representative as defined 

by [27]. As commonly practiced in industry, a visual hand sort into six major categories was 

performed first (Fig. 6).The six categories sorted into were cast aluminum, wrought aluminum, 

mixed metals (i.e., aluminum casting with steel bolt), other metals, free organics, and mixed 

materials (i.e., aluminum tube extrusion with polymeric connector). 
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Fig. 5: Cone and quartering sampling used for Twitch and Zorba. 

 

 

Fig. 6: Major category distribution: a) wrought aluminum, b) cast aluminum c) mixed metals, d) 

other metals, e) free polymers, f) mixed material. 

 

2.3.2 Metallurgical characterization 

The Niton™ XL2 GOLDD XRF Analyzer by ThermoFisher Scientific, Inc. and the 

SIGMASCOPE® SMP10 electrical conductivity probe by Fischer Technology were used in 

combination to determine populated an alloy distribution and a compositional bin distribution. 

Scrap particulates with excessive amounts of surface contamination were ground and/or rinsed 

with acetone as necessary to complete each scan. Electrical conductivity measurements were 

 

Cone Quarter Select random 

corner for analysis 
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required to verify the alloy output of the XRF analyzer and in some cases used to differentiate 

between 5000 and 6000-series alloys if the compositional analyzer provided a double-match. This 

technique proved to be very effective as conductivity ranges for many aluminum alloys are well 

known and were in most cases distinguishable for the sorts required by this study (Table IV). The 

cast alloys identified in the mixture were 319, 356, 380, 390, and 413, and the wrought alloy 

distribution was clustered by series from 2000 to 7000. If the particulate was too small to be 

analyzed, it was classified as “Other” (<25 mm). The XRF gun was trained by additional 

spectrochemical standards, aluminum ingots, and scrap pieces with known compositions 

determined by optical emission spectroscopy (OES) to maximize correct identification efficiency. 

Six bins were defined for the chemical distribution using the alloy specifications set in the 

Aluminum Association’s Pink and Teal Sheets [28, 29]. This type of sorting practice allows for 

alloys of similar composition to blend and is a most likely starting point for these advanced 

systems. The cast particulates sorted into the following bins: low Cu – low Fe, low Cu – high Fe, 

and high Cu/Fe/Zn. The Cu and Fe compositional thresholds were set at 0.25wt. % and 0.50wt. %, 

respectively. These values were selected to differentiate between low Cu cast (i.e., 356) and high 

Cu cast alloys (i.e., 319,380) while considering the detrimental effect that elevated Fe content can 

have on the mechanical properties of secondary alloys [25].  The low Cu – high Fe bin was 

designed to collect high Cu 356 alloys (i.e., 356 + 0.5% Cu) and the majority of 413 in the mixture. 

As for wrought alloys, any 2000 and 7000-series particulates were sorted into the high Cu/Fe/Zn 

cast bin due to the high amounts of Cu and Zn used in these alloy families, respectively. A 5000-

series and a 6000-series bin were defined individually as these are the most common wrought alloy 

families consumed by the automotive sector [23]. Any identified 3000 and 4000-series alloys were 

sorted into the “Other” bin with the other unidentifiable or size-restricted particulates.  

Table IV: Electrical conductivities of common aluminum alloys [30]. 

Alloy 
Electrical Conductivity 

(%IACS) 

319 27.00 – 29.00 

356 39.00 – 43.00 

360 28.00 – 37.00 

380 27 

384 22.00 – 23.00 

390 25.00 – 27.00 

413 31 

5083 29 

5086 31 

6061 40.00 – 48.50 

6063 50.00 – 58.00 

6070 44 

6151 41.50 – 55.00 
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2.3.3 Organic characterization 

The presence of carbon-containing coatings, paints, and oils increases the complexity of the auto-

shred recycling process but can provide an opportunity to create energetic value from waste. Direct 

re-melting of auto-shred scrap without proper cleaning results in gaseous emissions at higher 

volumes and unwanted chemical reactions including the formation of aluminum carbide and other 

intermetallic compounds that result in increased melt loss due to further oxidative reactions. 

Thermal de-coating is evidently a required scrap preparation step to maximize aluminum 

sustainability. This process can be separated into two decomposition reactions: 

vaporization/pyrolysis and the combustion of carbon residue. The former creates gasses, liquid tar 

and solid char that should be collected and combusted to recover all embodied energy and the latter 

results in the formation of a carbon char as well, and offers further opportunity to collect and 

recycle energy within the cleaning apparatus [31]. 

The characterization procedure for organic content adhered to Twitch was organized to determine 

the quantity, thermal resistance, and amount of embodied energy for random mixtures. The amount 

of adhered organic content (i.e., paint, oil, lubricants, etc.) was quantified using a mass balance 

approach on 5 randomly selected subsamples from each Twitch processing site (T1-1 – T1-5, T2-

1 – T2-5). The Zorba samples were not included in this, and the subsequent analyses as this scrap 

type is not considered furnace ready, thus analyzing any cleaning requirements is unnecessary. 

Each sample, initially weighing 0.2-0.25kg, was placed in a box furnace at 425oC for 1h. This 

temperature was selected as it is comfortably below the thermal oxidation temperature for 

aluminum when heated in air [32] and is within the decomposition temperature range for these 

adhered organics, also in air, as determined by thermogravimetric analysis (TGA). After cooling 

down, each subsample was weighed and ultrasonically cleaned for 60 minutes. The mass loss at 

each cleaning step was determined, and the total removal of adhered organics is presented as a 

weight percent estimation.  

Another randomly selected set of five Twitch subsamples (independent of processing site) was 

agitated in both acetone and methyl acetate for 60 minutes each to maximize de-coating. After 

filtration and drying, the particle size of the collected coatings was reduced using a pestle and 

mortar so the mixture would fit in the analysis pan. Each of these five subsamples (T1 – T5) were 

analyzed using TGA to determine the decomposition temperature ranges in addition to the amount 

of residual char formed in five different atmospheres; inert N2, 1% O2, 5% O2, 10% O2, and air. 

The thermal cycle involved heating at a constant rate of 20oC/min to 700oC. Finally, a bomb 

calorimeter was used to quantify the heat of combustion of these same five subsamples. This unit 

induces combustion in a pure oxygen atmosphere and the output value should be observed as an 

upper limit energetic content estimation of the total organic matter adhered to Twitch particulates. 
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2.4 Results and Discussion 

2.4.1 Metallurgical characterization 

Understanding the major category distribution within a shredded scrap mixture is critically 

important as these data provide insight for present-day scrap trade evaluation. Metallic [25] and 

organic-based [27, 33] contamination must be accounted for as such impurities effect melt quality 

and yield. Table V presents the major category distributions for each Zorba and Twitch sample 

analyzed in this study. As Twitch is the light fraction of Zorba, a decrease in metallic and 

polymeric contamination due to the additional sorting is an expected observation. It is estimated 

that, on average, Zorba contains 65% aluminum alloy by weight and upgraded Twitch can contain 

anywhere from 90 to 98% [20]. This study proves these estimates to be credible as the quantified 

aluminum alloy content averages at 62% and 95%, respectively for Zorba and Twitch. The mixed 

metals in the Twitch samples were aluminum compounded with steel bolts which individually 

represented 0.3 and 0.1wt. %, respectively for T1 and T2. The other metal content in the Twitch 

samples was predominantly Mg alloy; 93% and 85% of the other metals, respectively for T1 and 

T2. 

Table V: Auto-shred scrap major category distribution (wt. %). 

Major Category Twitch 1 Twitch 2 Zorba 1 Zorba 2 Zorba 3 

Cast 61.9% 47.8% 8.8% 41.8% 20.9% 

Wrought 32.2% 48.7% 35.3% 42.0% 36.2% 

Other Metals 0.7% 0.9% 11.9% 9.8% 27.5% 

Mixed Metals 2.6% 0.7% 16.9% 0.7% 10.9% 

Free Organic 1.8% 0.8% 2.8% 1.9% 4.5% 

Mixed Material 0.8% 1.1% 24.3% 3.8% 0.0% 

 

Characterizing auto-shred samples into alloy and compositional bin distributions will begin to 

provide insight into potential sorting criteria options. Table VI provides the breakdown of each 

auto-shred sample by alloy. The most common cast alloy found in each mixture is 380. The low 

amount of 356 in all five samples was unexpected but is most likely due to the rate at which 

aluminum alloy wheels are dismantled and form an independent scrap stream. Easily accessible 

parts that are single component systems and are made of one alloy, like wheels and bumpers, are 

much more valuable if kept separate from what will become a shredded mixture. Twitch 1, Twitch 

2, and Zorba 2 contain similarly sized scrap particulates and have approximately the same 5000 to 

6000-series ratio at 1:3. Twitch 1 contained 1151 identifiable particulates with an average weight 

of 15g. Twitch 2 consisted of 638 identifiable particulates with an average weight of about 34g. 

Zorba 1 was made up of 333 identifiable particulates with an average weight of 48g. Zorba 2 

consisted of 865 identifiable particulates with an average weight of 23g, and finally, Zorba 3 

included 214 identifiable particulates with an average weight of 113g. Identifiable is referring to 

the particle size is at least 25mm.  
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Table VI: Alloy distribution for Zorba and Twitch samples. 

Alloy/Alloy Family Twitch 1 Twitch 2 Zorba 1 Zorba 2 Zorba 3 

319 5% 7% 1% 4% 10% 

356 3% 3% 3% 2% 7% 

380 16% 31% 5% 21% 14% 

390 1% 3% 2% 3% 0% 

413 4% 6% 0% 6% 2% 

2000 0% 0% 0% 0% 1% 

3000 1% 1% 3% 1% 0% 

4000 0% 0% 0% 0% 0% 

5000 8% 8% 18% 7% 16% 

6000 26% 20% 18% 23% 29% 

7000 2% 1% 5% 0% 1% 

Other 34% 20% 44% 34% 19% 

 

Table VII displays the compositional bin distribution as defined in this study as an alternative to 

complete alloy sortation. A significant amount of scrap was sorted to the “Other” bin. This is 

understandable for the Zorba samples as they have yet to be upgraded to Twitch and still contain 

large quantities of other non-ferrous metals. The amount scrap of that could not be compositionally 

characterized due to size restrictions in the Twitch samples represented 32% and 17%, respectively 

for Twitch 1 and Twitch 2. This poses a new challenge to develop compositional sorting systems 

that are capable upcycling particulates below the current minimum analysis size of ~25mm. The 

High Cu/Fe/Zn bin attracts the most cast alloy weight since 380, 319, and 390 are all High Cu – 

High Fe alloys. The Low Cu – High Fe bin collects the majority of 413, a high-value secondary 

alloy [34]. This direct observation should provide enough data to invoke further metallic 

characterization studies for auto-shred aluminum.  

Table VII: Compositional bin distribution for Zorba and Twitch samples. 

Bin Chemistries Twitch 1 Twitch 2 Zorba 1 Zorba 2 Zorba 3 

Low Cu/Low Fe 1% 0% 1% 2% 3% 

Low Cu, High Fe 5% 8% 2% 4% 5% 

High Fe/Cu/Zn 25% 43% 13% 30% 26% 

5000 8% 8% 18% 7% 16% 

6000 26% 20% 18% 23% 29% 

Other 35% 21% 48% 34% 19% 

  



33 

 

2.4.2 Organic characterization 

The de-coating process successfully removed the majority of the surface contamination on each 

subsample and these data are presented in Table VIII. These coatings are incredibly varied, 

including both organic and inorganic materials, oils, paints, lubricants, lacquers, and a multitude 

of other constituents and this is proven by the wide range of de-coating that took place. This subset 

of samples can in no way be considered a representative analysis of the larger samples. Reaching 

statistical representativeness is very challenging for any characterization effort for this industry. 

This procedure was conducted to prove the need for further large-scale characterization efforts to 

correlate scrap surface contamination to melt loss as this has serious implications on resource 

sustainability. Fig. 7 shows the before and after picture for one Twitch subsample after burn-off. 

The residual char can easily be identified which presents another technological challenge for auto-

shred aluminum. 

Table VIII: Adhered organic content on Twitch samples. 

Sample Mass burn-off [wt.%] 
Ultrasonic cleaning 

[wt.%] 

Total de-coated  

[wt.%] 

Twitch 1 – 1 0.87% 0.30% 1.17% 

Twitch 1 – 2 0.46% 0.48% 0.94% 

Twitch 1 – 3 0.29% 0.15% 0.44% 

Twitch 1 – 4 0.38% 0.19% 0.57% 

Twitch 1 – 5 0.31% 0.16% 0.47% 

Average: 0.46% 0.26% 0.61% 

Twitch 2 – 1 0.54% 0.21% 0.75% 

Twitch 2 – 2 0.96% 0.11% 1.07% 

Twitch 2 – 3 0.41% 0.25% 0.66% 

Twitch 2 – 4 0.36% 0.24% 0.60% 

Twitch 2 – 4 0.92% 0.17% 1.09% 

Average: 0.64% 0.19% 0.83% 
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Fig. 7: Twitch particulates; a) before and b) after organic burn off. 

The temperature range between the onset and the end of polymer decomposition identifies a 

potential operating window for a novel, cleaning apparatus such as the vertical floatation de-coater 

(VFD) [35]. However, it should be noted that these ranges are only an estimates as it is very 

challenging to account for all real-world variables at the lab scale including the true operational 

atmosphere, the residual heat left over from the previous batch cleaning or the temperature 

maintained during a continuous process, actual heating rates as influenced by insulation 

deficiencies, the particle size of what must be cleaned, and convective heat transfer [31, 35]. No 

major differences are recognized between the results of the various atmospheres, and this can be 

in part due to the intense thermal cycle placed on these samples. The kinetics of the decomposition 

reactions were unable to maintain pace with the rapidly increasing ambient temperature. Previous 

works have identified the first decomposition reaction to occur at lower temperatures when slower 

heating rates are used [31]. The lowest amount of residual char is observed for at T1’s air 

processing cycle (Table IX). 

  

(a) (b) 
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Table IX: Decomposition temperature ranges, residual char, and heat of combustion values for 

adhered organics to Twitch. 

 

  

Sample Atmosphere 

Decomposition 

Start Temp. 

[oC] 

Decomposition 

End Temp. 

[oC] 

Residual 

char 

[wt.%] 

Heat of combustion 

[kJ/g] 

T1 

Inert (N2) 197 667 28.68% 

24.15 

1% O2 206 606 34.31% 

5% O2 195 557 34.01% 

10% O2 209 536 29.29% 

Air 218 539 13.01% 

T2 

Inert (N2) 211 663 27.26% 

24.58 

1% O2 215 650 32.13% 

5% O2 222 605 32.61% 

10% O2 210 593 33.66% 

Air 198 513 31.53% 

T3 

Inert (N2) 205 635 33.04% 

26.48 

1% O2 221 671 22.63% 

5% O2 215 574 34.95% 

10% O2 242 689 23.39% 

Air 210 520 20.59% 

T4 

Inert (N2) 273 634 19.24% 

24.38 

1% O2 242 676 25.74% 

5% O2 241 651 16.09% 

10% O2 210 583 31.19% 

Air 237 569 15.87% 

T5 

Inert (N2) 214 643 26.90% 

21.62 

1% O2 205 630 31.64% 

5% O2 234 617 30.11% 

10% O2 238 561 36.56% 

Air 257 508 26.22% 
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The heat of combustion (HOC) values were relatively consistent for all samples, averaging to 

24.24 ± 1.7 kJ/g (Table IX). These values were quantified to investigate the waste-to-energy 

potential for organic surface contaminants on Twitch. This was estimated based on expert opinion 

and by use of the HOC and total de-coated organic content determined herein. The consulted expert 

generated Fig. 8 in a previous study [36] which shows the amount of energy required to clean 

scrap aluminum in a de-coating kiln depending on the scrap feed rate, how much oil is adhered to 

the scrap’s surface, the water content of the batch, and how well-insulated the de-coating kiln is. 

A lower amount of external energy was required to clean the scrap with 7% oil because of the 

amount energy that could be supplemented by recovering and recirculating hot gases from 

previously combusted oil contaminants. The organics adhered to Twitch are also capable of this 

waste-to-energy characteristic which should be exercised to create maximum value. Four scenarios 

have been designed to estimate this potential based on two scrap feed rates (5000 and 10,000 

lbm/hour) and the ranges of HOC (21.62 – 26.48 kJ/g) and de-coated content (0.44 – 1.17wt.%). 

The 1% oil curve was used to correlate the specific energy required for each scenario (suggested 

by the expert). As the scrap feed rate increases the specific energy required to clean the scrap 

decreases, hence, it was appropriately observed that the maximum amount of energy that could be 

supplemented was 8.9% in scenario 4 which was framed using the higher scrap feed rate (10,000 

lbm/h). Equation 1a and Equation 2a were used to make these scenario-based calculations for 

which the results are shown in Table X. Equation 1b and Equation 2b are the dimensional 

representations for Equation 1a and Equation 2a, respectively.  

Fig. 8: Specific energy required to clean scrap metal as a function of feed rate in a de-coating 

kiln [36]. 

𝑬%,𝒂𝒖𝒕𝒐 =  
𝑬𝒔

𝑬𝑯𝑶𝑪
× 𝟏𝟎𝟎         (1a) 

[𝑤𝑡. % 𝑎𝑑ℎ𝑒𝑟𝑒𝑑 𝑜𝑟𝑔𝑎𝑛𝑖𝑐 𝑟𝑒𝑞𝑢𝑖𝑟𝑒𝑑 𝑡𝑜 𝑏𝑒 𝑎𝑢𝑡𝑜𝑡ℎ𝑒𝑟𝑚] =  
[

𝐵𝑡𝑢

𝑙𝑏𝑚 𝑇𝑤𝑖𝑡𝑐ℎ
]

[
𝐵𝑡𝑢

𝑙𝑏𝑚 𝑜𝑟𝑔𝑎𝑛𝑖𝑐
]

× [%]  (1b)  
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𝑬%,𝒐 =  
𝒎𝒐

𝑬%,𝒂𝒖𝒕𝒐
           (2a) 

[% 𝑜𝑓 𝑡𝑜𝑡𝑎𝑙 𝑒𝑛𝑒𝑟𝑔𝑦 𝑓𝑟𝑜𝑚 𝑎𝑑ℎ𝑒𝑟𝑒𝑑 𝑜𝑟𝑔𝑎𝑛𝑖𝑐𝑠] =    
[

𝑙𝑏𝑚 𝑜𝑟𝑔𝑎𝑛𝑖𝑐

𝑙𝑏𝑚 𝑇𝑤𝑖𝑡𝑐ℎ
]

[
𝑙𝑏𝑚 𝑜𝑟𝑔𝑎𝑛𝑖𝑐

𝑙𝑏𝑚 𝑇𝑤𝑖𝑡𝑐ℎ
]

× [%]   (2b) 

𝑜𝑎𝑢𝑡𝑜 = 𝑤𝑡. % 𝑜𝑓 𝑎𝑑ℎ𝑒𝑟𝑒𝑑 𝑜𝑟𝑔𝑎𝑛𝑖𝑐 𝑟𝑒𝑞𝑢𝑖𝑟𝑒𝑑 𝑓𝑜𝑟 𝑑𝑒𝑐𝑜𝑎𝑡𝑖𝑛𝑔 𝑘𝑖𝑙𝑛 𝑡𝑜 𝑏𝑒 𝑎𝑢𝑡𝑜𝑡ℎ𝑒𝑟𝑚𝑖𝑐 

𝐸𝑠 = 𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐 𝑒𝑛𝑒𝑟𝑔𝑦 𝑟𝑒𝑞𝑢𝑖𝑟𝑒𝑑 𝑡𝑜 𝑐𝑙𝑒𝑎𝑛 𝑠𝑐𝑟𝑎𝑝 𝑎𝑡 𝑑𝑒𝑓𝑖𝑛𝑒𝑑 𝑠𝑐𝑟𝑎𝑝 𝑓𝑒𝑒𝑑 𝑟𝑎𝑡𝑒 (𝐵𝑡𝑢 ∙ 𝑙𝑏𝑚−1) 

𝐸𝐻𝑂𝐶 = 𝐻𝑂𝐶, 𝑒𝑛𝑒𝑟𝑔𝑦 𝑒𝑣𝑜𝑙𝑣𝑒𝑑 𝑓𝑟𝑜𝑚 𝑐𝑜𝑚𝑏𝑢𝑠𝑡𝑖𝑛𝑔 𝑎𝑑ℎ𝑒𝑟𝑒𝑑 𝑜𝑟𝑔𝑎𝑛𝑖𝑐𝑠 (𝐵𝑡𝑢 ∙ 𝑙𝑏𝑚−1)  

𝑚𝑜 = 𝑤𝑡. % 𝑜𝑓 𝑎𝑑ℎ𝑒𝑟𝑒𝑑 𝑜𝑟𝑔𝑎𝑛𝑖𝑐 𝑜𝑛 𝑇𝑤𝑖𝑡𝑐ℎ 

𝐸%,𝑜  = 𝑝𝑒𝑟𝑐𝑒𝑛𝑡 𝑜𝑓 𝑒𝑛𝑒𝑟𝑔𝑦 𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒 𝑓𝑟𝑜𝑚 𝑎𝑑ℎ𝑒𝑟𝑒𝑑 𝑜𝑟𝑔𝑎𝑛𝑖𝑐 

Table X: Creating waste-to-energy value from organics adhered to Twitch. 

  

Scenario 

Feed 

Rate 

[lbm/h] 

Specific 

Energy 

Required 

(Es) 

[Btu/lbm]  

 Heat of 

Combustion 

(EHOC) 

[Btu/lbm] 

 Organic 

Weight 

(mo) 

[wt.%] 

Autothermic 

Requirement 

(E%,auto) 

[wt. %] 

Percent of 

Energy 

Available  

(E%,o) 

[wt.%] 

1 5,000 2,250 9,300 0.44 24% 1.8% 

2 5,000 2,250 11,400 1.17 20% 5.9% 

3 10,000 1500 9,300 0.44 16% 2.7% 

4 10,000 1500 11,400 1.17 13% 8.9% 



38 

 

2.5 Conclusions 

The ELV recycling industry must prepare for the changing automotive manufacturing landscape. 

The secondary aluminum production industry must relish the opportunity to close the recycling 

loop and become the material stewards for aluminum for future generations. Some of the 

elementary first steps have been described herein, but a significant amount of work is still required. 

Such research endeavors should include the determination of a complete compositional baseline 

for auto-shred scrap, a more in-depth analysis of required cleaning practice, and an optimal plan 

to implement optoelectronic sorters with robust sorting criterion to ensure aluminum’s longevity 

as a solution to the automotive sector’s light weighting schedule.  

Optoelectronic sorting systems, namely x-ray transmission (XRT), x-ray fluorescence (XRF), and 

laser-induced breakdown spectroscopy (LIBS), are poised to shift the metallic recycling industry. 

These enabling technologies will aid in the broadening of the secondary aluminum alloy spectrum, 

prolong the threatening shredded scrap surplus, and increase domestic utilization of aluminum 

auto-shred in the US if preparation starts now. Understanding the “DNA” of auto-shred scrap is a 

logical place to start. Compositional characterization will lead to the development of an optimized 

sorting plan and accompanied by the cleaning operations that are required pre- and post-sort. 

Further investigation into the geographical dependency of this valuable commodity is critical as 

there may not be a singular solution for the entire industry. Smaller scale particulates will require 

sorting as well. Thus the development of a system that can compositionally sort particulates at and 

under 25 mm is critical. 

Transitioning to an economy that emphasizes sustainable consumption is essential to ensure the 

longevity of raw material resources. This shift must lead a linear processing culture to a circular 

culture that considers the effects of present-day decisions on future generations. If such a transition 

can be proven economically justifiable, ELV processors will without doubt answer the call for 

optimized recycling practice. Such justification will not be easily attained and will require effort 

from many outside of this industry including legislators, automakers, and research institutions. The 

“DNA” presented here should assist the scrap recycling industry in their preparations to 

sustainably process the substantial amount of automotive aluminum coming downstream.  
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3.1 Abstract 

The US automotive industry will soon become a net producer of aluminum scrap as a result of 

increased sheet consumption to manufacture lighter vehicles. This will pose unique challenges to 

the recycling industry that must efficiently process this added content at end-of-life (EOL). The 

downcycling of auto-shred scrap has been historically profitable due to high demand for secondary 

cast alloys by this same industry. Any auto-shred not used to produce these low-value castings is 

usually exported to developing nations. With the advent of electric vehicles and as foreign nations 

become industrialized, these economic drivers will subsequently diminish requiring new value 

creation opportunities to be identified. One such opportunity includes establishing trade 

relationships with aluminum mills to support this increase in sheet demand. Closed-loop recycling 

must be pursued to develop these new consumption pathways for aluminum scrap. Intelligent 

sorting systems, namely those that utilize x-ray transmission (XRT), x-ray fluorescence (XRF), 

and laser-induced breakdown spectroscopy (LIBS), can advance the recycling industry toward this 

new standard. Characterization studies and sorting-criteria development are required to extract the 

full potential of these systems. This work explores the sorting capabilities and limitations of these 

sorting technologies and discusses the ideal implementation of such into an inflexible industry.  
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3.2 Nomenclature 

 

Term Description 

“DNA'’ of Twitch 

Refers to the compositional characterization of auto-shred 

Twitch at various levels of granularity: material class, alloy, 

alloy-family/series, and bulk elemental composition 

AIV 

Aluminum-intensive vehicle: vehicles that are manufactured 

with increased amounts of aluminum to reduce curb weight and 

increase fuel-economy 

Alloy distribution 
Distribution of aluminum alloys and alloy-series for the cast 

and wrought form fractions 

ASR 

Auto-shred residual: the shredded fraction of ELVs and other 

post-consumer scrap that is formed after the ferrous fraction 

has been magnetically removed 

Auto-hulks 
A flattened ELV after dismantling for shipment to a shredding 

facility 

BAU 
Business-as-usual: refers to the current state of the recycling 

industry 

C 

Compositional purity: evaluates the amount of bulk or alloyed 

metallic impurity accumulation in the upgraded scrap streams, 

calculated by bulk contamination (i.e., steel screws, Mg-alloys) 

–  Cb and alloyed metallic impurity – Ce 

Compositional bin 

A compositional bin refers to the chemical thresholds that have 

been set in the sorting criteria that may extend beyond alloy or 

alloy-series compositional specifications for sorting purposes 

Cone-and-quartering 
Random sampling technique used to collect samples of auto-

shred for post-sort evaluation 

Dismantling operation 

A facility that processes ELVs for component reuse and the 

scrap value of components that are easily accessible and of 

high scrap value (i.e., aluminum alloy wheels). The distinction 

between light and heavy gauge scrap flow is made at these 

processing sites within the model developed herein 

Downcycling 

Utilizing waste or scrap streams in next life applications that is 

of lesser value, lower quality, and less environmentally 

friendly/sustainable 

DSS 

Downstream separation system: a material collection site that 

operates sorting equipment specifically related to the collection 

of automotive aluminum post-shredding 

ECS 
Eddy-current separators: used to upgrade non-ferrous residual 

scrap to Zorba 

Ejection 

Ejection results when an intelligent sorting system either 

correctly or incorrectly matches (false ejection) a scrap 

particulate with a pre-set sorting criteria 

ELV End-of-life vehicle 

EOL End-of-life 
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FE 

False ejection rate: evaluates how frequently intelligent sorting 

systems makes unnecessary sorting efforts. Such efforts 

involve the false ejection of particulates that the system should 

have rejected. This sorting capability metric is calculated based 

on weight (FEw) and particulate count  (FEp) 

High alloy 

Aluminum auto-shred particulates that contain a high 

concentration of heavy alloying elements, Cu, Zn, Fe (i.e., cast 

380, 7000-series wrought) 

High-Cu cast 
Defined as any cast scrap particulate with a copper content > 

0.25% 

HMS 
Heavy-media separation: wet or dry density separation 

technique used to sort Zorba into Twitch and Zebra 

IAW Insulated aluminum wire 

ICW Insulated copper wire 

Irony-aluminum 
Aluminum that is contaminated by compounded steel/iron 

bolts, screws, etc. 

ISS 

Intelligent sorting system: a class of sensor-based sorting 

systems that excite scrap particulates using x-ray radiation or 

laser pulses and subsequently detect the emissions. A sorting 

decision is made by a sorting algorithm which compares the 

converted property/compositional data to pre-set sorting criteria 

Landfill flow (i.e., fluff) 

The waste plastic and other organic constituents separated from 

metallic scrap content that is delivered to landfill or waste-to-

energy facilities 

LIBS 

Laser-induced breakdown spectroscopy: an optical 

spectrographic technique implemented into an intelligent sorting 

system that sorts based on composition, capable of accurately 

detecting all alloying elements and aluminum, relies on a laser 

source for excitation 

Low Alloy 

Aluminum auto-shred particulates that contain a low 

concentration of heavy alloying elements, Cu, Zn, Fe (i.e., cast 

356, most wrought) 

Mixed materials 

Auto-shred aluminum particulates that are still compounded 

with other material types (i.e., aluminum extrusion with 

polymeric tube) after shredding 

Mixed metals 

Auto-shred aluminum particulates that are still compounded 

with other metals (i.e., aluminum cast with steel screw) after 

shredding 

MR 

Material collection rate: the amount of targeted material 

collected related to the amount of this material in the input flow 

based on either weight (MRw) or by particulate count (MRp) 

NFR 

Non-ferrous residual: the fraction of auto-shred scrap that is 

formed after some level of air separation or other weight-based 

technique has been used to sort non-ferrous metals from the 

landfill stream (i.e., fluff) 

OES Optical emission spectroscopy 
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PCBs Printed circuit boards 

Purity 

Amount of targeted scrap collected divided by total scrap 

collected in this bin/location. Non-targeted content (i.e., 

contamination or impurity) sorted into the targeted content’s bin 

reduces the purity 

Recovered aluminum 

The aluminum content that will re-enter useful life as a 

secondary alloy after scrap melting and dross/salt cake 

processing 

Recovery processor 

A facility that re-melts or smelts aluminum scrap to produce 

secondary aluminum and maximizes recovery by processing 

dross onsite or elsewhere to extract entrapped aluminum 

content 

Rejection 

Rejection results when the sorting algorithm cannot match the 

signal detected from a specific scrap particulate to any pre-set 

sorting criteria 

Rest/Drop 

The scrap fraction that is not targeted by any sorting criterion 

that should be rejected by the sorting algorithm. This 

compositional bin also collects scrap that is insufficiently 

ejected or that misses the sensor and goes undetected 

SBS 

Sensor-based sorters: a class of enabling technologies that 

utilize sensors to detect a difference in the material property to 

execute optimal recycling practice (i.e., radiation detection, 

high-speed cameras) 

Shredder Feedstock 

Obsolete/retired products that are shredded with ELVs to 

extract metallic content at upstream and downstream separation 

systems 

Site A 
Twitch producer A that provided monthly samples for the 

temporal and sorting system evaluation 

Site B 
Twitch producer B that provided monthly samples for the 

temporal and sorting system evaluation 

Size-limited 

Any scrap particulate that has a maximum dimension < 25 mm, 

these particulates are excluded from the intelligent sorting 

system evaluation  

Sorting Criteria 

Criteria, pre-programmed by the user, that the sorting algorithm 

uses to make eject/reject decisions based on a detected signal 

from a scrap particulate 

SS Stainless steel 

Target material 
A scrap type that meets the pre-set sorting criteria and should 

be ejected  

Twitch 

The light fraction of Zorba that is extracted using density 

separation techniques, 90-98% aluminum alloy with some Mg 

alloys, iron-contaminants in the form of bolts and screws, and 

plastic-contaminants 

Upcycling 

Utilizing waste or scrap streams in next life applications that is 

of greater value, higher quality, and more environmentally 

friendly/sustainable 



46 

 

USS 

Upstream separation system: a material collection site that 

operates sorting equipment not directly related to the ejection of 

automotive aluminum post-shredding but rather to the ferrous 

and light material (i.e., waste, plastics) content 

XRF 

X-ray fluorescence: a spectrographic technique implemented 

into intelligent sorting systems that sorts based on detected 

differences in composition but is limited to heavy alloying 

element detection and relies on an x-ray source for excitation 

XRF-1 
The first XRF intelligent sorting system evaluated in Part II, a 

different manufacturer than XRF-2 

XRF-2 
The second XRF intelligent sorting system evaluated in Part II, 

a different manufacturer than XRF-1 

XRT 

X-ray transmission: radiographic technique implemented into 

intelligent sorting systems that sorts based on detected 

differences in material density 

Zebra 
The heavy fraction of Zorba; copper alloys, zinc alloys, 

stainless steel, etc. 

Zorba 

Non-ferrous auto-shred that is collected after eddy-current 

separation; predominantly aluminum alloy scrap with copper, 

zinc, magnesium, brass, stainless steel, irony-aluminum, and 

waste constituents. 

Zurik Shredded stainless steel usually collected by induction sorters 
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3.3 Introduction 

Aluminum has become the lightweight alternative of choice for a variety of applications that 

require reductions in weight to enhance product functionality. This is especially true for the 

automotive sector as continual efforts are being made to increase fuel economy. Replacing the 

heavier materials traditionally used for body and closure components with aluminum sheet is 

proving to be a feasible weight-saving solution and is a transition that many automakers are 

currently or will undertake in the near term [1]. Sustaining this growth will require a joint effort 

from both primary and secondary aluminum producers especially as this added sheet content 

begins to reach end-of-life (EOL). To date, old aluminum sheet in mixed auto-shred has been 

strictly utilized in the production of secondary cast alloys. This paradigm must be shifted. EOL 

scrap processors must become the material stewards for aluminum and its alloys to ensure the 

longevity of this resource as a lightweight solution in both wrought and cast forms. 
 

Recycling an end-of-life vehicle (ELV) is a challenging process that must be efficiently executed 

to ensure economic benefit. Sustainable solutions must have sustainable business models. 

Optimizing the collection efforts for aluminum has been a forefront priority in metal recycling as 

this content accounts for more than 50% of the attainable scrap value in ELVs [2]. The current 

economic drivers for this industry include international trade to developing countries (i.e. China, 

India) and the production of secondary cast alloys for the automotive industry; namely the 380-

family and 319 cast alloys [2–4]. As these underdeveloped countries become industrialized and 

transition to net exporters of scrap and electric vehicles begin to dominate the automotive market, 

the demand for auto-shred will decrease significantly and will become unusable as a secondary 

resource if business-as-usual (BAU) continues [1, 4, 5]. This must be prevented by creating 

additional end-use opportunities for auto-shred scrap either by closing the recycling loop for the 

automotive sector or through the development of consumption pathways in other markets that limit 

the downcycling of this critical material resource [6].  
 

The low impurity tolerances of wrought alloys restrict the use of old aluminum scrap; especially 

auto-shred, due to bulk contamination levels (i.e., steel screws, plastic) and the compositional 

uncertainties that are characteristic of these mixtures in the market today [7]. If contamination 

levels and compositional inconsistencies cannot be reliably suppressed and monitored, aluminum 

mills will continue to rely on virgin aluminum and new, clean aluminum scrap to meet the 

increasing demand for auto-body sheet. The auto-recycling industry must exhaust all options to 

beneficially complement primary production by returning the old aluminum sheet to the mills as a 

high-quality, furnace-ready resource. This effort is required to limit the high environmental impact 

of primary production and to prevent the development of surpluses as the automotive industry 

transitions to a net producer of aluminum scrap [8, 9].  
 

Aluminum recycling practitioners must collectively realize the urgent need to progress away from 

BAU to a more sustainable consumption framework that emphasizes upcycling. The conclusions 

from this study provide enabling tools to upcycle and create value. The current state-of-the-art for 

processing ELVs is first reviewed to gauge how well aluminum is collected in the US today and 
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to highlight opportunities for improvement. Fig. 9 will be used to guide this discussion.  The losses 

of aluminum to other scrap streams or landfill are identified at each step to quantify collection 

efficiency from ELVs. 
 

Following this review, the results of a temporal characterization of auto-shred aluminum are 

reviewed and discussed. Twitch samples were collected from two independent processing 

locations over a 5-month period to determine if there is a compositional dependence on 

geographical origin. This characterization was completed at three distinct levels of granularity: by 

material type (i.e., cast, wrought, other metals, plastics); by alloy/alloy family; and by bulk 

elemental concentration in the aluminum mixture (Part I: Twitch Temporal Analysis). This 

compositional baseline is used to calibrate a dynamic material flow model designed to quantify 

how the composition of auto-shred aluminum will change as aluminum intensive vehicles (AIVs) 

reach EOL. 
 

Finally, the results from a thorough characterization of the upcycling potential for three intelligent 

sorting systems (ISS), x-ray transmission (XRT), x-ray fluorescence (XRF), and laser-induced 

breakdown spectroscopy (LIBS), are presented and discussed (Part II: Intelligent Sorting 

System Evaluation). The understanding of where inefficiencies lie in today’s ELV recycling 

industry in combination with the compositional analysis of Twitch has proved instrumental in 

framing the latter portion of this study. A concluding discussion will provide insight related to 

where in the processing flow ISS should be implemented and how each system should be 

controlled as it relates to specific sorting criteria. 
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Fig. 9: Automotive aluminum end-of-life processing (sources for loss values [10–13]).
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3.4 Current State-of-the-Art in ELV Processing 

3.4.1 Dismantling Operations 

Dismantling operations are primarily responsible for the removal of hazardous components, 

materials, and fluids from ELVs before shredding and supplying the automotive repair industry 

with auto parts that maintain function even after the vehicle has been retired.  Auto-component 

and total material weight inventories are usually well-maintained by these sites as vehicles cycle 

through. In addition to recycled part sale, aluminum components that have high enough scrap value 

to at least supplement the cost of removal are usually dismantled and form a separate material 

collection stream from the remaining vehicle weight. ELVs that contain parts that are not in high 

demand due to obsolescence, age, or quality, either enter a publically accessible “pick n’ pull” yard 

that is not managed by an inventory, or skips the dismantling procedure altogether are shredded in 

complete form. The ELVs that are purchased by dismantlers are usually flattened into auto-hulk 

form to maximize the density of the shipment to the shredding location once all reuse value is 

collected. In some cases, agreements are made between dismantlers and shredders that allow this 

crushing procedure to be executed at or near the dismantling site from which the post-dismantled 

ELVs are purchased. Small amounts of metallic dust may be generated when components are 

dismantled or processed for reuse. These unrecoverable traces of aluminum and other metals are 

the only metallic losses that result from these operations [12]. This process is illustrated in Fig. 10.   

 

 
Fig. 10: ELV dismantling.  

 

3.4.2 Upstream Separation System (USS) 

After dismantling, auto-hulks are usually shredded as part of a mixture with other post-consumer 

products. This mixture is defined as the shredder feedstock. The combination of shredding, air 
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separation, magnetic sorting, and particulate-screening is collectively defined herein as the 

upstream separation system (USS). Auto-aluminum is processed through this system before 

reaching the downstream separation system (DSS) designed for its collection. The following 

sections define each USS sub-process, and all corresponding material flows as shown in Fig. 11.  

 
Fig. 11: Upstream separation of auto-aluminum. 

 

Shredder Feedstock 

Auto-hulks are mixed with other metal-containing products at shredding facilities based on site-

specific recipes that have been historically groomed to meet the demands of the end user or as 

influenced by scrap surpluses or shortages. In general, EOL products that contain metal but cannot 

be dismantled into constituent material streams in a timely fashion are shredded before melt 

recovery. Examples include appliances, lawnmowers, and other forms of heavy machinery.  
 

Shredding 

The recycling journey for the majority of auto-aluminum begins with shredding. Hammer-mill 

shredders are used to pulverize the shredder feedstock into workable-sized particulates such that 

sorting systems can be implemented efficiently. A workable-size has previously been defined as 

less than 100 mm [14].  Any particulate more substantial than this will be re-shredded. The metallic 

dust that is generated during this procedure must be controlled to prevent hazardously impacting 

employee’s health or the surrounding environment [2]. The aluminum content within this dust is 

challenging to quantify and is assumed to be marginal.  
 

Air Separation 

After shredding, air separation techniques are usually implemented at various points in USS. The 

exact processing locations are site-dependent. These systems use either forced air or suction to 

remove the light material fraction (i.e., plastics and other waste) and usually collect some 

aluminum fragments as well. This light material mixture is frequently re-processed or enters a 

separate material collection facility (i.e., fines processing) before being delivered to a landfill or 



52 

 

an incinerator [13]. This waste stream is commonly referred to as auto-shred residual (ASR), fluff, 

or landfill flow and usually contains between 0.3 and 0.6 aluminum alloy by weight. 
 

Particulate Screening 

A wide range of scrap particulate sizes form during shredding and screening systems are used to 

set sizing thresholds accordingly. Any particulates that are larger than 100 mm are usually 

collected and reprocessed through the shredder until a workable-size is reached for sortation [14]. 

The mesh sizes used in this screening procedure and the number of size-dependent fractions that 

are formed vary based on the scrap processor. Usually, 2-3 size thresholds are defined based on 

the author’s experience with characterizing Zorba samples. The size ranges observed in this 

previous study were: <20mm, 20-65mm, and >65mm. Any particulate that is smaller than 5mm is 

defined as a fine particulate and requires size-specific collection techniques external to the main 

processing flow [14]. 
 

Magnetic Separation 

Post-shredding, magnetic separation is used to extract the ferrous content from the mixed auto-

shred stream. Drum and overhead magnets are commonly operated in series to limit the amount of 

iron-contamination in the nonferrous stream. After the ferrous content has been removed, the 

resulting scrap class is defined as nonferrous residual (NFR). This mixture of nonferrous metals 

and residual light material enters the DSS for further liberation.  
 

Scrap processors frequently sample the scrap streams they produce and characterize them based 

on metal and material type. A nonferrous recycling expert that was surveyed in a past study 

provided the average amount of aluminum that is appropriately collected in Zorba and the amount 

that is usually lost to non-aluminum scrap streams. These values are displayed in Table XI as a 

percentage of aluminum content that was in the shredder feedstock. A bottom-up approach must 

be used to quantify these values as shredder feedstock is not usually monitored by specific-material 

or metal type. Each output flow is multiplied by the aluminum content in that stream to determine 

these collection or loss values. The amount of aluminum that is incorrectly sorted into the ferrous 

stream, as reported by this expert, is much lower than estimates made previously using a controlled 

mass-balance evaluation at a different processing location (~4-7 wt. %, [11]). The utilization of 

hand-pickers during day-to-day processing could be the reason for this large difference. This 

consideration is not usually made in mass-balance studies but is also not practiced at all scrap 

processing sites. The estimated aluminum loss range of 0-7 wt. % to the ferrous scrap stream 

should be representative for all scrap processors 
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Table XI: Percent of Aluminum Collected or Lost to other Scrap Streams. 

 

Scrap Type Output Flow 

Aluminum Content 

in Scrap Stream  

(wt. %) 

Percent of Aluminum 

Input  

(wt.% - red signifies a loss) 

Ferrous 70 -75% 0% 0* 

Auto-shred 

Residual 
-- 5 - 14 - 

Zorba 3.2 - 4.9% 78 - 87 2.5 - 4.3 

Zurik 0.2 - 0.6% 2 - 11 0 - 0.1* 

Insulated Copper 

Wire 
0.03 - 0.1% 5 - 15 0 - 0.2* 

Landfill 22 - 31% 0.2 - 0.7 0.04 - 0.2 

Handpicked metals 0.04 - 0.05% 0 0 

*Used in Fig. 9 

3.4.3 Downstream Separation Systems (DSS) 

NFR is processed further by DSS. DSS are defined herein as a system of recycling technologies 

that use one or more collection processes that target characteristic properties of aluminum 

including those based on color, weight, magnetism, electrical conductivity, density, and chemical 

composition. Fig. 12 is provided to visually represent the following sections that introduce various 

technologies that are commonly used to collect and sort aluminum auto-shred.  

 
Fig. 12: Downstream separation system for automotive aluminum scrap. 
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Eddy Current Separation (ECS) 

Eddy current separators (ECS) are used to upgrade NFR to Zorba. Zorba is defined as shredded 

nonferrous scrap that is predominantly aluminum alloy (40-80%) with some copper, zinc, brass, 

magnesium, stainless steel, and residual waste content [15, 16]. This technology targets the broad 

range of electrical conductivities within the NFR stream. A rotor that is lined with rare earth 

magnets, arranged by alternating north and south poles, produces an external magnetic field that 

generates an eddy-current in nonmagnetic, electrically-conductive particulates. The formed eddy-

current is repelled by the rotating magnet leading to the ejection of the particulate over a material 

splitter [17, 18]. This ejected material is Zorba. ECS can theoretically sort by base metal in the 

NFR stream as ejection distances can be calculated and controlled using known electrical 

conductivity data and by making adjustments in rotor speed [9, 18]. 
 

Heavy-Media Separation (HMS) 

Heavy-media separation (HMS) can be employed as either a wet or dry technique. Regardless, 

these systems sort based on the known density differences of the material constituents in Zorba. 

In a wet-process, Zorba is usually upgraded by entering two rotating drums, one after the other, 

that contain media-slurries at different specific gravity levels. The specific gravity of each bath is 

controlled by mixing water with magnetite or ferrosilicon powder. The first drum usually holds a 

bath at a specific gravity between 2.1 and 2.5 to separate magnesium and dense plastics from the 

other metals. The second drum contains a higher specific gravity bath (3.1–3.5) which is 

strategically set to float cast and wrought aluminum while the heavier metal components, such as 

copper, zinc, and lead, sink to a different material collection system [18]. A fluidized bed technique 

may also be used to produce Twitch. This technique uses sand as a dry media and controls the bulk 

density with streams of air. This technology is economically favorable as media collection is not 

required. The wet-technique requires such collection since ferrosilicon powder adheres to the scrap 

that has exited the final bath [18]. 
 

The floated aluminum content is defined as Twitch and the heavier nonferrous metals that sink 

makeup Zebra (i.e., heavy nonferrous metals in auto-shred; [16]). Twitch is defined as a shredded 

mixture of aluminum alloys (90 – 98 wt.%; [15]), with small traces of magnesium, plastic and 

other heavier impurities, that are collected from shredded ELVs, mixed with other retired products, 

by use of the collection processes described to this point [16].  
 

3.4.4 Summary of Current State-of-the-Art in ELV Processing 

The processing flow that is commonly used to produce Zorba and Twitch from shredder feedstock 

has been discussed to this point. This is usually the end of the road for aluminum auto-shred 

processing in the US. Zorba is not a furnace-ready scrap form, and if it is not upgraded to Twitch 

and Zebra, this nonferrous mixture will be exported to developing nations. Estimates have been 

made that approximately 70-90% of the Zorba produced by US scrap processors is exported [19]. 

Twitch is a furnace-ready aluminum auto-shred and is usually blended with other scrap forms and 

primary metals to form secondary cast alloys that are used in automotive applications. 
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Using the loss values presented in Fig. 9, approximately 87 – 99% of the aluminum content 

originally in the shredder feedstock is collected in aluminum-based scrap streams through HMS 

(assuming all auto-shred is processed to this point). This proves that the ELV recycling industry 

prioritizes aluminum collection and rightfully so due to its high scrap value. Now efforts must be 

made to upcycle this collected Twitch to close the recycling loop for aluminum and its alloys to 

create maximum value. 
 

3.4.5 Enabling Technologies to Advance the State-of-the-Art 

 

Sensor-based Sorting (SBS) 

Sensor-based sorting techniques (SBS) separate the bulk constituents of heterogeneous scrap 

mixtures based on detectable differences in material property [17, 18, 20, 21]. The development 

and optimization of SBS systems that can sort by base-metal or alloyed composition at the 

industrial scale have gained significant traction in recent years especially as the need to achieve 

sustainable material consumption becomes increasingly evident. Closed-loop recycling will not be 

possible without widespread implementation of these systems.  
 

Various SBS types have been strategically designed to sort nonferrous and aluminum scrap metal 

mixtures using image processing and emission detection techniques. SBS that excite scrap 

particulates using x-ray radiation or laser pulses and subsequently detect the emissions that result 

are defined herein as intelligent sorting systems (ISS). ISS techniques based on the fundamentals 

of XRT, XRF and LIBS are the most popularly researched and developed to sort nonferrous scrap 

mixtures [17, 20–27]. These intelligent sorters are usually supported by other sensing techniques, 

such as object detection and color-based sensors, that contribute to spatial resolution enhancement, 

image resolution enhancement, and size-detection [14, 17, 18, 22, 25]. The combination of such 

intelligent technology must reach wide-scale implementation to ensure the longevity of aluminum 

and its alloys as a lightweight material solution to the automotive sector.  
 

Color-based Sorting 

Color differences in scrap material streams are easily detectable with the naked eye. Hand-sorting 

is used to exploit this value creation opportunity as it offers an easy solution to upgrade scrap in 

countries with low labor costs. Outside these boundaries, automated sorting is required to maintain 

economic feasibility when recycling shredded scrap mixtures. These systems require color 

recognition algorithms to efficiently process the data collected by high-speed 3D cameras [18]. 

Color-sorters are typically combined with ISS to maximize material collection efforts.  One 

example such combination is the use of color-sorters with x-ray fluorescence units to identify and 

eject copper-scrap grades based on color differences and purity/cleanliness. 
 

X-ray Transmission (XRT)  

Dual-energy x-ray transmission (DE-XRT) techniques combine two energetically distinct 

radiographs to improve image contrast and to quantify material density and atomic number. This 

combined approach provides an image that can be efficiently analyzed by image processing 

techniques and a sorting algorithm to make the ejection or rejection decision for a targeted material 
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density (Fig. 13) [20]. This dry technique provides the scrap recycling industry with an alternative 

to HMS. Major drawbacks of wet-HMS techniques include the requirement to maintain the 

specific gravity of the media-slurry and the massive recovery effort required to collect ferrosilicon 

particulates that adhere to the scrap. Additionally, if Zorba does not enter the first media bath, 

designed for the extraction of elements and materials lighter than aluminum, all magnesium alloys, 

and other light contaminants will be collected with the Twitch [18]. Heightened amounts of Mg 

are not typically acceptable in secondary cast alloys (i.e., A380’s allowable Mg content is 0.10-

0.35 wt. %) thus when impurity levels are surpassed, secondary-smelters are forced use a 

demagging technique (i.e., chlorination) to remove the excessive Mg content which is costly and 

environmentally unfriendly [4, 14]. 
 

XRT sorters can be seamlessly implemented inline at any DSS, and especially at sites that produce 

Zorba which would allow for the continuous production of Twitch and Zebra. Optimal sorting is 

achievable if the scrap particulates are evenly distributed on the conveyor belt to ensure equal 

sensing and ejection opportunity for the entire stream. Vibratory feeders are commonly used to 

achieve this required spatial resolution by managing the vibrational frequency of one or more 

feeders in series. Once on the conveyor belt, object detection systems identify each particulate’s 

belt location (i.e., lasers, 3D cameras) and provide this information to the x-ray and ejection unit. 

The x-ray source tube and detection system are positioned below and above the conveyor belt, 

respectively. Image processing is completed in fractions of a second and the results are compared 

to the preset sorting criteria to make the eject/reject decision. Ejection requires the system to 

physically move scrap to the location identified by the sorting algorithm. Rejected particulates do 

not induce this systematic work but instead are collected before a physical splitter or in a collection 

location at the end of the belt. 

 

 
Fig. 13: Comparison of image quality between a camera and a DE-XRT technique for the 

differentiation between light and heavy metals [20]. 

 

X-ray Fluorescence (XRF)  

XRF technology can be used to quantify the chemical composition of unknown scrap metal pieces 

in real time. This technology operates based on the detection of characteristic secondary x-rays 
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that are emitted from each scrap particulate during continuous processing. In more detail, low 

energy x-ray radiation is fired at the scrap which leads to the excitation of low energy electrons, 

causing them to eject from orbit. Higher energy electrons quickly fill these energetically favorable 

vacancies releasing characteristic secondary x-rays (i.e., fluorescence) (Fig. 14). An energy 

dispersive x-ray sensor is used to detect this release of fluorescence and delivers these signal data 

to a spectrograph for analysis [28].  

 

 
Fig. 14: Fundamentals of XRF. 

 

XRF sorting systems are commonly used to eject copper alloys from Zebra streams and stainless 

steel (SS) alloys from mixed SS streams in practice. The heavier elements that are used to alloy 

aluminum can be targeted by the sorting criteria, but this is not common practice at the commercial 

scale since the light element concentration of the ejected alloys cannot be accurately controlled. 

Light metals (i.e., Mg, Al, and Si) are much more challenging to differentiate between using this 

technique due to the low-energy characteristic fluorescence that they release. These secondary x-

rays will most likely go undetected due to ambient air absorption or will not provide a 

distinguishable signal for peak detection [28]. In other words, sorts can be made based on Cu-

content, but the low-Cu cast (i.e., 356) and low-Cu wrought (i.e., 6063) cannot be kept separate 

leading to silicon dilution or impurity, respectively. This limitation becomes even more 

pronounced when signals are further attenuated by surface contamination (i.e., paint, oils, 

lubricants, inorganics, etc.).  However, if the scrap is clean and cast and wrought alloys are sorted 

beforehand, this technique could prove beneficial over other compositional-based techniques that 

are limited by throughput restrictions (i.e., LIBS).  
 

Laser-induced Breakdown Spectroscopy (LIBS)  

LIBS is a spectrographic technique that can accurately detect and quantify all elements used to 

alloy aluminum proving it to be worth investigating as an auto-shred upcycling solution [17, 29]. 

This analytical tool is based on the fundamentals of atomic optical emission spectroscopy (OES). 

In the early 1800s, scientists realized elements emit characteristic colors of light when excited by 

an energy source. When detected, these emitted electrons represent the spectral fingerprint that can 

be used to identify and quantify atomic composition. Conventional OES uses an electrode to spark 

a metallic specimen thus requiring physical contact for analysis. When the laser was developed in 
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the 1960s, spectrochemists immediately began to investigate its potential as an excitation source 

that does not require physical contact. Using a low-energy, pulsating laser this potential was 

proven and with that finding LIBS was born [23].  

Fig. 15 shows the principal components of a LIBS analytical system. The laser passes through a 

focusing lens, and that generates a plasma that vaporizes a small amount of the specimen. The light 

that is emitted from this plasma is collected by a fiber optic and is delivered to a spectrometer. The 

spectrometer disperses this collection of excited atoms, ions, and molecules, so the detector can 

record the emitted signals. From this point, the fundamentals of optoelectronics take over and 

display the spectral fingerprint of the specimen as a plot of intensity versus energy. As a static 

spectroscopy technique, LIBS is ideal for quantifying elemental concentrations in aluminum alloys 

[23]. For use in an ISS that is dynamic, the complexity of achieving accurate analysis and sortation 

significantly increases. 

 

 
Fig. 15: A generalized representation of a laser-induced breakdown spectroscopy apparatus [23]. 

 

To reiterate, this technique requires a laser to contact each specimen destructively. In relation to 

scrap sortation, the specimens are scrap particulates moving on a conveyor belt. Therefore, the 

potential of this spectrographic technique for use in an ISS relies heavily on how well scrap is 

distributed on the conveyor belt. If a single-point laser is used, the feeding mechanism must evenly 

space scrap particulates in a single line fashion to ensure each pass underneath the laser point. The 

total surface area that is excited will affect how much light is emitted and therefore the strength of 

the collected signal and detection accuracy (Fig. 16). If a scanning laser is used, as in [30], that is 

capable of analyzing the entire belt width the spacing between each particulate must be controlled 

such that two particulates are not within the measuring volume at the same time. In this previous 

work, the measuring volume was 600 x 600 x 100 mm2. Therefore each particulate required at 

least 600 mm of space in between itself and other particulates in the conveying direction.  
 

Unfortunately, these feeding requirements limit scrap throughput as only a small percentage of the 

conveyor belt can be populated with scrap. A potential solution to this limitation is the use of 

multiple in-line sensors, but that becomes costly. The value created by this system’s ability to 

identify light elements, and therefore sort by alloy composition, must overcome its limited 
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throughput potential to reach wide-scale adoption in the auto-shred recycling industry.  
 

 
Fig. 16: Scrap feeding requirements for a LIBS ISS. 

 

Fig. 17 displays the fundamental components of a LIBS ISS. First, the sorting criteria is supplied 

to the system either as a spectrograph or as numerical composition thresholds (1). Once 

programmed, scrap is fed to the conveyor belt using a vibratory feeding mechanism (2). As 

discussed, this feeder is responsible for allocating the scrap particulates along the center line of the 

conveyor belt to be analyzed by the LIBS sensing system. Once on the conveyor belt (3), an object 

detection system (4) is employed to locate each scrap particulate for the cleaning, analysis, and 

ejection systems. If high contamination levels are expected on the surface of the scrap, a pre-

ablation laser (5) can be used to expose the aluminum content. Following pre-ablation, a low-

powered, pulsating laser (6) is fired at the in-line scrap particulates to create local, luminous 

plasmas. Upon breakdown, these plasmas release characteristic atomic emissions. Conventional 

spectrographic analysis (7) is followed from here to convert these characteristic emissions to the 

corresponding spectral fingerprint or compositional data [17, 29]. The results of this conversion 

are compared to each pre-programmed sorting criteria by the sorting algorithm to decide the fate 

of each scrap piece (8). Once a decision is made, instructions are delivered to the ejection system 

(9a). If the particulate matches a criterion, it will be ejected (9b). If the particulate does not meet 

any criteria or if it missed the analytical laser due to inefficient belt distribution, it is rejected and 

is collected in the rejection bin (10). 
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Fig. 17: LIBS intelligent sorting system. 

 

Werheit et al. investigated the feasibility of using a scanning-LIBS sensor paired with a 3D-object 

detector for aluminum cast and wrought alloy sortation. The post-consumer scrap that was 

analyzed in this study was correctly identified 96% of the time after 20% of the data were discarded 

as outliers. The follow-up study conducted by this group involved the sortation of 8 different 

aluminum alloys from new scrap streams. A mean identification correctness was reported in excess 

of 95% for these wrought alloys.  This work relied on appropriate belt placement by hand which 

was discussed previously due to analytical volume restrictions. The results presented in this past 

study are fundamental to the development of optimal LIBS ISS [30].  

Harita et al. used a single point laser and relied on an input feeding chute to appropriately allocate 

the scrap on the conveyor belt after the particulates with a maximum dimension <25 mm were 

removed by screening. This two-part sort first relied on a 3D object detection system to eject all 

cast particulates. The remaining wrought scrap was then re-run and analyzed by the LIBS sensing 

system. Recovery and purity indicators are defined in this study and are calculated using Equation 

1 and Equation 2; respectively. The targeted material is the material that the pre-set sorting criteria 

was designed to eject. The input weight is the total weight processed by the system for each 

material type. The contaminated material recovered is the weight of material that should not be 

recovered within that specific recovery bin (i.e., cast in the wrought bin). The apparent density 

sort resulted in a cast recovery of >94% and a wrought recovery of >98%. The purity of this initial 

sort was ~94% for cast and >98% for wrought. The same indicators were calculated for each 

wrought family that LIBS sensing unit sorted after this initial process. These results are presented 

in Table XII. The 2000-series bin was reported to have a very low purity due to the cast 

particulates that were not ejected in the first sort and were identified as 2000-series due to similar 

alloyed-Cu amounts [31].  
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𝑅𝑒𝑐𝑜𝑣𝑒𝑟𝑦 (𝑤𝑡. %) =  
𝑇𝑎𝑟𝑔𝑒𝑡𝑒𝑑 𝑚𝑎𝑡𝑒𝑟𝑖𝑎𝑙 𝑟𝑒𝑐𝑜𝑣𝑒𝑟𝑒𝑑 (𝑘𝑔)

𝐼𝑛𝑝𝑢𝑡 𝑤𝑒𝑖𝑔ℎ𝑡 𝑜𝑓 𝑡𝑎𝑟𝑔𝑒𝑡𝑒𝑑 𝑚𝑎𝑡𝑒𝑟𝑖𝑎𝑙 (𝑘𝑔)
       (1) 

 

𝑃𝑢𝑟𝑖𝑡𝑦 (𝑤𝑡. %) =  
𝑇𝑎𝑟𝑔𝑒𝑡 𝑚𝑎𝑡𝑒𝑟𝑖𝑎𝑙 𝑟𝑒𝑐𝑜𝑣𝑒𝑟𝑒𝑑 (𝑘𝑔)

𝑇𝑎𝑟𝑔𝑒𝑡 𝑚𝑎𝑡𝑒𝑟𝑖𝑎𝑙 𝑟𝑒𝑐𝑜𝑣𝑒𝑟𝑒𝑑 (𝑘𝑔)+𝐶𝑜𝑛𝑡𝑎𝑚𝑖𝑛𝑎𝑡𝑒𝑑 𝑚𝑎𝑡𝑒𝑟𝑖𝑎𝑙 𝑟𝑒𝑐𝑜𝑣𝑒𝑟𝑒𝑑 (𝑘𝑔)
  (2) 

 

Table XII: Results from Harita et al. LIBS ISS Analysis [31]. 

Indicator 2000-series 3000-series 5000-series 6000-series 7000-series 

Purity (wt. %) 50.0 99.2 99.3 100 100 

Recovery (wt. %) 100 99.2 98.4 96.1 96.3 

 

Both of these studies present key findings at different scales of LIBS ISS analysis. The former has 

designed a procedure to evaluate the analytical precision of LIBS when tasked with analyzing 

particulates moving on a conveyor belt at 3 m/s. The latter followed an experimental design closer 

to that of the commercial scale by evaluating all possible systematic inefficiencies and not just the 

analytical laser and detection accuracy. To reach wide-scale industrial adoption, further analysis 

must be conducted using experiments that are representative of commercial practice similar to 

those discussed here. 
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3.4.6 Summary of Enabling Technologies 

The pros and cons of three distinct sorting systems have been addressed. XRT ISS sort material 

by detecting differences in atomic density and has proven commercial ability to upgrade Zorba 

into Twitch and Zebra. XRF ISS are typically used to sort heavy metal scrap but do show potential 

to be used as a Twitch upgrading solution. This potential requires further analysis because light 

elements often go undetected by these systems which limits the differentiation between cast and 

wrought particulates. XRF sorters used in practice today are capable of achieving higher scrap 

throughputs in comparison to LIBS ISS. This x-ray technique is not limited by stringent feeding 

requirements as its laser counterpart. LIBS sorters hold the most promise for upcycling aluminum 

scrap as they are not limited by light element detection. However, as alluded to, they are limited 

by the low throughput that results due to the required distribution of these particulates on the 

conveyor belt.  
 

Only one scrap processor in the US has experience with pilot-scale management of a LIBS ISS 

[21, 31]. XRT and XRF ISS are currently commercially available but have not been widely adopted 

by the scrap recycling industry in the US. This is mainly due to the value that can be created in 

today’s market by selling Twitch to meet the secondary cast demands of the US automotive sector 

and by exporting the remaining Zorba to developing nations. However, these economic drivers 

will diminish with increasing electric vehicle production and as foreign nations become 

industrialized. New value creation opportunities must be identified before this transition becomes 

a reality. One viable solution involves closing the recycling loop for the automotive sector. This 

will require strategic implementation of ISS which can be achieved if the following questions are 

answered: What is the composition of Twitch today and how will this composition change with 

time? How should Twitch be upgraded now and as AIVs reach EOL? What ISS can upgrade 

Twitch accordingly? The following sections will answer these questions.  
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3.5 Part I: Twitch Temporal Analysis 
Understanding the compositional “DNA” of Twitch is pivotal to implement closed-loop recycling. 

This knowledge will facilitate the design of optimal sorting criteria in addition to setting the 

compositional baseline that can be used as starting point to project how the light-weighting efforts 

of today will affect future compositions. Scrap processors and their current and prospective 

customers must be made aware of the value that can be created now by upgrading Twitch and how 

to prevent surpluses from developing in the future [4].  Providing this information to the 

stakeholders of the recycling industry is exactly the objective of this work.  

In Part I, we analyze temporal characterization results of Twitch from two to distinct producers. 

Processing location has proven to minutely affect compositional variation. The consistency of the 

results discussed herein suggests the potential for a standardized approach to upcycle aluminum 

scrap and for use in sustainability models such as material flow analysis. This study was conducted 

at the commercial scale and involved the characterization of more than 400kg of aluminum auto-

shred. This appears to be the first study of such magnitude by an independent research institution 

in the US. Guided by industrial experts, the procedures used here are known to be commercially 

viable 

Twitch samples were provided by two different producers in the US. To be considered 

representative of the processing site, auto-shred must be appropriately sampled and weigh between 

20 and 50 kg [32]. The first criterion was managed by allowing each site to follow the sampling 

protocol that they have historically used when characterizing Twitch in-house. These samples were 

identified by the month of the collection but were a combination of samples collected weekly to 

limit any drastic changes in shredder feedstock. The total amount collected each month equated to 

a representative scrap sample weight. This procedure continued for five months to investigate 

short-term fluctuations in material class, alloy distribution, and bulk elemental composition.  
 

Automated sorting systems were used to expedite the characterization procedure for the aluminum 

alloys in the mixture. A lab-scale x-ray fluorescence (XRF) intelligent sorting system (ISS) was 

used to distribute the cast fraction of each collected sample into four different aluminum alloy 

bins: 356, 360, 319, and the 380-family. All other alloys were rejected and collected in a bin at the 

end of the conveyor belt. This rejected fraction is referred to herein as other cast. To prepare each 

sample for analysis using this sorter, the wrought fraction was separated from the cast fraction by 

hand. Then, any scrap particulates that were <25mm in size were screened out and are referred to 

as the size-limited fraction. The same procedure was followed using a laser-induced breakdown 

spectroscopy LIBS system for the sortation of the cast fraction such that efficiency comparisons 

could be made between the two techniques. This processing flow is shown in Fig. 18. 
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Fig. 18: Cast alloy characterization. 

 

The wrought fraction was only sorted using the LIBS system due to the light element detection 

limitations of XRF technology in air.  This sorting criterion was designed to distribute these 

wrought particulates into 3000, 5000, and 6000-series bins, and to reject any other alloys in this 

fraction. A collection bin at the end of the conveyor belt collected the other wrought particulates. 

Fig. 19 displays how this procedure was carried out. 
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Fig. 19: Wrought alloy characterization. 

 

The sorting criteria for each technique were pre-programmed by ISS experts. The compositional 

thresholds that were set on the LIBS unit for the cast and wrought sorts are shown in Table XIII 

and Table XIV, respectively. The pre-set sorting criteria for the XRF system is based on the 

spectral fingerprint of the four alloys that were sorted. This system’s sorting algorithm evaluates 

the degree of overlap between the detected spectra and these pre-programmed fingerprints to make 

a sorting decision. Each system was calibrated by standardized samples before sortation. 

Following this, scrap particulates were processed one at a time to ensure calibration was successful 

and that these pre-test pieces were being allocated appropriately. Since these systems were used 

here as a characterization tool, an extensive effort was made to ensure each particulate was 

scanned. This was accomplished by processing the rejected bin multiple times, by monitoring the 

intensity of the collected emissions, and through observation of how each particulate was handled 

by the conveying system   
 

The sorting results were verified by melting subsamples of each alloy fraction. Conventional 

optical emission spectroscopy (OES) was used for this procedure. Before processing, the alloy 

bins from which these subsamples would be collected were determined randomly to limit sampling 

bias. After completing the alloy characterization on both systems, the remaining sample was re-

mixed and cone-and-quartered to randomly collect additional subsamples (~10 kg) to be evaluated 

for its bulk element concentration. These additional subsamples were also analyzed by melting 

and casting sample pucks for conventional OES analysis.  
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Table XIII: Cast scrap sorting criteria for LIBS ISS. 

Alloy 
Alloying content (wt. %) 

Cu Fe Mg Mn Si Zn 

Wrought -- -- -- -- 0 - 2 -- 

356 0 - 0.4 -- -- -- 4 - 8 -- 

360 0 - 0.8 -- -- -- 8 -12 -- 

319 2 - 8 -- -- -- 4 - 7 -- 

380 2 - 8 -- -- -- 7 -12 -- 

Rest 0 - 100 -- -- -- -- -- 

 

Table XIV: Wrought scrap sorting criteria for LIBS ISS. 

Alloy-

series 

Alloying content (wt. %) 

Cu Fe Mg Mn Si Zn 

3000 0 - 2 0 - 2 0 - 1.1 0.35 - 2 0 - 0.6 0 - 2 

5000 0 - 2 0 - 2 1.5 - 8 0 - 1 0 - 1.5 0 - 2 

6000 0 - 2 0 - 2 0 - 1.2 0 - 0.3 0 - 2 0 - 2 

Rest 0 - 100 0 - 100 0 - 100 0 - 100 0 - 100 0 - 100 

 

3.6 Results of Temporal Analysis 
 

Material class 

The size-limited fraction varied significantly between the two processing sites. This was 

irrespective of the fact that these samples were collected from the same screened particulate range 

(20-65mm). Site A contained 1.5  0.7% and Site B 18.7  7.8%. If the latter value is representative 

of the industry, then appropriate upgrading techniques must be developed to economically sort 

these size-limited particles by alloy or this material should be allocated to meet the demand of 

high-Cu foundry alloys. Table XV  displays the resulting composition of the wrought and cast 

size-limited particles from both Twitch production sites.  The high silicon content in the wrought 

fraction proves that the visual hand sort wasn’t effective on these small-sized particulates as some 

cast was evidently mixed in. The high-Cu in the wrought content is due to this misidentification 

as well, but also because high amounts of insulated copper wire were sorted into the wrought 

fraction to prepare the cast content for XRF sortation. Regardless of form, these compositions 

further validate that these smaller particulates should be used in high-Cu cast alloy production.  
 

The average cast-to-wrought ratio approached 1:1 for both processing sites. The larger cast weight 

identified in the samples from Site B is indicative of, the higher weight percent of size-limited 

particulates. Cast aluminum products experience an “explosive” effect when comminuted by 

hammer-mill shredders. This is a result of weak grain boundaries in the microstructure and the 

relative brittleness of cast aluminum. The wrought fraction will also produce size-limited 

particulates but as a result of tearing. The ductility of wrought aluminum permits a crumpling 

effect which causes this form of aluminum to bend as opposed to shattering like the cast. The cast 
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and wrought weight percent values in Table XVI only consider the amount of each form that was 

processed by the sorting systems. 
 

Alloy Distribution 

The accuracy of the alloy distribution is dependent upon the sorting accuracy of the respective 

system that the scrap was processed by. Upon verifying the sorts using melt analysis and OES, it 

was determined that the LIBS unit was more accurate on average. This is noticeably clear in Fig. 

20. Mid-alloy refers to the midpoint of the corresponding alloy’s compositional specifications 

based on standard values [33]. The error bars represent the standard deviation of the average 

composition of each alloy that was sorted and is shown here for four alloying elements: Si, Fe, Cu, 

and Mg. These values are presented to highlight the relative consistency of the LIBS ISS. The 

comparison of these two systems will be discussed further in Part II: Intelligent Sorting System 

Evaluation and is only referenced here to justify the use the LIBS results to present the alloy 

distribution for each processing site in Table XVII.  Worth noting is the excessive amount of Mg 

content that each ISS ejected into the 356-fraction. Two values are reported in Table XVII to 

account for this impure content. The first is the actual weight percent of what was sorted into this 

bin and the second is the adjusted weight when the Mg-impurity is removed using the bulk element 

weight percent values determined from the OES analysis of the LIBS results. Using this bottom-

up approach, it is estimated that 0.5 wt. % and 0.3 wt. % of these bins were Mg-alloy.   

 

 
Fig. 20: LIBS vs. XRF alloy sorting capabilities by alloying element.  
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On average, almost 40% of each sample was rejected by the LIBS unit despite the efforts made to 

reprocess each sample multiple times. The most frequent cast alloys in the Twitch from Site A 

were 319 (9.9%) and 356 (7.2% - adjusted). Site B contained a near equivalent amount of 319 

(9.6%) but slightly less 356 (5.1% - adjusted). The 380-family was the most frequent cast alloy in 

the Twitch collected from Site B (10.0%). In previous studies, a ~1:3 ratio had been quantified for 

the relation of 5000 to 6000-series scrap by weight in Twitch [15]. The 6000-series still proved to 

be the dominant wrought alloy in the mixture as expected, but more so than previously estimated. 

This ratio was determined to be 1:4 for Site A and 1:5 for Site B. The complete results for each 

collected samples are in given in Appendix A.  
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Table XV: Composition of Size-limited Twitch particulates (<25 mm). 

Sample - Form Si Fe Cu Mn Mg Zn Other Al 

Site A - Cast 12 ± 2.4% 0.67 ± 0.21% 2.7 ± 0.30% 0.32 ± 0.16% 1.0 ± 1.3% 1.5 ± 0.81% 1.6 ± 1.7% 81 ± 4.7% 

Site A - Wrought 3.4 ± 0.55% 0.67 ± 0.20% 2.7 ± 0.24% 0.63 ± 0.19% 0.74 ± 0.30% 0.98 ± 0.48% 4.2 ± 1.9% 87 ± 1.8% 

Site B - Cast 9.1 ± 2.2% 0.88 ± 0.49% 2.8 ± 0.61% 0.15 ± 0.07% 0.97 ± 0.25% 2.1 ± 0.23% 3.9 ± 1.8% 80 ± 2.6% 

Site B - Wrought 3.5 ± 0.30% 0.51 ± 0.04% 2.8 ± 0.25% 0.41 ± 0.30% 1.1 ± 0.21% 0.36 ± 0.01% 5.8 ± 0.60% 86 ± 0.66% 

Table XVI: Twitch sample preparation and material class characterization. 

Sample 

Origin 

Bulk sample 

weight (kg) 

Cast fraction 

(>25 mm, wt. %) 

Wrought fraction 

(>25 mm, wt. %) 

Total size-limited 

(<25 mm, wt. %) 

Characterized 

sample 

weight (kg) 

Cast in 

characterized 

sample (wt. %) 

Wrought in in 

characterized 

sample (wt. %) 

Site A 37.5  5.5 99.2  0.7% 99.3  0.3% 1.5  0.7% 36.9  5.2 45.3  9.3% 54.7  9.3% 

Site B 40.7  1.9 89.4  4.8% 91.9  4.4% 18.7  7.8% 33.2  4.3 53.4  5.2% 46.6  5.2% 

 

Table XVII: Alloy/alloy-series distribution for each Twitch sample. 

Sample 

Origin 
319 356 360 380-family Other Cast 3000-series 5000-series 6000-series Other Wrought 

Site A 9.9  3.0% 
7.7  4.1% 

(7.2%) 
1.4  0.7% 6.4  2.0% 20.3  4.4% 3.6   1.0% 7.8  1.3% 27.2  5.4% 15.7  2.5% 

Site B 9.6  1.7% 
5.4  2.6% 

(5.1%) 
1.8  0.5% 10.0  3.2% 26.0  1.8% 2.6  0.7% 5.5  2.4% 25.4  3.0% 13.7  0.9%% 
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Bulk Element Composition 

The bulk concentration of the major alloying elements and impurities found in aluminum alloys 

have been quantified for each collected sample. These results are shown in Fig. 21 along with the 

cast vs. wrought distribution and the average bulk composition for each processing site for the 

entire collection process (also in Table XVIII). The Si-content in the Twitch collected from Site 

B is slightly higher than that of Site A, and this is obviously due to larger amounts of cast 

particulates in the former’s auto-shred mixture. Other than this observation, the compositions 

appear to be very similar. To logically determine if they are, two statistical hypothesis tests were 

used.   
 

The two-tailed, two-sample F-test for variances was performed first to determine if the collected 

samples come from independent populations (i.e., Site A and Site B) that have equal variances. A 

critical assumption was made that the alloy concentrations that are being tested are normally 

distributed. The level of significance was set at the default value of α = 0.05. The variance of each 

element reported in Fig. 21 was evaluated, and the results from each test can be found in Appendix 

B. This first analysis proved equal variance for both site-specific samples for all alloying elements 

where the processing sites are considered independent populations. This allowed for the two-

sample t-test assuming equal variances hypothesis test to be used to determine if the means of the 

alloying elements are equal. The t-statistic was calculated for each alloying/impurity element and 

compared to the critical t-value for a two-tailed analysis. These results can also be found in 

Appendix B. The null hypothesis that the means are indeed equal could not be rejected for any 

alloying element. Thus the bulk composition of Twitch is statistically independent of processing 

location.  

 
Fig. 21: Summary of the bulk elemental analysis for each Twitch sample collected. 
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Table XVIII: Average Bulk Composition of Twitch for Site A and Site B. 

Sample 

Origin 
Si Fe Cu Mn Mg Zn Other Al 

Site A 
3.8 ± 

0.75% 

0.62 ± 

0.11% 

1.2 ± 

0.34% 

0.22 ± 

0.05% 

1.9 ± 

1.2% 

0.95 ± 

0.38% 

0.13 ± 

0.05% 

91 ± 

2.2% 

Site B 
4.8 ± 

0.94% 

0.68 ± 

0.06% 

1.4 ± 

0.36% 

0.23 ± 

0.05% 

1.9 ± 

0.54% 

1.0 ± 

0.41% 

0.15 ± 

0.03% 

90 ± 

1.8% 
 

 

 

3.7 Conclusions 
The compositional baseline of Twitch has been quantified and proven to be independent of 

geographical origin. This finding validates the use of these data as a starting point in larger 

lifecycle models. Projections of how this mixture will change with the dawn of the aluminum-

intensive vehicles must be estimated now to plan for the upcycling requirements of the future. 

There is no need to wait, however, as there is already a significant amount of 5000 and 6000-series 

wrought alloys in this mixture. These wrought alloys are becoming the new workhorses for the 

automotive sector and will continue to control the composition of auto-shred aluminum.  

Developing a new recycling system that can provide a secondary alternative to the primary 

production of these alloys must be initiated today with continued advancement in the future.  

Forming this joint effort will accelerate progress towards a closed loop recycling system.  
 

To start, the recycling industry must revisit the current state-of-the-art and realize the value that 

can be created by implementing the next generation sorting solutions that are available today. 

Combining these intelligent systems with the invaluable knowledge that experts in the scrap 

recycling industry have honed for decades will expedite the transition away from downcycling 

practice and will create vast opportunities for value creation. Aluminum sheet alloys will soon 

require EOL processing at a rate that the recycling industry has yet to experience. This requires 

preparation and development of these optimal sorting solutions in addition to efficient material 

allocation practice (i.e., where should the <25 mm particulates be delivered? – high-iron foundry 

alloys). Now, with a solid understanding of Twitch’s composition today, sorting criteria can be 

experimented with to prove to this industry the value of upcycling. The next part of this chapter 

accomplishes this exactly and provides the results from a thorough characterization of XRT, XRF, 

and LIBS ISS.
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3.8 Part II: Intelligent Sorting System Evaluation 

The unstandardized nature of the end-of-life vehicle (ELV) recycling industry in the US implies a 

reluctance to a “one size fits all” solution for scrap sortation. This lack of regulation is two-fold. 

First, transactions in the scrap metal world rely on compositional agreements made between a 

buyer, domestic or international, and seller; a characteristic of trade that will always hold true. 

Secondly, the industry is profitable, and the motivation to invest and to innovate is weak. The latter 

trait will prove catastrophic if displayed until the moment scrap surpluses begin to develop. Here, 

we attempt to eradicate this complacent mindset by indicating how much value can be created by 

upgrading Twitch.  
 

Transitioning ELV processing in the US from a linear to a circular system will require that these 

intelligent systems reach optimal processing levels. This shift will require these systems be 

incorporated into recycling systems today to train and improve sorting criteria and upcycling 

potential. Herein, we make suggestions regarding where in the processing flow ISS should be 

implemented and managed based on the evaluations of three commercially available sorting 

systems. X-ray transmission (XRT) systems are capable of sorting based on density differences 

and show promise to upgrade Zorba into Twitch and also to prevent impurity accumulation in cast 

fractions. X-ray fluorescence (XRF) systems show potential to sort cast-friendly compositions at 

a higher throughput than laser-induced breakdown spectroscopy (LIBS) systems but cannot 

manage light element accumulation. LIBS intelligent sorting systems (ISS) can identify any 

alloying element and show promise to upgrade Twitch into multiple alloy fractions but are suffer 

from throughput restrictions. A combination of sensors or in-line sorting systems could potentially 

enable maximum value creation and this concept framed the following investigation into the 

sorting capabilities and inefficiencies of the discussed ISS types.  

3.8.1 Intelligent Sorting System (ISS) Evaluation Procedure 

This study defines three sorting capability metrics to evaluate the auto-shred upcycling potential 

of XRT, XRF1, and LIBS ISS. The first metric is the material collection rate (MR). This value is 

determined by conventional mass balance as illustrated in Fig. 22 and is calculated using Equation 

3. Two types of MR values are defined here. MRw is calculated based on collected scrap weight. 

MRp is computed using particulate count. These values are presented together to balance the effect 

that significantly more massive scrap pieces or feedstock materials with a small number of 

particles can have on small sample sizes. The heavy-weight particulates were not declared as 

outliers to maintain the randomness achieved during sample collection. This collection (i.e., 

recovery) metric is commonly used to evaluate the recovery efficiency of ISS [31].  

                                                 
1Two XRF systems produced by different manufacturers were examined in this portion of the study and will be 

referred to as XRF-1 and XRF-2. Analysis of XRF-2 used a controlled hand-feed.  
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Fig. 22: Mass balance used to quantify material collection rates for ISS. 

 

𝑴𝒂𝒕𝒆𝒓𝒊𝒂𝒍 𝒄𝒐𝒍𝒍𝒆𝒄𝒕𝒊𝒐𝒏 𝒓𝒂𝒕𝒆 (𝑴𝑹) =  
𝒕𝒂𝒓𝒈𝒆𝒕 𝒎𝒂𝒕𝒆𝒓𝒊𝒂𝒍 𝒄𝒐𝒍𝒍𝒆𝒄𝒕𝒆𝒅

𝒕𝒐𝒕𝒂𝒍 𝒊𝒏𝒑𝒖𝒕 𝒐𝒇 𝒕𝒂𝒓𝒈𝒆𝒕 𝒎𝒂𝒕𝒆𝒓𝒊𝒂𝒍
    (3) 

 

The second metric defined here in the false ejection rate (FE). Ejection occurs when the sorting 

algorithm correctly or incorrectly matches the supplied signal from an individual particulate to a 

pre-set sorting criteria and instructs the ejection system to mechanically move this particulate to 

the identified collection bin or location. A particulate that does not fit the requirements for any 

sorting criteria should be rejected and collected in the drop/other bin. Sorting by aluminum alloy 

or specific-element thresholds is a challenging endeavor. This challenge is due to the overlap of 

chemical specifications within alloy families and between different alloy-series as shown in Fig. 

23. The FE rate evaluates how frequently the ISS makes unnecessary sorting efforts. Such efforts 

involve the false ejection of particulates that the system should have rejected. Scrap that should 

have been ejected but instead drops into the final collection bin does not contribute to this FE 

metric since the systematic flaw that influenced this failed collection effort was indeterminable in 

this study. This inefficiency does, however, reduce the MR. This could be a result of any of the 

following: insufficient material handling, high degrees of surface contamination, low signal 

detection, unsuccessful ejection, and incorrect identification. Both particulate and weight-based 

FE values are reported (FEp and FEw, respectively).  
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Fig. 23: Challenges of sorting by alloy: (a) Alloy overlap for cast aluminum based on Fe and Cu 

content, (b) Alloy overlap for wrought aluminum based on Si and Mg content. 

The third metric is the compositional purity (C) of the sorted fractions. This evaluation offers 

insight related to the amount of bulk or alloyed metallic impurity accumulation in the upgraded 

scrap streams. Before melting, the distribution of material classes in this collected mixture was 

measured to quantify the amount of bulk impurity (i.e., Mg alloys, steel bolts). After melting and 

casting the recovered aluminum, optical emission spectroscopy (OES) was used to evaluate the 

actual composition of the resulting sorts to account for any additional impurity accumulation that 

develops from the alloying elements. Ce and Cb refer to the scrap composition by element and the 

bulk particulate scale, respectively. Random sampling was required to quantify these metrics and 

was achieved using a cone-and-quartering method. This procedure involves mixing the scrap by 

repeatedly shoveling from the bottom of the pile and then dumping the shoveled material on the 

top of the formed cone. After mixing, a random corner is selected to complete the sample collection 

process as shown in Fig. 24.  

 

 
Fig. 24: Cone-and-quartering sampling used for Twitch and Zorba. 
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Table XIX summarizes the defined testing framework for each ISS, including the processed auto-

shred type (Zorba or Twitch) and degree of characterization.  The pre-sort analysis allowed for 

top-down evaluation of each system and thus any metric could be quantified. If not conducted 

beforehand a bottom-up approach enabled the assessment of compositional purity post-sort. 
 

Table XIX: ISS Testing Framework. 

 

Intelligent 

Sorting System 

Auto-

shred type 

Pre-sort 

characterization 

 (Y/N) 

Sorting capability metrics 

Material 

Collection Rate 

(MR) 

False 

Ejection Rate 

(FE) 

 

Compositional 

Purity (C) 

 

XRT 
Zorba Y MRw FEw Cb 

Twitch N -- -- Ce 

XRF-1 Twitch Y -- FEw Ce + Cb 

XRF-2 Twitch N -- -- Ce 

LIBS Twitch 
Y MRw + MRp FEw + FEp Ce + Cb 

N -- -- Ce 
 

3.8.2 X-Ray Transmission (XRT) 

Zorba 

An assessment of the bulk impurity mitigation potential of an XRT ISS when upgrading Zorba to 

various constituent streams is quantified herein. Zorba can contain a wide range of constituent 

materials including cast aluminum, wrought aluminum, Mg alloys, mixed-metals, mixed-

materials, heavy metals, and plastic waste. The pre-sort characterization of the Zorba sample 

permitted the MRw, FEw, and Cb metrics to be quantified for each pass of scrap material through 

the sorting system. Table XX displays this distribution.  
 

The first pass was programmed to eject the bulk heavy metals and allow the lighter material to 

drop before the splitter (i.e., Twitch). The second density criterion was designed to remove the 

aluminum cast particulates from the Twitch produced during the previous sort. The dropped 

fraction of this latter sort still contained a significant amount of wrought which was processed a 

third and final time to eject the remaining bulk-Mg and plastic impurity. Mixed-metal (i.e., 

aluminum cast with a steel bolt) and mixed-material (i.e., rubber hose connected to an aluminum 

extrusion) particulates were included in the Zorba mixture to observe how this system sorts such 

compounds at each level of processing. 
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Table XX: Pre-sort Characterization of Zorba by Major Category Composition. 

Major Category Weight (kg) 

Cast Al 14.38 

Wrought Al 14.23 

Heavy Metals* 7.96 

Magnesium Alloys 0.62 

Mixed Metals 5.87 

Mixed Materials 1.53 

Plastics 2.54 

Total Weight: 47.12 

*Heavy metal distribution: 1.45 kg Cu, 0.06 kg brass, 2.00 kg Zn, 4.45 kg stainless steel 
 

Twitch 

A separate test examined the commercial-scale viability of this system to sort Twitch into wrought 

and cast fractions. The sorting criteria were set to identify and eject castings and any mixed metals 

from the stream such that the lighter wrought portion could collect before the splitter. The objective 

of this assessment was to quantify the differences in Ce for the ejected and dropped fractions and 

if XRT ISS can prevent elemental and bulk impurity accumulation through use of appropriate 

sorting criteria (i.e., sorting Mg-alloy with the wrought alloys). This mitigation potential is 

quantified herein for Twitch upgrading. 
 

3.8.3 X-Ray Fluorescence (XRF) – 1  

Twitch 

The cast-to-wrought ratio in Zorba and Twitch has been previously approximated to approach a 

50-50 distribution by weight with the potential to fluctuate ± 15 wt. % (Fig. 25) [15]. Therefore, a 

Twitch sample containing 50% aluminum cast and 50% aluminum wrought by weight was 

processed using XRF-1 (total weight = 45 kg). Heavy-alloying element thresholds were set to 

investigate how well this ISS segregates these two aluminum types. The detection limit for alloyed-

Cu content was programmed first. The system was instructed to eject any particulate that contained 

more than this allowable amount. This processing step was considered to quantify the sensitivity 

of this limit at the elemental scale by melt analysis. The second criterion was designed to detect 

alloyed-Zn in an attempt to filter any high-Zn wrought that was in the low-Cu stream and to 

investigate the feasibility of using Zn to separate mid-Cu cast (i.e., 360, 413) from high-Cu cast 

(i.e., 319, 380) alloys in the mixture. The four fractions that formed (Al-Cu-Zn, Al-Cu, Al w/o 

Cu/Zn, Al-Zn) were cone-and-quartered, sampled, and set aside for Ce and Cb analysis. The 

remaining Twitch (~22kg) was re-mixed and sorted at the detection limit for Cu, Zn, and Fe. If the 

detected alloy content was beyond the threshold set for any of these elements the scrap piece should 

eject from the stream. In other words, meeting all three criteria was not required. Samples from 

the drop (low alloy) and the ejection (high alloy) were collected to determine Ce and Cb. 
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Fig. 25: Cast versus wrought content in previously characterized Twitch and Zorba samples [15]. 

 

3.8.4 X-Ray Fluorescence (XRF) – 2 

Twitch 

XRF-2 was used to sort the cast fraction of Twitch into four aluminum alloy bins: 319, 356, 360, 

and the 38x family. Five samples provided by two geographically-independent Twitch producers 

in the US were processed based on these criteria. The wrought particulates were extracted from 

each sample by visual hand sort and excluded from the upgrading procedure due to surface 

contamination and their light-weight nature (i.e., low amounts of heavy alloying elements). Each 

concentrated cast sample was screened to remove any sub-25mm particulates as this is the particle 

size analytical limit for this system similar to the LIBS ISS evaluated here and in previous studies 

[31]. Three random samples per alloy bin were collected post-sort for OES compositional 

verification. The Ce that is achievable for each of the aforementioned aluminum alloys has been 

initially assessed to gauge how much further alloying or dilution is needed, if any, after this 

upgrading step. 

3.8.5 Laser-induced Breakdown Spectroscopy (LIBS) 

Twitch 

Using the ChemLogic LIBS handheld gun, Twitch particulates were characterized based on 

form, alloy, element composition, and weight before sorting on a LIBS ISS (Fig. 26). Although 

randomly selected, this mixture was designed to consist of 50-cast, 50-wrought, and 3-Mg alloy 

scrap pieces. This characterized input was passed through the LIBS sorter three times to investigate 

how consistently the Twitch mixture sorted into a 6000-series bin (Bin 1), a 5000-series bin (Bin 

2), and a low-Cu cast bin (Bin 3). A sorting criterion for high-Cu cast aluminum was not 

programmed; thus, these particulates were expected to be rejected and collected in the drop bin 

(Bin 4). Five 3000-series particulates and one 1000-series particulate were in the sample as well 

and only contributed to the compositional purity metric. These compositional bins were selected 

based on experience with Twitch characterization [15] and expert opinion. All sorting capability 

metrics defined in this study were used to evaluate this ISS (MRw, MRp, FEw, FEp, Ce, Cb). The 

Ce of each sort was calculated using the weight of the individual scrap pieces and the compositional 
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data from the LIBS handheld gun for each pass through the sensing unit. A summary the input 

characterization is shown in Table XXI and the complete dataset is in Appendix C. 

 

 
Fig. 26: Twitch characterization experimental set-up. 

 

Table XXI: Characterization of Twitch Input for LIBS ISS Evaluation. 

 

Sample designation 
No. of 

particulates (pc.) 

Total Wt. 

(kg) 

1000-series 1 0.086 

3000-series 5 0.61 

5000-series 18 1.55 

6000-series 26 2.21 

Low Cu Cast 15 1.81 

High Cu Cast 35 5.25 

Mg Alloy 3 0.082 

Total: 103 11.59 

 

The commercial viability of this system to sort into the aforementioned compositional bins and 

alloy/alloy-series bins concluded the sorting evaluation. The same site-specific samples used in 

the assessment of XRF-2 were processed using this LIBS unit. The wrought and cast fractions 

were assessed independently during the alloy sorting procedures and then mixed for the 

compositional bin sort. The cast alloy sorting criteria were structured the same as the evaluation 

of XRF-2. The wrought alloy criteria were programmed to sort into 3000-series, 5000-series, and 

6000-series bins, and to reject all other wrought alloy types. Size-limited particles (<25mm) did 

not contribute to this sorting system evaluation as they went unprocessed due to analytical 

restrictions related to particulate size [31]. Random samples were again collected using the 

previously described procedure for melting and OES analysis. 
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3.9 Results and Discussion 

3.9.1 X-ray Transmission (XRT) 

Zorba 

Using XRT to sort Zorba through a 3-layered batch process is unlikely at the commercial scale; 

however, each pass can be reasoned as an upgrading option and therefore the results presented are 

irrespective of previous sorts. The upgrade of Zorba to Twitch and Zebra was nearly perfectly as 

100% of the heavy metals were ejected and more than 99% of the Twitch fraction rejected. The 

only loss was the false ejection of some 7000-series wrought particulates into the heavy nonferrous 

stream due to the high alloyed-Zn content detected. The bulk purity of this Twitch content was 

80% which excludes any mixed-metal or mixed-materials that was predominantly aluminum.  

Table XXII summarizes the results of this complete evaluation.   
 

More than 25% of the aluminum wrought fraction falsely ejected with the aluminum cast during 

the second sorting trial. The high alloying content of some wrought aluminum is the cause of these 

missorts (i.e., 2000, 7000-series). The cast content that dropped with the light wrought portion is 

a “clean” cast alloy or one that contains small amounts of alloying elements (i.e., 356).  The mixed-

materials, Mg alloys, and mixed-metals were monitored throughout the process as these impurities 

pose unique challenges to aluminum recovery efforts that usually require pre-melt or in-melt 

treatment to alleviate (i.e., demagging, decoating, etc. [21, 34]). Only 28% of the Mg content and 

25% of the plastic content ejected from the light wrought processed in the final material pass. Mg 

is an alloying element in the 5000 (solid-solution strengthening), and 6000 (heat-treatability when 

alloyed with Si) wrought families, so this inefficient collection is not overly concerning. However, 

the significant amount of plastic that dropped with the wrought fraction must be accounted for by 

further downstream sorters or recovery processors.
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Table XXII: Summary of XRT Zorba Upgrading Results. 

XRT Pass 
Cast 

Al 

Wrought 

Al 

Heavy 

Metals 

Magnesium 

Alloys 

Mixed 

Metals 

Mixed 

Materials 
Plastics 

Material 

collection  

MRw 

False 

Ejection 

FEw 

Bulk 

compositional  

purity 

Cb 

Ejection 1: Heavy Metals -- <1% 100% -- 62% -- -- 100% <1% 68% 

Ejection 2: Cast Aluminum 87% 27% -- -- 38% 53% <1% 87% <1% 74% 

Ejection 3: Mg 

Alloys/Plastics 
-- -- -- 28% -- 43% 25% 26% -- 100% 

Aluminum Wrought 

Collection 
13% 72%  -- 72% -- 4% 74% 100% -- 71% 
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Twitch 

The segregation of the cast and wrought alloys in Twitch compliments the second-pass Zorba 

upgrade just discussed.  Table XXIII presents these final results. The compositional purity of the 

cast ejection is in line with the composition of the 380-family that is currently produced by 

secondary smelters in the US using Twitch which contains much lower levels of Cu and Si content 

(1.2 – 1.4 wt.% and 3.8 – 4.9 wt.%, respectively, Part I: Twitch Temporal Analysis). The Si 

content in the wrought fraction is too high for wrought alloy production directly but offers a 

secondary alloying solution to the 6000-series that benefits from the alloying of both Si and Mg 

for heat treatability. It is clear that low alloy cast collects with this fraction; therefore, it may be 

more accurate to classify this sort as the segregation of heavy and lightweight Twitch. 

Additionally, the value of this technique’s ability to restrict the mixing of bulk-Mg with the 

aluminum cast as proven by the 1.37% different between the two upgraded fractions. A final 

observation is that this wrought fraction is a perfect candidate to be maximally upgraded by LIBS, 

and the cast by XRF. This potential requires revisiting in the subsequent sections. 

  

Table XXIII: Achievable Alloying Purity with XRT to Sort Cast and Wrought Aluminum. 

Alloy 

Element 

Compositional Purity of the Cast 

Ejection (Ce) 

Compositional Purity of Wrought 

Drop (Ce) 

Si 8.80% 2.47% 

Fe 0.80% 0.44% 

Cu 3.32% 0.40% 

Mn 0.23% 0.28% 

Mg 0.21% 1.58% 

Zn 1.82% 0.16% 

Al  84.44% 94.54% 

Other 0.38% 0.13% 
 

 

3.9.2 X-Ray Fluorescence (XRF) – 1 

 

Twitch 

Fig. 27 and Fig. 28 present the distributed scrap weight to each compositional bin set for the Cu/Zn 

and Cu/Zn/Fe sorts, respectively. The first sorting criteria using the low-Cu threshold was used to 

investigate the differences in achievable compositional purity. The alloying elements that were 

targeted by the sorting criteria are distinguishable from sort-to-sort. However, as alluded to, light 

element control is not reliable for XRF ISS.  A similar sort results in comparison to the XRT as 

proven by the dilution of the low-Cu cast fraction by the wrought content sorted into the same bin 

in addition to a heightened Mg content (Al w/o Cu/Zn).  
 

The samples collected for compositional analysis were first analyzed piece-by-piece with a 

handheld XRF gun to quantify the alloying levels that induced sorting. After outlier removal, the 
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maximum Cu, Zn and Fe content in the low alloy bin were 0.4%, 0.9%, and 2.2%, respectively, 

but these values averaged out within the proper specifications for 356.  The attempt to use alloyed-

Zn as criteria to separate medium and high-Cu cast was unsuccessful. This failed attempt is due to 

lower than expected levels of Zn in high-Cu alloys. A significant amount of Fe-impurity 

accumulated in the Al-Zn drop which seemed to balance the content elsewhere. Overall, this 

sorting system was successful in meeting the criteria set but still proven limited by light elements. 

Keeping the Mg content separate from the sorted cast products is a significant benefit of this 

system. The low alloy versus high alloy sort is comparable to what was achieved by the XRT unit. 

Table XXIV summarizes the compositional results of this sort. 

 

Table XXIV: Compositions of the Sorts Based on Cu, Zn, and Fe Content Using XRF-1. 

Sorted Twitch Fractions Si Fe Cu Mn Mg Zn Al Other 

Al - Cu - Zn 8.2% 0.8% 3.2% 0.3% 0.1% 1.7% 85.2% 0.4% 

Al - Cu 8.7% 0.6% 2.7% 0.2% 0.5% 0.4% 86.6% 0.4% 

Al – Zn* - 2.1% 0.2% - - 0.8% - - 

Al w/o Cu/Zn 3.2% 0.3% 0.1% 0.1% 4.3% 0.0% 91.9% 0.1% 

High Alloy 7.2% 0.5% 1.7% 0.1% 0.3% 0.9% 89.0% 0.2% 

Low Alloy 2.9% 0.3% 0.1% 0.2% 0.6% 0.0% 95.8% 0.2% 

 *Determined using XRF gun only 

 

 

 
Fig. 27: XRF-1 sort results for low-Cu and low-Zn sorting criteria. 
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Fig. 28: XRF-1 high vs. low alloy sort based on the simultaneous minimum threshold set for 

Cu/Fe/Zn. 
 

3.9.3 Laser-induced Breakdown Spectroscopy (LIBS) 

The sorting ability of the LIBS ISS was evaluated using all sorting capability metrics defined 

within this study. The known composition of every Twitch piece in the 103-piece bin sort 

experiment allowed for accurate evaluation of the complete sorting system from the feeding 

mechanism though collection. Fig. 29 shows the comparison between the particulate and weight-

based analyses for the material collection and false ejection rates. This evaluation estimates a 

weight-based material collection rate of 84 ± 5% and false ejection rate 7 ± 5% for the entire LIBS 

system. The high-Cu cast was intended to be rejected and was at a near perfect rate (MRw = 95%). 

False ejection of 6000-series particulates into the 5000-series bin was the most common false 

ejection followed by high-Cu into the low-Cu bin. Each bin-specific metric is presented in Table 

XXV.    

 
Fig. 29: Material recovery (MRw, MRp) and false ejection rates (FEw, FEp) for LIBS 

compositional bin sort. 
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Table XXV: Average material collection and false ejection rates by bin and overall. 

Sorting capability metric 
Bin 1: 6000-

series 

Bin 2: 5000-

series 

Bin 3: 

Low-Cu cast 

Bin 4:  

High-Cu cast 

(reject) 

Overall 

Material collection rate, weight 

(MRw) 
77 ± 7% 74 ± 1% 80 ± 1% 95 ± 9% 84 ± 5% 

Material collection rate, 

particulate (MRp) 
77 ± 10% 76 ± 3% 76 ± 10% 97 ± 5% 84 ± 2% 

False ejection rate,  

weight (FEw) 
12 ± 3% -- -- 7 ± 5% 7 ± 5% 

False ejection rate, particulate, 

(Few) 
7 ± 2% -- -- 5 ± 2% 5 ± 2% 

 

Fig. 30 shows the same bin specific MR and RE data as Table XXV by use of a heat map to 

visually convey what alloys frequently sorted incorrectly. This schematic includes the fate of the 

scrap pieces that were not targeted as well (i.e., Mg alloys). The color bar is used to show the 

amount of that specific material class within the scrap mixture, and the matrix of percentages are 

respective to how much of that given series or family on the y-axis sorted into the bin on the x-

axis. The top three plots are particulate-based, and the bottom three weight-based. Cast particulates 

were never falsely ejected into the wrought bins as shown in the lower left portion of each subplot 

(2x2). High-Cu cast pieces were however incorrectly discharged into Bin 3 which introduces an 

alloying impurity to the low-Cu cast in the form of Cu, Fe, and Zn. 6000-series wrought 

consistently mixed with Bin 2 (10 – 13% by weight). The effect of these false ejections requires 

further analysis as the wrought bins are family-oriented and not particular to one alloy like the 

low-Cu cast bin (i.e., 356). 
 

 
Fig. 30: LIBS material recovery by piece and weight. 
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In Fig. 31a-d each trial sort is represented by a radar plot to graphically support the resulting Ce 

values for the most critical alloying or impurity elements to that respective bin. The alloyed-Si in 

the low-Cu cast bin (Bin 3) is much higher than expected (~6.5-7.5 wt. %) but the Cu and Fe-

contents are within the allowable limits for 356. Bin 1 shows less consistency based on the 

resolution of the radar plot, however, the resulting composition for each trial is within the alloying 

limitations for the 6000-series as a whole. The alloyed-Mg content in Bin 2 is appropriate for the 

5000-series. The bulk-Mg consistently drops with the rejected material leading to the consistent 

spike-shown along the Mg-axis in Fig. 31d. This collection extends the Mg weight percent outside 

of the allowable limits for high-Cu cast products. This compositional purity analysis has been 

included solely as a tool to be referenced to during the commercial feasibility testing. 
 

 
Fig. 31: Compositional consistency of controlled LIBS analysis (Ce); (a) Bin 1: 6000-series (b) 

Bin 2: 5000-series (c) Bin 3: Low-Cu cast (d) Bin 4: Drop. 

 

Fig. 32a - d display the resulting Ce values for the bin sort that was executed for each site-specific 

Twitch sample. This input feedstock was not characterized pre-sort beyond the required sub-25mm 

particulate size screening. The high-Si content in the 5000-series bin for site B is the only 

considerable impurity accumulation based on the alloying content observed. This is most likely 

due the 6000-series particulates that are incorrectly ejected into this bin contain higher amounts of 

Si than most 5000-series alloys as previously discussed (i.e., 6022 – 0.8-1.5 wt.% Si, 6082A – 0.7-

1.3 wt.% Si). Significant traces of bulk-Mg were sorted into the low-Cu cast bin proven by OES 

analysis (Fig. 32d). The Mg-content, now in solid-solution, stretches well beyond the allowable 

limits for 356 for both site-specific samples; 3.5% for Site A and 10.9% for Site B, allowable limit: 

0.45 wt. %. Bulk-Mg was falsely ejected with the low-Cu cast in the second trial of the controlled 

study (Fig. 31b). Therefore this characteristic must be accounted when operating LIBS ISS. Keep 

in mind, the objective of the preliminary evaluation was to show the false ejections and material 

(a) 

(c) (d) 

(b) 
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collection inefficiencies that are possible when using this automated sorting system not to 

determine compositional purity that is representative of the commercial scale. 

 

 
Fig. 32: LIBS compositional purity bin sorting (Ce): (a) Si (b) Fe (c) Cu (d) Mg. 

 

3.9.4 XRF-2 vs. LIBS: Sortation of Cast Aluminum 

To compare the efficacy of the XRF and LIBS ISS, a commercial level experiment was designed 

such that each system was tasked to upgrade the same Twitch samples by sorting them into four 

secondary cast alloy bins; 319, 356, 360, and 380-family. Fig. 33 displays the average alloy 

distribution that resulted from processing all five samples from each production site.  The most 

observable difference recognized at this level was the significantly higher amount of 356 identified 

by the LIBS sorter. This more significant sort was proven more representative of the true nature 

of Twitch stream based on the compositional verification of the content sorted. The low amount 

of heavy alloying elements in 356 limited the XRF sorting capabilities. 

(a) (b) 

(c) (d) 
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Fig. 33: XRF vs. LIBS cast alloy sorting capability. 

 

Fig. 34 provides insight related to the compositional purity that was reached by each soring 

technique. The third bar, either mid-alloy or a specific wrought series alloy, is plotted to help 

quantify the accuracy of these sorts as these values based on standardized specifications [33, 35]. 

The XRF sorting system showed less consistency as indicated by the larger error bars. Both 

systems were able to control the composition of the high-alloy cast fractions but could not replicate 

these results for the low-alloy fraction as efficiently. The Mg content in the 356-bin was quantified 

to be well beyond the allowable limits in the samples collected from both ISS. Also, the XRF unit 

poorly controlled the Cu-content in the 360 and 356 alloys bins. The measured amount in the 360-

bin was 2.0 wt. % and a threshold of this alloy is 0.6 wt. %. As for 356, Cu measured at 0.42% 

which is acceptable for low-purity 356 alloys. However, the lower the Cu content, the more 

valuable this upgraded scrap stream becomes. A general rule of thumb is that the Cu-content in 

these alloys should stay under 0.25%. The LIBS ISS allocated each alloy quite well outside of the 

discussed Mg false ejection.  The averaged and standard deviation values that correspond to Fig. 

34 are in tabular form in Appendix D. 
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Fig. 34: LIBS vs. XRF compositional purity for cast alloy sorts (Ce) and LIBS compositional 

purity for wrought alloy sorting (Ce): (a) Si (b) Fe (c) Cu (d) Mg. 

 

3.10 Conclusions and Implications for Value Creation 

So how much value can be created by ISS? The qualitative answer to this question has been 

provided up until now. The upcycling potential is evident. However, as it relates to closed-loop 

recycling, the absolute benefit of these systems is challenging to quantify but can perhaps be 

visually represented as shown in Fig. 35. A bit chaotic the optimal sorting procedure seems at first, 

but it is not so. Starting with XRT, as we discussed, light and heavy Twitch variations form. This 

sort is especially useful when considering the Mg-mitigation potential of this system. Alloys 360 

and 413 will cross over into the lightweight bin depending on Cu, and Fe contents.  6000 and 7000-

series will mix with high alloy cast due to their high Cu, and Zn content, respectively.  
 

Now split between XRF and LIBS, creating high purity scrap to approach the compositional 

requirements and consistency levels historically mandated by aluminum mills is potentially 

achievable. XRF, in this system, could optimally fill three scrap bins based on its intake alloys 

from 319, 356, 319, 380-family, 6000 and 7000-series. These bins would include high-Cu, mid-

Cu, and 6000-series (low-Cu). On the other side, the LIBS ISS could sort into a low-Cu cast, 5000-

series, high-Cu 6000, and the final rejected content. This bin spectrum covers the majority of the 

aluminum alloy spectrum or at least manageable compositions that are beyond the current state-

of-the-art. Three areas that impurity accumulation threaten within this system include the Mg-

content in the low-Cu cast bin and the wrong sort of 360 and 413 into the 6000-series (high-Cu) 

bin by the XRF unit.

(a) (b) 

(c) (d) 
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Fig. 35: Optimal intelligent sorting system process flow to close the recycling loop for 

automotive aluminum at end-of-life. 

 

A blending model was constructed to estimate the effect of impurity accumulation on the formation 

of secondary alloys. This model is used to highlight opportunities for secondary alloy development 

that expand well beyond the current state-of-the-art of only forming two cast alloys that can 

tolerate high amounts of  bulk and alloyed impurity (i.e. 319 and 380-family). Fig. 36 presents the 

results of this optimization model as a heat map. The demanded alloys are listed on the x-axis 

based on projections from [1] using the stock-driven dynamic material flow analysis (dMFA) 

model designed by [4] and adapted to the US market herein. The available resources for blending 

are listed on the y-axis. Al – Ti are primary resources and the remaining are the resulting sorts 

from our ISS trials as described in Table XXXVI. 
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Table XXVI: Resource Description for Blending Model. 

Sample Label Description and Location of Compositional Results Results Section 

380X 380 cast alloy sort from XRF-2 ISS 3.15 

360X 360 cast alloy sort from XRF-2 ISS 3.15 

319X 319 cast alloy sort from XRF-2 ISS 3.15 

356X 356 cast alloy sort from XRF-2 ISS 3.15 

380L 380 cast alloy sort from LIBS ISS 3.15 

360L 360 cast alloy sort from LIBS ISS 3.15 

319L 319 cast alloy sort from LIBS ISS 3.15 

356L 356 cast alloy sort from LIBS ISS 3.15 

A3000 3000-series wrought sort from LIBS ISS 3.15 

A5000 5000-series wrought sort from LIBS ISS 3.15 

A6000 6000-series wrought sort from LIBS ISS 3.15 

LowCuA Low-Cu cast sort from Site A 3.15 

LowCuB Low-Cu cast sort from Site B 3.15 

5000b1 5000-series wrought sort from Site A 3.15 

5000b2 5000-series wrought sort from Site B 3.15 

6000b1 6000-series wrought sort from Site A 3.15 

6000b2 6000-series wrought sort from Site B 3.15 

Heavy XRT Heavy sort from XRT ISS analysis 3.9.1 

Light XRT Light sort from XRT ISS analysis 3.9.1 

Heavy XRF Heavy (i.e., high alloy) sort from XRF-1 ISS analysis 3.9.2 

Light XRF Light (i.e., low alloy) sort from XRF-1 ISS analysis 3.9.2 

Twitch A Bulk Twitch composition from Site A 3.6 

Twitch B Bulk Twitch composition from Site B 3.6 

 

In Fig. 36 the columns sum to 100% representing the use of a given resource on the y-axis to form 

the demanded alloy on the x-axis. The cell’s color, as governed by the color bar on the right of the 

figure, corresponds to the percentage of the resource used. For example, in the very top left corner 

of this plot it is shown that >>>90% primary aluminum is blended to form 1070A which is a 

wrought alloy that requires a minimum of 99.7% aluminum by weight. 
 

There is a significant amount of data that supports this figure. We will discuss a few important 

takeaways from these blending results. A5000, A6000, and Drop 2 (i.e., LIBS rejected fraction) 

are substantially consumed to form a variety of alloys in a closed-loop and upgraded fashion as 

shown in Table XXVII. These values will be compared to the projections made for the year 2050 

through use of the dMFA model designed for Manuscript 4. No dilution was required for 5454, 

5754, 6016, 6063, A360.0 or B390.0. Examples of closed-loop recycling are the use of A5000 to 

meet the compositional requirements for the 5000-series alloys and examples of upgrading 

includes the use of this same bin to form secondary 6000 and 7000-series alloys. Twitch from both 

processing sites is consumed to form various 5000 and 600-series wrought alloys and A360.0. 
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However, Twitch is not used for form the atypical 319 and 380-family. These cast aluminum alloys 

preferred the composition of the Site B’s drop bin (Drop 2) due to the higher Si and Cu content in 

that rejected fraction. It was assumed that all resources were of infinite supply to for comparative 

purposes.  Please refer to Appendix E for a full description of the blending model. 

 

 
Fig. 36: Heat map of the scrap resources used to form aluminum alloys based on 2019 demand.  
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Table XXVII: Selected Tabular Results from Blending Model. 

 5005A 5454 5754 6016 6061 6063 6082 6111* 7004 308 319 383 A360.0 B380.0 B390.0 

Al 40.3% -- -- -- -- 36.4% 2.3% -- 20.1% 19.0% 19.5% 9.6% -- 16.7% -- 

A5000 36.1% 96.9% 93.7% -- 27.9% 22.7% 25.9% -- 65.5% -- -- -- -- -- -- 

A6000 19.2% -- -- 77.8% 16.5% 7.3% 46.9% -- 6.9% -- -- -- 6.2% -- -- 

Drop 2 -- -- -- -- -- -- -- -- -- 70.1% 70.1% 82.0%  70.1%  

Twitch A -- -- -- -- -- -- -- 5.4% -- -- -- -- -- -- 54.5% 

Twitch B -- 1.8% 2.9% 5.1% 3.4% -- -- -- -- -- -- -- 44.6% -- -- 

*91.6% of the 6000b1 bin was used to produce 6111 in this blending simulation, not primary dilution was required.
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3.12 Appendix A: Final Results for Temporal Analysis 
 

Table A I: Twitch sample preparation and material class characterization. 

Sample 
Total Received 

Sample (kg) 

Cast fraction 

(>25 mm, wt. %) 

Wrought fraction 

(>25 mm, wt. %) 

Total size-limited 

(<25 mm, wt. %) 

Characterized 

sample (kg) 

Cast in sample 

(wt. %) 

Wrought in sample 

(wt. %) 

A1 44.3 98.1% 99.7% 2.3% 43.3 47.9% 52.1% 

A2 40.6 98.9% 99.3% 1.8% 39.9 43.2% 56.8% 

A3 35.4 99.4% 98.8% 1.8% 34.8 49.7% 50.3% 

A4 37.2 99.5% 99.2% 1.2% 36.7 55.2% 44.8% 

A5 29.8 100.0% 99.6% 0.4% 29.6 30.6% 69.4% 

Avg: 37.5 99.2% 99.3% 1.5% 36.9 45.3% 54.7% 

Std: 5.5 0.7% 0.3% 0.7% 5.2 9.3% 9.3% 

B1 42.7 93.2% 94.9% 11.9% 37.6 59.0% 41.0% 

B2 37.6 81.8% 92.1% 26.1% 27.8 48.8% 51.2% 

B3 41.1 87.5% 84.4% 28.2% 29.5 56.9% 43.1% 

B4 40.6 92.4% 92.7% 14.9% 34.6 47.0% 53.0% 

B5 41.7 91.9% 95.4% 12.7% 36.4 55.3% 44.7% 

Avg: 40.7 89.4% 91.9% 18.7% 33.2 53.4% 46.6% 

Std: 1.9 4.8% 4.4% 7.8% 4.3 5.2% 5.2% 
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Table A II: Alloy/Alloy Series Distribution for Collected Twitch Samples. 

Sample 319 356 360 380-family Other Cast 3000-series 5000-series 6000-series Other Wrought 

A1 13.0% 4.6% 1.5% 5.7% 23.4% 3.0% 7.8% 26.5% 14.6% 

A2 12.5% 6.4% 2.6% 6.8% 17.9% 2.9% 8.7% 25.7% 16.5% 

A3 8.6% 7.1% 1.4% 7.2% 25.3% 3.2% 7.1% 24.0% 16.1% 

A4 9.8% 14.7% 0.8% 8.9% 20.6% 3.6% 6.2% 23.2% 12.2% 

A5 5.7% 5.5% 1.0% 3.4% 14.2% 5.3% 9.5% 36.5% 19.1% 

Avg: 9.9% 7.7% 1.4% 6.4% 20.3% 3.6% 7.8% 27.2% 15.7% 

Std: 3.0% 4.1% 0.7% 2.0% 4.4% 1.0% 1.3% 5.4% 2.5% 

B1 11.8% 9.9% 2.4% 5.8% 27.0% 1.9% 5.1% 23.9% 12.2% 

B2 10.2% 3.9% 1.6% 9.8% 24.3% 3.7% 3.4% 29.0% 14.0% 

B3 8.0% 3.9% 2.5% 13.2% 28.6% 2.2% 4.2% 23.5% 13.8% 

B4 7.8% 3.8% 1.3% 8.3% 24.5% 2.6% 9.6% 28.2% 13.8% 

B5 10.1% 5.4% 1.4% 13.0% 25.4% 2.7% 5.2% 22.4% 14.5% 

Avg: 9.6% 5.4% 1.8% 10.0% 26.0% 2.6% 5.5% 25.4% 13.7% 

Std: 1.7% 2.6% 0.5% 3.2% 1.8% 0.7% 2.4% 3.0% 0.9% 
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3.13 Appendix B: Hypothesis Testing Results 

3.13.1 Two-tailed, Two-Sample F-Test for Variances 

The null hypothesis is that the variances of the two populations are equal: 

  

 H0: σ1
2 =  σ2

2                   (B1) 

 

For a two-tailed F-test the alternative hypothesis is that the variances are not equal: 

 

Ha: σ1
2 ≠  σ2

2           (B2) 

 

The test statistics is calculated by dividing the larger sample variance by the smaller sample 

variance: 

 

F =
s1

2

s2
2 , s1

2 > s2
2            (B3) 

 

Using a significance level of α = 0.05 and n1 + n2 – 2 = 8 degrees of freedom. The null 

hypothesis that the two variances are equal will be rejected if: 

 

P(F ≤ f) one-tail × 2 < α = 0.05        (B4) 

 

3.13.2 Two Sample t-test Assuming Equal Variances 

The null hypothesis is declared that the means are equal: 

 

H0: μ1 =  μ2           (B5) 

 

The alternative hypothesis is that the means are not equal: 

 

Ha: μ1 ≠  μ2           (B6) 

 

The test statistic is calculated using: 

 

t =  
X1-X2

√
1

n1
+

1

n2
)
           (B7) 

 

Using a significance level of α = 0.05 and n1 + n2 – 2 = 8 degrees of freedom. The null 

hypothesis that the two means are equal will be rejected if: 

 

t < tcritcal,
α

2
 (i. e. -Pcritical)         (B8) 

t > tcritcal,1- 
α

2
 (i. e. +Pcritical)         (B9) 

  



 

98 

 

F-Test Two-Sample for Variances: Silicon 

alpha = 0.05 Site B (Silicon) Site A (Silicon) 

Mean 0.04816767 0.037619876 

Variance 8.89917E-05 5.67493E-05 

Observations 5 5 

df 4 4 

F 1.568153956  

P(F<=f) one-tail * 2 0.6735681 > 0.05, cannot reject null hypothesis 

F Critical one-tail 6.388232909  

t-Test: Two-Sample Assuming Equal Variances: Silicon 

alpha = 0.05 Site B (Silicon) Site A (Silicon) 

Mean 0.04816767 0.037619876 

Variance 8.89917E-05 5.67493E-05 

Observations 5 5 

Pooled Variance 7.28705E-05  
Hypothesized Mean 

Difference 0  

df 8  

t Stat 1.953690325  

P(T<=t) one-tail 0.043248766  

t Critical one-tail 1.859548038  

P(T<=t) two-tail 0.086497533  

t Critical two-tail 2.306004135 

> t Stat and <-t Stat, cannot reject null 

hypothesis 
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F-Test Two-Sample for Variances: Iron 

alpha = 0.05 Site A (Iron) Site B (Iron) 

Mean 0.00616198 0.006808399 

Variance 1.1258E-06 3.47942E-07 

Observations 5 5 

df 4 4 

F 3.23568832  
P(F<=f) one-tail * 2 0.28179186 > 0.05, cannot reject null hypothesis 

F Critical one-tail 6.38823291  

t-Test: Two-Sample Assuming Equal Variances: Iron 

alpha = 0.05 Site A (Iron) Site B (Iron) 

Mean 0.006161984 0.006808399 

Variance 1.12583E-06 3.47942E-07 

Observations 5 5 

Pooled Variance 7.36886E-07  
Hypothesized Mean Difference 0  
df 8  
t Stat -1.190641918  
P(T<=t) one-tail 0.133961035  
t Critical one-tail 1.859548038  
P(T<=t) two-tail 0.26792207  

t Critical two-tail 2.306004135 

> t Stat and <-t Stat, cannot reject 

null hypothesis 
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F-Test Two-Sample for Variances: Copper 

alpha = 0.05 Site B (Copper) Site A (Copper) 

Mean 0.014227636 0.012175375 

Variance 1.31198E-05 1.12498E-05 

Observations 5 5 

df 4 4 

F 1.166226536   

P(F<=f) one-tail*2 0.885122631 

> 0.05, cannot reject null 

hypothesis 

F Critical one-tail 6.388232909   

t-Test: Two-Sample Assuming Equal Variances: Copper 

alpha = 0.05 Site B (Copper) Site A (Copper) 

Mean 0.014227636 0.012175375 

Variance 1.31198E-05 1.12498E-05 

Observations 5 5 

Pooled Variance 1.21848E-05   

Hypothesized Mean Difference 0   

df 8   

t Stat 0.929594189   

P(T<=t) one-tail 0.189888259   

t Critical one-tail 1.859548038   

P(T<=t) two-tail 0.379776518   

t Critical two-tail 2.306004135 

> t Stat and <-t Stat, cannot 

reject null hypothesis 
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F-Test Two-Sample for Variances: Manganese 

 alpha = 0.05 Site A (Manganese) Site B (Manganese) 

Mean 0.002153133 0.00226403 

Variance 2.42715E-07 2.20003E-07 

Observations 5 5 

df 4 4 

F 1.103234622  
P(F<=f) one-tail*2 0.926433516 > 0.05, cannot reject null hypothesis 

F Critical one-tail 6.388232909  
t-Test: Two-Sample Assuming Equal Variances: Manganese 

alpha = 0.05 Site A (Manganese) Site B (Manganese) 

Mean 0.002153133 0.00226403 

Variance 2.42715E-07 2.20003E-07 

Observations 5 5 

Pooled Variance 2.31359E-07   

Hypothesized Mean Difference 0   

df 8   

t Stat -0.364542021   

P(T<=t) one-tail 0.362450607   

t Critical one-tail 1.859548038   

P(T<=t) two-tail 0.724901214   

t Critical two-tail 2.306004135 

> t Stat and <-t Stat, cannot reject null 

hypothesis 
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F-Test Two-Sample for Variances: Magnesium 

alpha = 0.05 Site A (Magnesium) Site B (Magnesium) 

Mean 0.019169603 0.019335067 

Variance 0.000137159 2.89886E-05 

Observations 5 5 

df 4 4 

F 4.731482414   

P(F<=f) one-tail*2 0.161403894 > 0.05, cannot reject null hypothesis 

F Critical one-tail 6.388232909   

t-Test: Two-Sample Assuming Equal Variances: Magnesium 

alpha = 0.05 Site A (Magnesium) Site B (Magnesium) 

Mean 0.019169603 0.019335067 

Variance 0.000137159 2.89886E-05 

Observations 5 5 

Pooled Variance 8.30738E-05   

Hypothesized Mean 

Difference 0   

df 8   

t Stat -0.02870393   

P(T<=t) one-tail 0.488901933   

t Critical one-tail 1.859548038   

P(T<=t) two-tail 0.977803866   

t Critical two-tail 2.306004135 

> t Stat and <-t Stat, cannot reject 

null hypothesis  
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F-Test Two-Sample for Variances: Zinc 

alpha = 0.05 Site B (Zinc) Site A (Zinc) 

Mean 0.010256178 0.009530505 

Variance 1.70094E-05 1.47072E-05 

Observations 5 5 

df 4 4 

F 1.156531577   

P(F<=f) one-tail*2 0.891313895 > 0.05, cannot reject null hypothesis 

F Critical one-tail 6.388232909   

t-Test: Two-Sample Assuming Equal Variances: Zinc 

alpha = 0.05 Site B (Zinc) Site A (Zinc) 

Mean 0.010256178 0.009530505 

Variance 1.70094E-05 1.47072E-05 

Observations 5 5 

Pooled Variance 1.58583E-05   

Hypothesized Mean Difference 0   

df 8   

t Stat 0.288126011   

P(T<=t) one-tail 0.390287019   

t Critical one-tail 1.859548038   

P(T<=t) two-tail 0.780574037   

t Critical two-tail 2.306004135 

> t Stat and <-t Stat, cannot reject null 

hypothesis 
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3.14 Appendix C: Twitch database for LIBS evaluation 

 

ID Weight (g) Alloy Al Cu Fe Mg Mn Si Zn 

W01 41 AA 6063 98.92 <0,01 0.18 0.43 0.03 0.4 0.04 

W02 133 AA 5454 95.87 0.07 0.52 2.63 0.33 0.25 0.06 

W03 143 AA 6063/6005 99 <0,01 <0,05 0.4 <0,01 0.58 0.02 

W04 190 AA 5086/5083 94.25 0.06 0.57 4.04 0.65 0.22 0.04 

W05 44 AA 6063 98.67 0.02 0.25 0.51 0.02 0.49 0.02 

W06 139 AA 6061 97.93 0.23 0.22 0.84 <0,01 0.64 <0,01 

W07 73 AA 5000 96.77 0.09 0.61 1.22 0.8 0.24 0.17 

W08 71 AA 5182 94.38 0.04 0.38 4.63 0.38 0.12 0.05 

W09 54 AA 6063 98.03 0.05 0.15 0.46 <0,01 0.53 0.02 

W10 105 AA 6063 98.86 <0,01 0.16 0.49 <0,01 0.48 0.01 

W11 54 AA 6063 98.34 0.1 0.39 0.52 0.06 0.49 0.1 

W12 412 AA 3003 97.9 0.12 0.5 <0,01 1.1 <0,05 0.01 

W13 11 AA 5086/5042 95.51 0.06 0.4 3.41 0.42 0.11 0.02 

W14 57 AA 3003 97.65 0.09 0.8 <0,01 1.18 0.19 0.02 

W15 74 AA 5000 96.2 0.12 0.69 1.59 0.86 0.25 0.18 

W16 18 AA 5454 96.91 0.03 0.45 1.7 0.7 0.12 0.02 

W17 209 AA 5154 95.22 0.03 0.48 3.19 0.59 0.19 0.09 

W18 95 AA 5454 95.31 0.15 1.31 1.77 0.98 0.24 0.16 

W19 60 AA 6005 98.71 0.02 0.24 0.39 0.04 0.59 0.02 

W20 151 AA 6082 97.45 <0,01 0.26 0.63 0.57 1.07 0.01 

W21 108 AA 6005 98.45 0.02 0.25 0.5 0.05 0.66 0.03 

W22 235 AA 6063 98.8 0.02 0.23 0.43 <0,01 0.47 0.02 

W23 124 AA 6063 98.69 <0,01 0.27 0.46 0.01 0.54 0.02 

W24 97 AA 5042 95.58 0.05 0.48 3.29 0.33 0.15 0.05 

W25 134 AA 6063 98.67 <0,01 0.26 0.51 0.01 0.51 0.02 

W26 80 AA 6063 98.9 <0,01 0.17 0.49 <0,01 0.42 0.01 

W27 39 AA 5086 95.12 0.04 0.32 3.64 0.57 0.12 0.02 

W28 65 AA 3003 96.83 0.22 0.61 0.01 1.08 1.19 0.04 

W29 93 AA 5042 95.92 0.02 0.55 3.03 0.29 0.17 0.02 

W30 74 AA 6063 98.49 0.02 0.31 0.5 0.01 0.6 0.05 

W31 65 AA 6063 98.86 <0,01 0.18 0.47 <0,01 0.45 0.02 

W32 43 AA 6063 98.8 0.02 0.2 0.45 0.08 0.43 <0,01 

W33 178 AA 5000 96.85 0.07 0.22 2.56 0.15 0.11 <0,01 

W34 83 AA 6063 98.64 <0,01 0.21 0.53 <0,01 0.57 0.02 

W35 74 AA 6063 98.93 <0,01 0.2 0.4 <0,01 0.46 0.01 

W36 76 AA 6063 98.56 0.02 0.29 0.42 0.01 0.49 0.04 

W37 90 AA 5454 95.6 0.2 1.11 1.72 0.89 0.23 0.15 

W38 16 AA 6063 98.08 0.01 0.76 0.51 0.02 0.55 0.04 
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W39 49 AA 6063 98.86 <0,01 0.2 0.49 <0,01 0.44 0.01 

W40 77 AA 6000 95.93 0.37 0.64 1.68 0.82 0.34 0.13 

W41 106 AA 6063 <98,69 <0,01 0.21 0.48 <0,01 0.5 0.01 

W42 40 AA 6063 98.48 0.02 0.26 0.53 0.02 0.59 0.08 

W43 92 AA 5042 95.4 0.12 0.48 3.03 0.25 0.47 0.14 

W44 23 AA 5052 96.42 0.01 0.27 2.85 0.04 0.15 0.01 

W45 9 AA 5005 97.59 0.03 0.58 1 0.65 0.12 0.01 

W46 30 AA 6063 98.72 0.02 0.22 0.47 <0,01 0.53 0.04 

W47 28 AA 3003 97.75 0.15 0.71 <0,01 1.07 0.22 0.07 

W48 86 AA 1100 99.16 <0,01 0.61 <0,01 0.01 0.22 <0,01 

W49 49 AA 3003 97.96 0.08 0.66 <0,01 1.07 0.21 0.02 

W50 51 AA 5000 96.8 0.03 0.6 1.77 0.63 0.15 0.02 

C01 137 AA 383 85.8 2.25 0.83 0.19 0.25 9.8 0.74 

C02 123 AA 413 82.91 0.93 1.31 0.27 0.36 13.79 0.4 

C03 293 AA 358/A357... 91.78 0.01 <0,05 0.42 <0,01 7.65 <0,01 

C04 75 AA 413 85.58 0.89 0.94 0.03 0.17 11.88 0.42 

C05 353 AA 413 85.01 0.84 1.11 0.13 0.32 12.01 0.35 

C06 176 AA 413 83.3 0.87 1.2 0.09 0.31 13.86 0.33 

C07 271 AA 413 85.82 0.54 0.15 0.33 <0,01 13.09 <0,01 

C08 147 AA 413 85.49 0.35 0.89 0.38 0.61 11.99 0.17 

C09 54 AA 413 84.45 1.76 1.06 0.27 0.21 11.34 0.87 

C10 601 AA 358 89.84 0.6 0.15 0.43 <0,01 8.8 0.04 

C11 354 AA 413 86.23 0.58 0.33 0.25 0.18 12.39 <0,01 

C12 151 AA 383 81.08 1.94 1.65 0.22 0.43 12.53 1.97 

C13 114 AA 339 82.06 0.99 0.65 1.17 0.25 13.61 0.15 

C14 282 AA 413 84.79 0.04 0.5 <0,01 0.02 14.59 0.04 

C15 242 AA 413 84.26 1.11 1.39 0.1 0.45 12.26 0.37 

C16 174 AA 413/339 84.61 1.49 0.81 0.08 0.2 11.7 1.03 

C17 299 AA 413 86.11 0.99 <0,05 0.16 <0,01 12.07 0.51 

C18 294 AA 413 83.49 0.79 0.84 0.03 0.4 14 0.41 

C19 139 AA 413 88.66 1.21 <0,05 0.03 <0,01 9.21 0.82 

C20 22 AA 413 87.46 0.01 <0,05 0.33 <0,01 12.05 <0,01 

C21 136 AA 380 88.36 1.59 0.8 0.17 0.17 8.38 0.4 

C22 41 AA 413 82.23 2.36 1.31 0.02 0.22 12.72 0.99 

C23 26 AA 413 86 0.52 1.39 0.02 0.97 10.44 0.5 

C24 96 AA 413 88 0.19 0.55 0.2 0.49 10.34 0.13 

C25 161 AA 413 85.54 0.57 0.65 0.04 0.4 12.46 0.31 

C26 62 AA 413 86.93 0.19 0.56 0.31 0.22 11.6 0.13 

C27 324 AA 413 84.16 0.63 1 0.11 0.18 13.59 0.26 

C28 80 AA 413 85.1 0.65 0.69 0.04 0.37 12.7 0.42 

C29 35 AA 383 82 2.32 1.36 0.26 0.31 12.49 1.13 
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C30 48 AA 413 82.16 0.94 1.19 0.14 0.39 13.89 1.25 

C31 36 AA 413 83.07 1.96 1.04 0.15 0.3 12.76 0.56 

C32 268 AA 383 84.29 1.86 0.91 0.2 0.35 11.3 0.94 

C33 64 AA 413 88.04 0.04 0.28 0.3 0.18 10.99 0.05 

C34 54 AA 413/383 84.85 1.84 1.07 0.16 0.17 10.9 0.82 

C35 54 AA 413 84.36 0.97 0.94 0.29 0.32 12.66 0.38 

C36 314 AA 413 88.24 0.02 <0,05 0.3 <0,01 11.15 <0,01 

C37 75 AA 413 87.3 0.02 0.39 0.27 0.02 11.96 <0,01 

C38 123 AA 413 86.01 0.14 0.83 0.41 0.2 12.19 0.09 

C39 27 AA 319 89.62 2.12 0.55 0.2 0.2 6.62 0.64 

C40 170 AA 413 84.65 0.97 0.76 0.04 0.29 12.89 0.34 

C41 79 AA 332 87.07 2.28 0.77 0.27 0.22 8.54 0.8 

C42 25 AA 443 92.21 0.2 1.01 0.28 0.4 5.42 0.23 

C43 112 AA 413 84.65 0.02 0.33 0.2 0.21 14.56 <0,01 

C44 16 AA 413 83.55 1 1.4 0.15 0.37 13 0.4 

C45 25 AA 383 85.13 1.87 1.37 0.16 0.39 10.16 0.86 

C46 80 AA 413 85.53 0.13 0.47 0.3 0.39 12.88 0.1 

C47 97 AA 413 87.29 0.33 0.79 0.41 0.23 10.66 0.1 

C48 80 AA 383 88.01 0.97 0.65 0.25 0.31 9.08 0.59 

C49 18 AA 413 87.02 0.29 0.36 0.06 0.34 11.57 0.35 

C50 36 AA 383 84.96 2.21 0.81 0.17 0.2 10.85 0.75 

M01 41 Mg 98.51 NA 0 0 0 0 NA 

M02 26 Mg 100 NA 0 0 0 0 NA 

M03 15 Mg 100 NA 0 0 0 0 NA 
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3.15 Appendix D: Sorting System Verification: Alloy and Bin Sort Results 

 

Table D I: Compositional Results from Alloy and Bin Sorting Trials. 

a) XRF – Cast Alloy Sort 

Alloy/Bin  Si Fe Cu Mn Mg Zn Al Other 

380X 
Avg. 7.32% 0.67% 1.30% 0.15% 0.80% 1.11% 88.50% 0.15% 

Std. 1.39% 0.18% 1.06% 0.05% 0.37% 1.16% 3.70% 0.05% 

360X 
Avg. 8.14% 0.53% 2.03% 0.20% 2.12% 0.73% 86.00% 0.25% 

Std. 0.22% 0.07% 0.20% 0.03% 0.84% 0.24% 1.35% 0.07% 

319X 
Avg. 9.08% 0.77% 2.86% 0.26% 0.26% 1.35% 85.17% 0.25% 

Std. 0.15% 0.05% 0.26% 0.05% 0.05% 0.06% 0.29% 0.06% 

356X 
Avg. 4.75% 0.34% 0.42% 0.09% 8.64% 0.16% 85.47% 0.14% 

Std. 1.02% 0.11% 0.32% 0.04% 4.54% 0.15% 4.16% 0.03% 

b) LIBS – Cast Alloy Sort 

380L 
Avg. 9.64% 0.81% 3.04% 0.21% 0.34% 2.01% 83.73% 0.22% 

Std. 0.86% 0.03% 0.16% 0.03% 0.25% 0.18% 0.84% 0.05% 

360L 
Avg. 9.13% 0.50% 0.82% 0.17% 0.40% 0.31% 88.50% 0.16% 

Std. 0.60% 0.03% 0.26% 0.05% 0.49% 0.12% 0.36% 0.02% 

319L 
Avg. 8.24% 0.79% 3.01% 0.22% 0.20% 1.53% 85.80% 0.22% 

Std. 0.51% 0.03% 0.27% 0.04% 0.02% 0.15% 0.89% 0.07% 

356L 
Avg. 6.88% 0.29% 0.19% 0.08% 6.04% 0.13% 86.13% 0.25% 

Std. 0.25% 0.11% 0.03% 0.04% 0.45% 0.04% 0.46% 0.14% 

c) LIBS – Wrought Alloy Sort 

A3000 
Avg. 0.32% 0.48% 0.15% 1.00% 0.22% 0.11% 97.63% 0.08% 

Std. 0.11% 0.03% 0.02% 0.06% 0.02% 0.08% 0.15% 0.03% 

A5000 
Avg. 0.19% 0.31% 0.06% 0.17% 2.22% 0.02% 96.83% 0.20% 

Std. 0.04% 0.02% 0.01% 0.04% 0.18% 0.01% 0.21% 0.06% 

A6000 
Avg. 0.56% 0.33% 0.13% 0.21% 0.39% 0.06% 98.23% 0.09% 

Std. 0.15% 0.02% 0.03% 0.02% 0.16% 0.01% 0.15% 0.02% 

d) LIBS – Bin Sort 

Low-Cu 
Site A (LowCuA) 6.31% 0.22% 0.07% 0.16% 3.54% 0.07% 89.47% 0.16% 

Site B (LowCuB) 7.38% 0.54% 0.45% 0.15% 10.87% 0.32% 80.13% 0.16% 

5000 
Site A (5000b1) 0.25% 0.34% 0.20% 0.15% 2.23% 0.21% 96.47% 0.15% 

Site B (5000b2) 1.47% 0.39% 0.31% 0.20% 3.17% 0.09% 94.20% 0.18% 

6000 
Site A (6000b1) 0.47% 0.31% 0.45% 0.11% 0.59% 0.03% 97.90% 0.13% 

Site B (6000b2) 0.91% 0.31% 0.23% 0.14% 0.50% 0.09% 97.77% 0.06% 

Drop 
Site A (Drop 1) 6.84% 0.65% 2.40% 0.23% 0.34% 1.02% 88.30% 0.23% 

Site B (Drop 2) 7.06% 0.78% 2.17% 0.33% 0.12% 1.42% 87.90% 0.22% 
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3.16 Appendix E: Blending Model Description 

A blending model was constructed in MATLAB using linprog with the Dual-Simplex algorithm. 

The standard form for the developed model is shown below. The equality constraints are set such 

that the production of 25 alloys is achieved to meet an estimated demand for the year 2019. The 

inequality constraints represent the compositional limitations for each individual alloy. The lower 

bound is set to 0 such that all decision variables are positive and are capped at the demand for each 

individual alloy to prevent overproduction.  

 

The decision matrix is xij which is a 35-by-25 matrix representing the representing the 35-raw 

material resource available to blend to form the demanded 25 alloys. The cost variable is a 35- 

element array which corresponds for the cost of each resource as a blending resource. The objective 

function and corresponding constraints are shown below. Beyond i and j, the subscript e is also 

used and this refers to a specific alloying element.  

This formulation is calling to minimize the cost () of raw material blending during aluminum 

production. Demand values for each respective alloy, i, drive this model and are represented by 

Di. Both primary and secondary materials are available and are assumed to be unlimited in order 

to use this programming method as a comparative tool for analyzing the sorting results between 

two distinct systems: x-ray fluorescence (XRF) and laser induced breakdown spectroscopy.  

Table E I: Cost vector for blending model to compare XRF and LIBS sorting results. 

Resource  Cost  

Al  $2,358.95  

Si  $2,777.83  

Fe  $2,204.62  

Cu  $6,790.24  

Mn  $4,497.43  

Mg  $4,276.97  
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Cr  $2,204.62  

Ni  $6,724.10  

Zn  $2,204.62  

Ti  $3,240.80  

Sorted 

Fractions 
$1,798.97 

Twitch A  $1,499.14  

Twitch B  $1,499.14  
 

Beyond the comparative analysis, we also use this technique in an attempt to “set the market value” 

for these upgraded scrap forms from each sorting system. To investigate this, we initially set the 

material cost equal to the commodities cost from which it was derived. For example, aluminum 

auto-shred scrap (i.e. Twitch) has many different aluminum alloys within its mixture, Fig. E3 

shows 3 different fractions that were extracted from a parent Twitch samples. This blending model 

was used in an iterative loop where each loop increased the margin between Twitch and the sorted 

content. Each commodity with an unknown value stepped along this same fashion. Where a “cliff” 

is identified is assumed to be the potential market value for a given commodity. Further work is 

required here, including a sensitivity analysis on the variables that contribute to these results.  

 

Fig. E 1: Revenue margin between the three upgraded streams that appear to create the most 

value. 
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4.1 Abstract 

The average North American light vehicle will contain 250 kg of aluminum in 2028, a 40% 

increase over 2015 estimates (180 kg). This increase is an additional incentive for upgrading scrap 

and creating value for the Aluminum industry. The initial questions that need answers are: (i) how 

much aluminum will be removed during the dismantling of an aluminum intensive vehicle (AIV) 

and (ii) how much will be shredded? A set standard for how to handle these vehicles based on 

current market operating protocols and conditions does not exist; however, the future prospects to 

implement a circular economy approach are most promising. In this study, a robust dynamic 

material flow model has been applied, paired with a blending program, which enables us to 

consider different scenarios. In these scenarios, the degree of dismantling, and sorting system 

implementation rate will be explored, in addition to the effect of electric vehicles on the scrap 

processing industry. The extent of dismantling practice will affect the amount of auto-shred 

Zorba/Twitch being formed and will alter the domestic utilization rates. A laser-induced 

breakdown spectroscopy intelligent sorting system (LIBS ISS) has been modeled herein based on 

an experimental study. Our objective is to highlight how quickly LIBS systems should be 

implemented and to quantify the concentrations of alloying elements in auto-shred scrap as 

increased amounts of aluminum sheet reach EOL. 

mailto:smkelly@wpi.edu
mailto:amund.loevik@empa.ch
mailto:daniel.mueller@ntnu.no
mailto:dapelian@wpi.edu
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4.2 Introduction  

The automotive sector has traditionally consumed a significant amount in driveline and engine 

components. In 2008, it was estimated that 81% of the total aluminum in a passenger vehicle 

existed as cast components. Of this percentile, 60% was found to be secondary cast aluminum [1]. 

Present day use of secondary cast aluminum, used in driveline and engine components, has 

preserved the supply and demand relationships between scrap processors and secondary smelters 

in the US. Alternatively, this scrap can be used in international trade. At a lower cost than primary 

aluminum, developing nations can purchase this scrap at a reduced cost, and still use it to meet the 

demand of their own infrastructure and transport advancement [2, 3].  The latter ultimately 

balances the production of this scrap in the US, however, these two options may not always be 

viable. Over time, underdeveloped nations will become more industrialized. When this occurs, 

these nations will also become net exporters of aluminum scrap.  The demand for secondary cast 

aluminum will also decrease as electric vehicles become increasingly accepted as a more 

environmentally-friendly drivetrain alternative [4–7]. As underdeveloped nations advance and 

automotive sector focuses more on involving light-weight and environmentally-friendly designs, 

the supply and demand relationship for auto-shred will trend in an opposing direction to the current 

trend.  
 

The success of Ford’s aluminum-intensive F150 has proven an aluminum sheet is a capable 

lightweight alternative to aid progress towards the fleet wide fuel economy requirements set in the 

Corporate Annual Fuel Economy (CAFE) legislation [8, 9]. Vehicle light-weighting will 

contribute to meeting these standards but the implications of this present-day shift must be 

addressed with end-of-life (EOL) processing in mind.  These opposing trends in supply and 

demand will amplify the need for new consumption pathways to be identified as the automotive 

industry transitions from a net consumer to net producer of aluminum scrap. Before investigating 

open-loop upcycling (i.e. a system where maximum value is created by providing upgraded scrap 

to other industrial sectors), the potential for closed-loop upcycling need be quantified. The closed-

loop ucpycing will require auto-shred to be upgraded to a form that is accepted by aluminum mills 

to continually meet the demands set for sheet aluminum [10, 11]. 
 

Recently, this transition to upcycling has garnered a significant amount of attention. The aluminum 

recycling industry and supporting cast have shown signs of proactive effort to prepare for the light 

scrap that is coming downstream. These efforts include intelligent sorting system development and 

material system modeling. The latter, material flow analysis (MFA), has developed into a valuable 

and feasible way to investigate systematic stocks and flows of commodities especially to evaluate 

the potential to increase resource conservation through recycling [12].   
 

Gaustad et al. evaluated impurity accumulation levels as a function of scrap allocation procedure. 

By fundamentally recognizing the nature of the scrap industry driven by a supply and demand 

relationships, this group was able to highlight the effectiveness of three different market allocation 

protocols: market-based, pseudo-closed loop, and common scrap pool. This educational effort has 

provided the scrap industry with a better understanding of the degree of closed-loop recycling that 
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is achievable [13]. Buchner et al. conducted a regional dynamic material flow analysis (dMFA) 

for Austria. This analysis focused on wrought and cast sortation. In an attempt to decrease the 

probability of a scrap surplus, this work aimed to identify scrap sale opportunity on the 

international market [14].  Hatayama et al., also used dMFA to accurately modeled end-of-life 

(EOL) composition of aluminum scrap from various industrial sectors [4].  
 

Modaresi and colleagues designed a dMFA model for the automotive sector on the global scale. 

This model provides an understanding of when surpluses will develop if business-as-usual (BAU) 

continues. Multiple input parameters were defined including vehicle technology share, secondary 

casting rate, and cast aluminum content in electric vehicles. This study concluded a surplus by the 

year 2023 [15]. In a different study, Modaresi et al. investigated the potential to form additional 

secondary alloy sinks for auto-shred scrap as an intermediate solution to account for the added 

supply in decades come [7]. From this same research group, Lovik et al. analyzed the additional 

impact of sensor-based sorters to prevent auto-shred surplus. This study incorporated a blending 

model that evaluated the maximum potential for auto-shred consumption in alloy production on 

the global scale [16]. This collective effort is the current state-of-the-art model for dynamically 

analyzing the flow of aluminum through the global automotive sector. This same modeling 

approach has been adopted herein.  It has been restructured and applied to the US aluminum 

processing industry. Previous experience with characterizing auto-shred samples [17] and 

developing and testing sorting scenarios for intelligent sorting systems (ISS) proved valuable in 

structuring this new model.  
 

The dMFA model presented is strategically designed to demonstrate end of life vehicle (ELV) 

recycling practice in the US. We have investigated the efficacy of laser-induced breakdown 

spectroscopy (LIBS) to determine how the implementation of these systems can affect the future 

consumption and export relationships in the US.  Today, 70-90% [2] of Zorba is exported from the 

US to developing nations. Zorba is a non-ferrous auto-shred mixture of mixture that contains 40 – 

80% aluminum alloy by weight [17, 18].Taking advantage of low labor costs, these nations utilize 

hand-sorting methods to separate Cu, Zn, and brass from aluminum cast and wrought [13]. Zorba 

contains anywhere from 40-80% aluminum alloy by weight. This aluminum content is defined as 

Twitch. Zorba is not usually consumed in its mixed state and requires upgrading to Twitch via 

density separation techniques. Today, Twitch is consumed by secondary smelters in the US to 

produce secondary cast products that can tolerate high levels of impurity. Upgrading Twitch into 

specific alloys or compositional groups is not common practice. However, due to a decreasing 

demand for secondary cast aluminum and the increasing wrought intensity found in aluminum 

alloys, upgrading Twitch will soon become necessary. Now, the aluminum scrap processing 

industry has the opportunity to tighten the recycling loop for shredded aluminum scrap. This study 

investigates the various external factors that influence this progression towards maximizing 

sustainable consumption. Such factors include the influence of international trade, the influence of 

electric vehicles on the demand for secondary cast products, and the advancements of auto-

component dismantling and Twitch sorting.  
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To account for such uncertainty, various scenarios have been framed to present how the future 

state of the market may differ from what it is today. This exercise is meant motivate the aluminum 

recycling industry to shift away from BAU as this current practice may not suffice moving forward. 

For the first time in history, the automotive industry will soon become a net producer of aluminum 

scrap [11]. If the added aluminum content is handled using similar approaches to the BAU model, 

a scrap surplus may develop on the global scale [15, 16].  The US is responsible for a significant 

portion of the international trade market and can potentially drive the scrap aluminum industry 

towards or away from such overflow. Suggestions will be made herein related to how the 

aluminum recycling industry in the US can contribute to the longevity of using aluminum as a 

lightweight solution to the automotive sector and beyond.   
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4.3 Methodology 

4.3.1 System Definition 

Fig. 37 displays the US automotive aluminum processing industry as modeled here. This dMFA 

structure builds upon the framework designed by Lovik et al. [16]. Here, we restructure this past 

model to accurately represent ELV processing in the US including this region’s stake in 

international trade and present-day recycling practice. The reported time series extends from 2000 

– 2050.  

 
Fig. 37: Automotive aluminum production and end-of-life processing [16]. 

 

In order, the nine processes, P1-P9, are defined as the following: raw material market (i.e., trade), 

alloy production (i.e., blending), auto-parts manufacturing, passenger vehicle assembly, use, 

dismantling, shredding and Zorba production, Twitch production, and intelligent sorting. The last 
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three are differentiated as it is understood from previous studies [17, 19] that P7 and P8 may require 

domestic trade as not all scrap processors upgrade Zorba to Twitch. Zorba is a non-ferrous auto-

shred scrap class that contains mostly aluminum (40-80%) [17, 18]. The aluminum content within 

Zorba is Twitch. Twitch is 90-98% aluminum alloy by weight and is extracted from Zorba using 

density separation [18]. Zorba is exported from the US if not upgraded further. P9, intelligent 

sorting, is not widely practiced in industry today. This model intends to evaluate the effect of such 

processing on export and secondary alloy development.  
 

The terms auto-part and component are used interchangeably and refer to the 13-

components/component systems that contain aluminum in passenger vehicles (C: 1-13) (Fig. 38e). 

The aluminum weight per component has been estimated by Ducker Worlwide [20]. We use these 

values to develop the component stock for past, present and future flows of auto-aluminum. From 

2028 onward, the aluminum content in each part is assumed to reach a carrying capacity except 

when evaluating the effect of electric vehicles (EVs) on the material make-up of automobiles. EVs 

must be considered as the fleet-wide demand for engine and powertrain components will decrease 

with time, and the need for aluminum body and closure components will correspondingly increase 

as electric vehicles must be even lighter in weight to reach optimal functionality. This market share 

parameter is very challenging to predict thus this evaluation is included as a “what-if’ scenario.  

Using nonlinear logistic regression to fit the few data points available in literature and technical 

reports [20–23], a 0 – 60% growth in market share is estimated from 2020 to 2050 as shown in  

Fig. 38f. When implemented engine and transmission content is set to 0% and auto-body and 

closure components are increased by 26% for the calculated market share of EVs [23]. Regardless 

of the scenario, the implications of weight reduction on export and auto-shred composition will be 

explored and reported.  
 

Auto-components consist of various aluminum alloys (A: 1-25). This distribution was estimated 

by surveying automakers and raw material resource suppliers. Doug Richman, formerly of Kaiser 

Aluminum, was consulted to finalize this distribution post-survey [24]. The component-alloy 

matrix is presented in detail in Appendix A.  The element layer is the lowest level of granularity 

(E: 1-10) and permits compositional projections. The alloy specifications defined by the 

Aluminum Association sets the minimum and maximum values for all alloying elements [25, 26].  

The layered combination of vehicle-component-alloy-element allows for a complete review of the 

aluminum processing industry.
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Fig. 38: Input parameters to dMFA model (a) US Population (b) Cars per capita (cPc) (c) Vehicle stock (d) Lifetime distribution (e) 

Aluminum weight per auto-component (f) Estimated market share of electric vehicles. 

 

a) b) c) 

d) e) f) 
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4.3.2 Stock-Driven Model 

A stock-driven dMFA is the foundation of this model. This approach is proven to be more robust 

than input-driven evaluations to forecast resource demand and EOL material flows [27]. The 

developed stock is quantified annually using US population (Fig. 38a) and cars-per-capita (cPc) 

(Fig. 38b) data [28, 29]. This framework relies on a normal lifetime distribution which is governed 

by input mean lifetime (λ) and standard deviation (σ) of automobiles. We use 16  3 years for the 

base. From this lifetime function, a cumulative normal distribution estimates the flow of ELVs to 

the recycling industry annually (shaded green in Fig. 37). This distribution has been previously 

determined to be the most representative for passenger vehicles [7, 15, 16, 30, 31]. As cars reach 

EOL, a corresponding production input is calculated based on the known stock change value (∆S). 

The input parameters are  summarized in Fig. 38. The complete system of equations for this mass-

balance technique is given in Appendix A. The model was flexibly structured by Lovik et al. to 

iterate over multiple years and quantify a variety of preset indicators. Auto-scrap export and the 

change in the composition of auto-shred overtime by alloy distribution and element are the 

indicators monitored in this current work.  
 

4.3.3 Processing Rate Coefficients 

The collection rate for retired vehicles is assumed to be 98%. Shredding and upstream sorting 

results in some loss to other metallic streams, ~5%. Recovery processors (i.e., re-melter/secondary 

smelters) also operate with high efficiency yielding about 92% of the metallic charge weight. 

These values are set at 98%, 95%, and 92%, respectively, based on the results from [17, 19].  
 

4.3.4 New Flow Definitions 

 

Twitch Bulk Composition and Alloy Distribution 

The alloy distribution output from the model was calibrated using data from a Twitch and Zorba 

characterization study [17, 19]. The original and calibrated distributions are displayed in Fig. 39.  

The original output was calibrated by iteratively running the model until the 5000 and 6000-series 

weight fractions within Twitch were initialized at their respective weight percentages as 

determined in the previous manuscript of this thesis  (approximately, 8% 5000-series and 26% 

6000-series) [17, Manuscript 3].  The other scrap coefficient (OS) and alloy distribution that was 

used for each iteration is shown in Table XXVIII. Following, the Twitch composition was 

adjusted to approach the known bulk chemistry determined during the temporal analysis in from 

the previous manuscript in this thesis (Table XXIX). X07O and X07C represent these flow 

adjustments. The effect of dismanlting and the market share of EVs will also be investigated as it 

relates to auto-shred compostion. This shift in bulk chemistry and alloy make-up must be well 

monitored to continually upgrade Twitch especially as more sheet aluminum is collected in the 

mixture.  
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Table XXVIII: Coefficient and distribution of alloys for other scrap input to shredder. 

Other scrap coefficient (OS) 
Alloys assumed to be in other scrap (wt. %) 

5454 5754 6061 6063 

0.25 14% 14% 36% 36% 

 

 
Fig. 39: Alloy distribution in auto-shred aluminum: as modeled (left) and calibrated to a known 

alloy distribution for 5000 and 6000-series (right). 

 

Table XXIX: Twitch Composition used to calibrate dMFA Model (Year 2016). 

Twitch 

Processor 
Si Fe Cu Mn Mg Zn 

Site A 
3.8 ± 

0.75% 

0.62 ± 

0.11% 

1.2 ± 

0.34% 

0.22 ± 

0.05% 

1.9 ± 

1.2% 

0.95 ± 

0.38% 

Site B 
4.8 ± 

0.94% 

0.68 ± 

0.06% 

1.4 ± 

0.36% 

0.23 ± 

0.05% 

1.9 ± 

0.54% 

1.0 ± 

0.41% 

Intial 

composition 
6.2% 0.1% 1.8% 0.2% 0.3% 0.0% 

Calibrated 

Compostion 
5.1% 0.6% 1.6% 0.3% 1.9% 1.0% 

 

 

 

Dismantled Parts to the Commodity Market: X61 

In this model, disassembled components that form a separate a scrap stream and are remelted, 

without the need for any size-reduction, populate flow X61. Based on a previous study [19], two 

dismantling scenarios are defined (Table XXX). The high dismantling scenario is designed to be 

achievable in practice and the baseline solely classifies aluminum alloy wheels as feasible for 

direct remelt. It is assumed that these dismantled components are distributed to their original alloy 

stream intializing a closed-loop system.  
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Table XXX: Dismantling scenarios. 
Component Baseline High Dismantling 

C1: Closures -- 50% 

C2 Bumpers & Bumper Beams -- 75% 

C3: Engine Blocks -- 50% 

C4: Heat Exchangers -- 50% 

C5: Cylinder Heads -- 50% 

C6: Suspension System -- -- 

C7: Steering System -- -- 

C8: Wheels 100% 100% 

C9: Transmission & Driveline -- 50% 

C10: Brake Components -- -- 

C11: All Other Engine -- 50% 

C12: Body -- -- 

C13: All Other Components -- -- 
 

 

Zorba Production: X71Z 

Zorba is not a furnace-ready scrap form. Thus, any produced in the US that is not upgraded to 

Twitch is delivered to the commodity market (X71Z) and subsequently exported in this model as 

in practice. A transfer coefficient manages the allocation of Zorba to international trade. The 

baseline scenario assumes 45% of Twitch is exported within sortable Zorba. This assumption is 

based on the average aluminum content in Zorba (~65%, [17, 19]) and estimates regarding how 

much is exported annually (50-75% of what is produced, [2]).  
 

Sorting Efficiency and Sorting System Implementation Rate 

Laser-induced breakdown spectroscopy (LIBS) is the most practical sorting solution to upcycle 

aluminum scrap mixtures. Therefore, we incorporate this ISS into our dMFA. Weight-based 

recovery efficiency values have been quantified for this upcycling technology in Manuscript 3 of 

this thesis. The results of this evaluation are reintroduced in Table XXXI. 
 

We have also identified the most likely locations for any incorrect sorts (i.e., false ejection) and 

other alloy types. The entire sorting criteria is shown in Appendix A. Fig. 37 visually displays 

these false ejections. Each aluminum resource on the y-axis is distributed to a compositional bin 

on the x-axis. The bin recovery value is computed by dividing the total amount of targeted material 

collected by the amount of that same material in the input scrap stream.  
 

LIBS ISS are not actively used in the US today. Nonetheless, we recognize that they will become 

an enabling technology for the auto-Al recycling industry in years to come. Therefore we estimated 

an initial 5% installation in 2019 and applied different percent growth rates to this baseline. This 

hypothetical exercise was designed to show the need for upcycling technology even if international 

trade relations are maintained. In this scenario, we hold the Zorba transfer coefficient constant at 

45%, but through use of sensitivity analysis, we display the ranging effect that this parameter has 

when the 45% export allocation is not used.  
 

Table XXXI: Bin Recovery of Twitch Sort using LIBS ISS. 

 Bin 1: 6000-series Bin 2: 5000-series Bin 3: Low-Cu cast Bin 4: High-Cu cast (reject) Overall 

Bin Recovery 77 ± 7% 74 ± 1% 80 ± 1% 95 ± 9% 84 ± 5% 
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Fig. 40: Material collection and false ejection evaluation of LIBS ISS.



 

122 

 

4.3.5 Scenario Descriptions 

Scenario 1 (S1) is the baseline for this dMFA analysis. Identifying the optimal implementation 

rate for LIBS ISS is one of the primary goals of this study. S1 is used to frame the evaluation of 

this implementation rate by only allowing the LIBS rate itself to vary. Scenario 2 investigates the 

effect of increased dismantling on the auto-shred recycling efforts (S2).  Scenario 3 (S3) removes 

the Zorba export constraint and evaluates the impact of cPc on the amount of scrap required to be 

exported or used outside the auto-industry overtime. Scenario 4 (S4) incorporates the effect of EVs 

on the transport market especially as it relates to the decrease in cast and increase in wrought 

aluminum available for EOL processing. 

 

Table XXXII: Scenario Descriptions. 

Scenario Description 

S1 

Baseline scenario: includes baseline dismantling, 5% annual implementation rate 

of LIBS ISS starting at 5% market coverage in 2019, assumes 45% of sortable 

auto-shred aluminum is exported with Zorba, assumes 25% of auto-shred 

aluminum is size-limited 

S2 

High dismantling scenario: includes high dismantling rate, 5% annual 

implementation rate of LIBS ISS starting at 5% market coverage in 2019, assumes 

45% of sortable auto-shred aluminum is exported with Zorba, assumes 25% of 

auto-shred aluminum is size-limited 

S3 

Zorba export removal: Removes the Zorba export coefficient to evaluate when 

export would be required as determined by the model. This scenario is framed by 

S1 

S4 

Electric Vehicles: Using the baseline S1, the effect of EVs is investigated by 

altering the projections of aluminum content in auto-components as estimated in 

Appendix A. In summary, this scenario explores reduced engine and transmission 

weight due to the transition to battery powered vehicles along with increasing sheet 

aluminum content to reduce the weight of EVs even further than other car segments 

as required by the clean driveline technology  
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4.4 Results and Discussion 

4.4.1 ISS Implementation Rate 

Fig. 41 displays the sensitivity of the export flow to the LIBS implementation rate. The top plot 

considers the Zorba allocation to international trade and the bottom does not. The baseline case, 

5% installation with 5% annual growth, is represented by the black curve. The upper curve, 0% 

implementation, shows the highest export possible directly related to this input parameter with and 

without pre-allocated Zorba export. Regardless of Zorba export scenario, 0% implementation of 

LIBS when approaching a 0.8 cPc, will result in a surplus of 3.5 Mt in the year 2050. 

 
Fig. 41: Sensitivity of auto-shred aluminum export to LIBS implementation rate – with Zorba 

export (top), without Zorba export (bottom). 

Various implementation rates were investigated to identify how quickly these systems must be 

incorporated into the recycling loop for auto-aluminum to prevent additional scrap export beyond 

the allocated Zorba (45% sortable baseline). Table XXXIII shows the effect of this 
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implementation rate. This test scenario assumes baseline dismantling (i.e., only wheels are 

dismantled and form a separate scrap stream). The onset of additional export for the lowest 

implementation rate, 2.5%, occurs in 2041 at a market coverage (i.e., what percent of the available 

Twitch is sorted) of 9%. For the 5% implementation rate, in 2042, 15% of the Twitch was sorted. 

However, a surplus still developed. When starting at a 5% installation of this technology in the 

year 2019, an implementation rate between 8.8 – 9% is required to prevent the need for additional 

trade options. Fig. 42 shows the results from 4 iterations: 2.5%, 5%, 7.5%, and 8.8%, and the 

corresponding decrease in non-Zorba auto-shred export. Non-Zorba refers to auto-shred export 

that exceeds the pre-allocated 45% of sortable fraction. The recent increase in auto-aluminum 

consumption will require an additional international trade or domestic consumption pathways be 

identified. This model assumes maximum domestic utilization in a closed-loop fashion back to the 

automotive industry and even with LIBS ISS upgrading auto-shred scrap surpluses still form. 

 

Table XXXIII: Effect of Implementation Rate Scenarios for the LIBS ISS on Export 

Requirements. 

Implementation rate 

Additional Export 

Required 

(year: market 

coverage) 

2.5% 2041: 9% 

5% 2042: 15% 

7.5% 2044: 30% 

8% 2045: 37% 

8.8% 2047: 53% 

9% -- 

10% -- 

 
Fig. 42: Effect of LIBS implementation rate on export of non-Zorba scrap automotive aluminum. 
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4.4.2 Scenario 1: Baseline Dismantling 

Auto-shred aluminum will become purer due to increased wrought and decreased cast content in 

passenger vehicles. Bulk Twitch requires significant alloying or dilution to be used as a scrap 

resource to form secondary cast alloys as highlighted in Table XXXIV. Secondary smelters in 

the US efficiently blend many raw materials to produce these alloys. However, limited value is 

created with this downcycling procedure. Expansion to the production of secondary wrought 

alloys and a broadened cast alloy spectrum will be necessary to meet the growing demand for 

aluminum sheet and body components. 

 

Table XXXIV: Bulk Twitch Composition Compared to Secondary Cast Alloys. 

Twitch 

Processor 
Si Fe Cu Mn Mg Zn 

Site A 
3.8 ± 

0.75% 

0.62 ± 

0.11% 

1.2 ± 

0.34% 

0.22 ± 

0.05% 

1.9 ± 

1.2% 

0.95 ± 

0.38% 

Site B 
4.8 ± 

0.94% 

0.68 ± 

0.06% 

1.4 ± 

0.36% 

0.23 ± 

0.05% 

1.9 ± 

0.54% 

1.0 ± 

0.41% 

319 5.5 - 6.5% 0 - 1% 3 - 4% 0 - 0.5% 0 - 1% 0 - 1% 

380 7.5 - 9.5% 0 - 2% 2 - 4% 0 - 0.5% 0 - 1% 0 - 3% 

 

Impurity accumulation results from shredding aluminum with other post-consumer products and 

other metals and material types within auto-hulks. The major bulk contaminants include iron as 

previously investigated [16] and Mg, which is considered here.  If bulk Mg content and the 5000-

wrought series mitigated from the low-Mg aluminum alloys, demagging (i.e., magnesium removal, 

melt refining technique) must be employed. Due to the calibrated Mg content, which is 

representative of Twitch today, and by disallowing demagging, a significant amount of additional 

scrap requires export along with the baseline Zorba content as shown in Fig. 43. 

 

Fig. 43: Export results when demagging is not included in blending. 
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Fig. 44 shows the compositional trend for the baseline scenario for aluminum (Al), silicon (Si), 

copper (Cu) and magnesium (Mg). Si and Cu are significantly diluted due to the added wrought 

content. In this dismantling scenario only aluminum wheels are being removed, therefore the added 

sheet is shredded leading to a decrease in Si content from 5.1% to 3.3% and Cu from 1.6% to 

0.63%. Perhaps more valuable is the data presented in Fig. 45 as this shows the trend in major 

alloying concentrations for the four sorted bins: 5000-series, 6000-series, low-Cu cast, and high-

Cu cast.  

 

 
Fig. 44: Change in Twitch bulk composition from 2000 – 2050 –baseline scenario (S1). 

To show the how the bin compositions change from 2000 through 2050 sorting was employed for 

all model years keeping all other parameters constant for scenario 1. The Mg content in the 5000-

series bin increases from the calibrated ~2% bulk magnesium to approximately 2.3% by the year 

2050. This resulting Mg concentration is just below the alloy specifications for 5454 (2.4 – 3.0%) 

and 5754 (2.6 – 3.6%). The decrease in Mg content in the 6000-series bin is due to 6111 and 6022 

entering the shred mix and diluting the alloyed Mg content within the 6061 scrap which dominates 

the bin chemistry until 2030. The increased amount of 6111 also causes the Cu content in the bin 

to increase (6111: 0.5-0.9% vs. 6061: 0.15-0.4%). The bulk silicon in this bin approaches the upper 

limit for 6061, the middle of the specification range for 6111, and the lower limit for 6022.  
 

The Cu concentration in the low-Cu bin is higher than the desired 0.25% for all years modeled. 

The “wave” in the middle of the plot is directly related to the sensitivity of the Cu content to falsely 

ejected high-Cu cast. However, in 2030 when aluminum sheet starts reaching end-of-life at high 

rates, 1% percent of all 6000-series alloys begin to offset this impurity accumulation caused by the 

high Cu-content. This is governed by the sorting inefficiencies modeled here, which are shown in 
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Appendix A. This dilution results in the linear trend towards 0.34% Cu in 2050 for this low-Cu 

bin. The Si and Cu content in the high-Cu bin are both diluted due to the 24% 5000-series and 10% 

6000-series that are also collected within this bin. For Si, 20% dilution is realized and for Cu, 27% 

when comparing the 2000 and 2050 values. Nonetheless, the final composition for the high-Cu 

cast bin requires less alloying than Twitch does today to produce secondary cast alloys.  

 

Fig. 45: Sorted bin compositions. 

4.4.3 Scenario 2: High Dismantling 

A comparison can be made between S1 and S2 as the only input parameter that changed was the 

dismantling estimation; S1 – baseline and S2 – high dismantling (Table XXXV). The significant 

reduction in Cu content over the years modeled proves further the need for alternate recycling 

solutions. Alloying over 1% Cu to form a low value secondary cast alloy does not make economic 

sense. The increase in engine and transmission components caused a 39% and 46% dilution of Si 

and Cu content, respectively, when comparing 2020 to 2050 bulk Twitch compositions for 

Scenario 2. Scenario 1, baseline dismantling, resulted in slightly lower amounts of dilution; 35% 
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and 1%, respectively. This proves that even in the year 2050, increased cast component 

dismantling has a more significant effect on bulk Twitch composition. 
 

Table XXXV: Dismantling scenario effect on composition. 

Scenario Al Si Fe Cu Mn Mg Zn 

S1 (2020) 89% 5.1% 0.61% 1.6% 0.25% 1.9% 1.0% 

S2 (2020) 90% 4.9% 0.58% 1.4% 0.22% 1.9% 0.93% 

S1 (2050) 91% 3.3% 0.63% 0.94% 0.25% 2.2% 1.0% 

S2 (2050) 92% 3.0% 0.59% 0.76% 0.22% 2.3% 0.95% 
 

If high dismantling becomes standard, the export of additional auto-shred aluminum, beyond what 

is assumed to be exported in Zorba, will not be required until 2048, accumulating to 0.16 Mt by 

2050. By maintaining the baseline dismantling scenario, which may be a significant 

underestimation of the scrap aluminum collected by dismantling operators today, a surplus will be 

realized in 2041. 
 

4.4.4 Scenario 3: Removal of Zorba Export Requirement 

The aforementioned scenarios have all used the baseline cPc which regresses to 0.8 in 2050. Using 

that same parameter and the baseline S1 but without the Zorba export consideration, a scrap surplus 

develops in 2030. This surplus, however, does not extend past the 45% of sortable Zorba until 

2048.  When the low cPc parameter is used, a surplus starts to accumulate in 2045 growing to 0.8 

Mt by the year 2050 even with 100% LIBS implementation from 2019 onward. As vehicles reach 

EOL and there is less demand for scrap by the automotive sector, even if optimally upcycled, then 

export is the only option. Export here can refer the need for domestic or foreign trade partners, just 

simply outside of the automotive industry. 
 

4.4.5 Scenario 4: Electric Vehicles 

As electric vehicles gain wide spread adoption the composition of auto-shred aluminum will 

approach the wrought-end of the purity spectrum even more so. Table XXXVI displays the 

aluminum purity and alloying levels in Twitch as AIVs and EVs continue to reach EOL. As shown 

before, Si and Cu decrease restricting their use in forming high alloy secondary cast without 
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alloying or dilution of the Mg content.  Supplemental figures for this scenario analysis can be 

found in Appendix A. 
 

Table XXXVI: EVs Effect on Auto-shred Composition. 

Scenario Al Si Fe Cu Mn Mg Zn 

S4 (2020) 90% 5.1% 0.61% 1.5% 0.24% 1.9% 0.99% 

S4 (2030) 90% 4.6% 0.60% 1.4% 0.23% 2.0% 0.99% 

S4 (2040) 91% 3.7% 0.61% 1.0% 0.24% 2.2% 0.99% 

S4 (2050) 92% 2.9% 0.63% 0.82% 0.26% 2.3% 1.0% 
 

4.4.6 Broadening the Secondary Alloy Spectrum 

Identifying additional trade opportunities for aluminum scrap is critical. A simple example here 

shows the auto-alloy demand in the year 2050. The plot on the left is BAU as highlighted by the 

significant amount of old scrap used in forming 380/319. In this scenario, sorting was not 

incorporated thus all of the material flow from P7 was upgraded to Twitch for the duration of the 

modeled time period. On the right, using the 5% implementation rate, LIBS units were estimated 

to process 22% of the available Twitch by 2050. Secondary 319’s old scrap consumption decreased 

as less Twitch was available, however, 6111, the most demanded wrought alloy, was produced 

using approximately 40% old scrap. This is an example of upcycling, one that must be identified 

and practiced to maintain sustainable consumption of aluminum and its alloys.  

 

Table XXXVII presents the comparison between the uses of Twitch to meet auto-alloy demand 

in 2019 based on the temporal characterization of Twitch versus the scenario-based analysis 

investigated using dMFA. A significant reduction in the use of Twitch to form cast 360 and B390 

in 2050 is observed compared to the values estimated for 2019. In contrast, there is an observable 

increase in consumption of Twitch generated in the high dismantling scenario for 5000-series and 

6061 and a decrease for 6016. This could be due to the increase in Mg-content in Twitch or the 

increase in Cu-content as a result of heightened 6111 production. This is supported by the 12.1% 

consumption of highly dismantled Twitch to form 6111 in the year 2050. 
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Fig. 46: Primary vs. secondary share of aluminum production: BAU (left) and scenario 2 – high dismantling (right). 

Table XXXVII: Twitch Consumption in 2019 vs. 2050. 

 5005A 5454 5754 6016 6061 6063 6082 6111 7004 308 319 383 A360.0 B380.0 B390.0 

Twitch  

(Site A-2019) 
-- -- -- -- -- -- -- 

5.4% 
-- -- -- -- -- -- 54.5% 

Twitch  

(Site B-2019) 
-- 1.8% 2.9% 5.1% 3.4% -- -- 

-- 
-- -- -- -- 44.6% -- -- 

Twitch (baseline) -- -- -- -- -- -- -- -- -- -- -- -- -- -- 18.3% 

Twitch (high) -- 2.3% 5.6% 1.1% 4.1% -- -- 12.1% -- -- -- -- 8.1% -- -- 
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4.5 Conclusions and Implications 

The dMFA model designed by [16] has been adapted to represent the US aluminum production 

industry. This material flow analysis combined with a blending algorithm has proven to be a robust 

tool that can be used to estimate future auto-shred compositions and supply/demand relationships 

at any spatial resolution (i.e. global, regional, etc.). In this work, its flexibility has enabled 

knowledge-creation at the regional scale which will be presented to the decision makers of the 

recycling industry in the US.  
 

We have highlighted the need for a transition away from BAU towards a circular platform, one 

that emphasizes value creation through upcycling and waste minimization. To reach this paradigm, 

dismantlers and scrap processors must jointly contribute to auto-aluminum scrap collection and 

upgrading at EOL to limit waste creation (i.e. scrap surplus). Perhaps, this is how it should be 

presented to the industry: The highly-valued aluminum auto-shred of today will become a waste 

stream if BAU continues.  
 

Current downcycling practice will become unsustainable by 2042 which includes the safe 

assumption that 45% of all sortable auto-shred generated in the US can find a home in the 

international trade market. When this Zorba export assumption was removed from the model in 

scenario 3, surplus forms in 2029. We cannot accurately predict the future of the foreign 

commodity market but indications show our current trade relationships may soon become obsolete. 

Aluminum scrap trade with China has decreased by about 8% annually over that past 4-years [32]. 

To take control of the US scrap commodity market, it is clear that a new recycling standard must 

be defined proactively so there is not such high reliance on exportation in the future. 

Commercially-viable intelligent sorting systems must become the new standard for scrap 

processing in the US. As shown, the implementation of LIBS ISS affects the amount of unusable 

scrap that forms and when.  
 

AIVs will purify shredded aluminum scrap streams creating another opportunity to shift the 

recycling paradigm. The development of trade relationships with aluminum mills for secondary 

wrought production is key to the sustainable consumption of auto-shred. With a growing share of 

EVs on the road, further purification of scrap aluminum will be realized as they contain even more 

wrought sheet and limited amounts of cast aluminum. This pure input stream dilutes Cu and Si 

more so than scenario 2 as defined herein. The Mg-alloys that mix with aluminum auto-shred, in 

addition to the increasing amount of 5000-series, must be accounted for as this impurity limits 

recyclability for some alloys. When demagging is restricted in this model, the amount of non-

Zorba auto-shred exported was equivalent to the amount of Zorba exported. In summary, this 

dynamic material flow model, paired with a blending optimization technique, has extraordinary 

analytical power as proven by the results discussed. As more accurate data becomes available, and 

dismantlers and scrap processors identify a restructured recycling system, this dMFA protocol will 

gain usefulness and accuracy which will enable use of this tool to guide the recycling industry 

towards a circular economy framework.   
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4.7 Appendix A: dMFA framework and assumptions 

This appendix discusses the inner workings of the dMFA model that has been built upon from 

Modaresi et al. [1] to Lovik et al. [2], now, to this study. The governing flow diagram is 

reintroduced in Fig. A 1 for convenience. Each parameter, flow value, and stock will be discussed 

in detail. A discussion about the blending model will conclude this appendix within which the 

future plans to convert the current simplex-based model to the dual-simplex algorithm will be 

presented as the latter is now default in MATLAB®.  

Flows beginning with L and E are loss and export flows, respectively.  L20 is loss that results 

during alloy production and is one minus the melt recovery efficiency which is set to equal 92% 

as determined in [3]. The export flow E40 represents the additional vehicles produced by the US 

that are exported but must be considered in this demand-driven model. An export rate (ER) is 

defined to represent this value and is set equal to 1.8 as 45% of the cars produced in the US are 

estimated to be exported annually [4].  L50 is the one less the collection rate of vehicles at EOL 

which is set at 98% [3].  X07O is the scrap aluminum content that is shredded with ELVs from 

other industrial sectors. This value was determined by an iterative calibration using known alloy 

distribution data for Zorba and Twitch mixtures determined in [5].  X07C is the impurity 

accumulation flow as previously defined by [2] but tailored to the empirically determined bulk 

composition from our evaluation of Twitch overtime (Manuscript 3). It was especially critical to 

ensure the magnesium content in the Twitch approached 2 wt. % as proven by our study and 

referred to in literature [6].   L70 is a loss flow due lack of aluminum collection during shredding 

and Zorba production, which is estimated to be 95% as discussed in Manuscript 3.  X71Z and 

X71S are the Zorba and size-limited fractions, respectively, which are directly allocated to the raw 

material market using the transfer coefficients introduced here. This is required since Zorba that is 

not upgraded to Twitch is exported and ISS are limited to processing scrap particle sizes greater 

than 25 mm as experienced in our ISS characterization and mentioned here [7]. The remaining 

auto-shred is delivered to Twitch production, X78. This flow variable is distributed further 

according to the ISS implementation scenario, which is a time-dependent transfer coefficient. The 

remaining auto-shred is intelligently sorted and processed based on the sorting system capabilities 

determined in the previous chapter and reintroduced in Table A IV and extended to the 1xxx, 

3xxx, 4xxx, and 7xxx series. 
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Fig. A 1: Automotive Aluminum Flow in the United States. 
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4.7.1 Definition of terms 

Table A I: Parameter and Variable Definitions. 

Symbols 
Parameter/Variable 

Type 
Description 

t Model dimension This is the time variable; 1-151, i.e. 1900 – 2050 

v Model dimension 
This is the car vintage variable (i.e. model year/cohort year); 

1-151, i.e. 1900 - 2050 

c Model dimension Component/component systems, 1-13 

r Model dimension Raw material resource list, 1-106 

a Model dimension Aluminum alloy, 1-25 

e Model dimension Alloying elements, 1-10 

P1 Process 

Process 1, the commodity market. Available resources flow 

to this process upon reaching end of life and the blending 

model decides which to blend to meet the demand for the 

following year 

P2 Process 
Process 2, is alloy production for blending, refining, and 

dilution as needed to form aluminum alloys 

P3 Process 
Process 3, auto-component manufacturing for vehicle 

assembly 

P4 Process 

Process 4, vehicle assembly. Only one segment is considered 

in this model as governed by thee weighted average data 

provided by Ducker [8]. An export flow is considered here to 

appropriately account for the 45% market share that exports 

account for in the automotive industry. 

P5 Process 

Process 5, use. This process is the useful life of the vehicle 

within which a stock develops and is mandated by a normal 

lifetime distribution 

P6 Process 

Process 6, ELVs enter into the recycling system at this point 

beginning with dismantling. Component dismantling is the 

first opportunity to recovered aluminum after useful life. This 

process is used in the scenario analysis 

P7 Process 

Process 7, Shredding and Zorba production. This 

encompasses size reduction through eddy-current separation, 

or up until the moment when Twitch is produced. This 

distinction is made because not all Zorba is used to produce 

Twitch in the USA, and the majority is exported. 

P8 Process 

Process 8, Twitch production. Density separation techniques 

are used to upgrade Zorba into Twitch and Zebra. This is the 

aluminum auto-shred available for upgrading in the US as 

Zorba is allocated to the international trade market. 

P9 Process 

Process 9, intelligent sorting is the final processing step 

considered in this model. This is strategically separated as 

well to identify such techniques individual effect on model 
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variables and how implementation rate can affect export and 

compositional upgrades 

P Model Parameter US Population, used to develop vehicle stock 

cPc Model Parameter 
Cars per capita, used with population to generate vehicle 

stock 

 Model Parameter Average vehicle lifetime, used in normal distribution 

 Model Parameter Standard deviation of vehicle life 

V -- 
Coefficient used in Equation 3 to restrict the lower-tail of the 

distribution to prevent negative 

O Flow variable 
Output flow from use phase, as dictated by the normal 

lifetime distribution.  

I Flow variable  
Input flow to account for previous year’s output governed by 

stock change 

S5 Stock This is the stock developed in the use phase. 

∆S5 Stock change 
The annual change in stock is the known data calculated by 

using P and cPc that drives this stock-driven model.  

RE 
Coefficient 

Parameter 
Recovery efficiency after melting, 92% 

ER 
Coefficient 

Parameter 
Export ratio to account for such manufacturing in the US, 1.8 

CR 
Coefficient 

Parameter 
ELV collection rate to enter recycling industry, 98% 

MR 
Coefficient 

Parameter 

Material collection rate of aluminum from ELVs prior to for 

re-melt and blending 

OS 
Coefficient 

Parameter 

This is the other scrap coefficient that is set to 25% to 

represent the flow of other consumer durables into the 

shredder with other ELVs, thus when multiplied by X67(t, a, 

e) this flow represents 1/5 of the shedder feedstock  

X01 Flow Variable 
Flow of primary raw material resources from outside of 

boundary to commodity market to meet alloy demand 

X12 Flow Variable 
Flow of selected raw material resources for blending at alloy 

production 

X23 Flow Variable 
Flow of semi-products to be formed into automotive 

components. 

X35 Flow Variable 
Flow of automotive components directly in to use to maintain 

in-use vehicles (not used here) 

X45 Flow Variable Flow of automotive components for vehicle assembly. 

X56 Flow Variable 
Flow of vehicles to recycling industry for material collection 

and recovery. 

X61 Flow Variable 
Flow of dismantled components to raw material market for 

charging directly into a melt for recycling. 

X67 Flow Variable 
Flow of the remaining auto components sent to shredding and 

Zorba production 

X07C Flow Variable Flow of contaminates into the shredder along with the ELVs 
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X07O Flow Variable Flow of other industrial scrap ton the shredder with ELVs 

X71S Flow Variable 

Size-limited material flow that cannot be upgraded further 

and is therefore delivered directly to the commodity market 

for blending 

X71Z Flow Variable 

Zorba auto-shred delivered directly to commodity market for 

international trade. Directly and complete contributed to 

export flow 

X78 Flow Variable 
Flow of Zorba to Twitch production as determined by a 

transfer coefficient 

X81 Flow Variable Flow of Twitch to raw commodity market in bulk form 

X89 Flow Variable 
Flow of Twitch to an intelligent sorting process to upgraded 

by alloy family/series 

X91 Flow Variable 

Flow of upgraded sorts to the raw material market by alloy 

family/alloy-series bins ( 

Table) 

L20 Flow Variable Loss flow resulting from melt loss 

L50 Flow Variable Loss flow resulting from insufficient vehicle collection 

L70 Flow Variable 
Loss flow resulting from incorrectly sorted or inadequately 

collected aluminum at scrap processing site 

E40 Flow Variable Export of manufactured vehicles outside of the US boundary 

E10 Flow Variable Export of scrap commodities not utilized in blending program 

T1 
Transfer 

Coefficient 

Based on the dismantling scenario, the components that skip 

shredding are decided here 

T2 
Transfer 

Coefficient 

Size-limited coefficient that restricts the further upgrade of 

25% of Twitch due to size-restrictions 

T3a 
Transfer 

Coefficient 

Assumed percentage of aluminum to be annually exported in 

Zorba 

T3b 
Transfer 

Coefficient 

Scenario that reduced the amount of Zorba exported by 5% 

annually from 2020 onward (not used here) 

T4 
Transfer 

Coefficient 

Implementation rate of LIBS sorting systems dictated by a 

transfer coefficient that allocates a predefined amount of 

scrap to this process 

 

4.7.2 Mathematical Description of the dMFA Model 

The flows through the aluminum industry have been calculated in MATLAB® through use of the 

model developed in a previous study [2]. This original program has been altered to reflect the 

automotive aluminum recycling industry in the US today. Adjustments include the influence of 

aluminum auto-shred export from the US, modifications of the original sorting scenarios to include 

various pre-programmed, and dismantling of components into separate scrap streams that do not 

require shredding. This adjusted model does not consider individual vehicle segments due to the 

limitations of what data was available. The weighted-average component values from [8] were 

used and scenarios were designed related to these consumption projections. If the effect of EVs 

was under evaluation, the component weights beyond 2028 shown in Fig. A 3 were used. 
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4.7.3 Mass Balance Equations 

Here we summarize the mass balance equations that are used to ensure the resulting flows in and 

out of each process are be accurately computed. The variables correspond to the flow variables 

used in Fig. A 1 and described in Table A I. The equations are numbered to the left. These mass 

balance are described in Equations 1 – 9. 

 

P1: Commodity Market: 

1. 𝑋01 + 𝑋61 + 𝑋71𝑆 + 𝑋71𝑍 + 𝑋81 + 𝑋91 − 𝑋12 − 𝐸10 = 0 

 

P2: Alloy Blending: 

2. 𝑋12 − 𝑋23 − 𝐿20 = 0 

 

P3: Auto-part Manufacturing: 

3. 𝑋23 − 𝑋35 − 𝑋34 = 0 

 

P4: Passenger Vehicles Assembly: 

4. 𝑋34 − 𝑋45 − 𝐸40 = 0 

 

P5: Use: 

5. 𝑋35 + 𝑋45 − 𝑋56 − 𝑆𝑡𝑜𝑐𝑘(5) −  𝐿50 = 0 

 

P6: Dismantling: 

6. 𝑋56 − 𝑋67 − 𝑋61 = 0 

 

P7: Shredding & Zorba Production: 

7. 𝑋67𝑥 + 𝑋07𝐶 − 𝑋71𝑆 − 𝑋71𝑍 − 𝑋78 − 𝐿70 = 0  

 

P8: Twitch Production: 

8. 𝑋78 − 𝑋81 − 𝑋89 = 0  

 

P9: Intelligent Sorting Production: 

9. 𝑋89 − 𝑋91 = 0  

4.7.4 Transfer Coefficients 

Coefficients are parameters used to dictate the material flow through a modeled system. Here, we 

define transfer coefficients to direct the material flows within the auto-aluminum recycling 

industry. The first instance is the melt loss that results from alloy blending which is set to 92% for 

all elements as determined by our previous study [9]. Due to the additional demand added for 

export vehicles, a transfer coefficient was defined to for P4 (E40) to prevent this added material 

from reach P5.  Dismantling, Zorba production, and intelligent sorting scenarios used transfer 

coefficients as well to distribute material flow accordingly from P6 through P9 including flows to 

the commodity market (P1). The first coefficient (T1, Equation 10) allocates the components that 

reach (EOL) in a given year directly to the commodity market as controlled by the preset 
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dismantling scenario, skipping shredding, and one less this value is flow X67, the components 

delivered to shredding operations. 

 

10. 𝑇1(𝑐) =
𝑋61(𝑐)

𝑋56(𝑐)
 for c = 1,…,13  

 

The second transfer coefficient, T2 (Equation 11), extracts 25% of the shredded material to the 

free market as a size-limited fraction based on previous work and current particle size limitations 

for intelligent sorting systems [7]. 

 

11. 𝑇2 = 0.25 

 

After this initial reduction, the Zorba production scenario is executed to distinguish between the 

aluminum auto-shred that remains in Zorba and is exported and the fraction that is used for 

consumption in the US. This value is very challenging to quantify using traditional data bases (i.e., 

United States Geological Survey, US International Trade Commission, etc.) due to lack of 

specificity and consistency when it comes to aluminum scrap form designation. According to [10], 

approximately 50-75% of the Zorba produced in the US is exported and this value is confirmed   

and it is well known that the remainder is upgraded to Twitch. From a previous study conducted 

by the authors [5], the aluminum content in Zorba is anywhere from 40 – 80% by weight. Hence, 

to estimate the amount of aluminum auto-shred consumed annually a baseline export rate of 45% 

of sortable scrap was used. Two scenarios were generated from this value, the first holds this value 

constant based on the assumption that once current trade partners (i.e. China) become net-scrap 

producers that similar outlets will be identified for this same scrap flow within the temporal bounds 

of this model (i.e. India, Latin America, Africa) (T3a, Equation 12). The second scenario uses a 

5% annual reduction in this export flow from 2020 onward which is an assumed value based on 

the decreasing trend in international scrap aluminum trade from the US in recent years as shown 

in Table A II (T3b, Equation 13).  

 

Table A II: Scrap Aluminum Export Trend from 2011 to 2015 [11]. 

Year Scrap Export (‘000 MT) Annual Percent Decrease 

2011 2,140 -- 

2012 2,040 -5% 

2013 1,870 -8% 

2014 1,720 -8% 

2015 1,550 -10% 

 

 

12. 𝑇3𝑎 = 0.45 

13. 𝑇3𝑏(𝑡) = 0.95 ∗ 𝑇3𝑏(𝑡 − 1)  for t = 2020 to 2050 

 

One less either T3a or T3b is the amount of Zorba used to produce Twitch which develops flow 

X78. This flow value is distributed based upon the LIBS implementation rate in place. As it 

currently stands, intelligent sorting is not and has not been practiced, hence, pre-2019 this 

coefficient is always set to 0 and therefore 100% of flow X78 is used to produce Twitch (X81). 
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Thereafter the sorting coefficient, if not set to zero throughout the time boundary, is calculated 

using Equation 14 and Equation 15 define the sorting system implementation rate (T4). i the 

initial implementation value (i.e. installation).  Various growth rates are used to identify the need 

of LIBS ISS. The baseline implementation uses an annual percentage growth of 5% to increase 

from the initial 0.05 value. This rate dictates how much of the X78 flow is to be sorted (X89).     

 

14. 𝑇4(2019) =   𝑖   where i is set based on scenario 

15. 𝑇4(𝑡) =   𝑇4(𝑡 − 1) ∗ (1 + 𝑟) for t = 2020 to 2050, where r is scenario-based 

 

As in the previous work, a stock-driven model was designed to quantify the number of vehicles 

that flow into use (input) from each vintage year (i.e. model year) and are retired (output) to be 

processed by the recycling industry. The stock-cohort matrix drives the model as governed by a 

cumulative normal lifetime distribution for vehicles as previously proven most feasible for 

passenger vehicles [12]. The sensitivity of average vehicle lifetime has been proven critical in 

previous studies [13, 14].  The sensitivity of this parameter on the export indicator has been 

evaluated. Equations 16 – 37 are the mathematical representation of the developed model [2].  

 

The stock of vehicles in use annually is calculated using Equation 16 population multiplied by 

cars-per-capita (cPc). 

 

16. 𝑺𝟓(𝒕) = 𝑷(𝒕) ∙ 𝒄𝑷𝒄(𝒕)     

 

The change in stock (∆𝐒𝟓) is simply the difference in stock of the current year being analyzed 

minus the stock from the previous year (Equation 17).    

 

17. ∆𝑺𝟓(𝒕) = 𝑺𝟓(𝒕) − 𝑺𝟓(𝒕 − 𝟏)     

 

The vehicles that reach end-of-life (EOL) annually make up the outflow (O) from the use (P5) and 

this amount is a function of the scrap processing year (t) and car vintage year (v). Equation 18 is 

the normal probability function that is used to determine this amount on an annual basis [12]. This 

equation uses the average lifetime of a vehicle and the respective standard deviation on this average 

(λ and σ, respectively) along with V which is a factor that is slightly larger than 1 to ensure the 

lower tail of the distribution is cut off at 0 so the number of vehicles that reach EOL appropriately 

sums to the original input of that cohort to P5. The flow of vehicles form passenger vehicle 

manufacturing (P4) into use (P5) for a given vintage (v) is represented by X45. 

 

18. 𝑶(𝒕, 𝒗) =  𝑿𝟒𝟓 (𝒗) ∙
𝑽

√𝟐𝝅𝝈
𝒆𝒙𝒑 (

−(𝒕−𝒗−𝝀)𝟐

𝟐𝝈𝟐 ) 

 

Before entering the end-of-life vehicle (ELV) recycling industry, the product collection rate (CR) 

coefficient is used to account for the vehicles that go uncollected at EOL. The CR value used in 

this study in 98% as this value has been proven feasible by previous studies conducted by the 

authors [3].  Equation 19 is the mathematical representation of this consideration.  

 

19. 𝑿𝟓𝟔(𝒕, 𝒗) = 𝑶(𝒕, 𝒗) ∙ 𝑪𝑹 
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The inflow of vehicles to P5 in year 1 (1900) is assumed to equate to the stock of that given year 

governed by Equation 16. This inflow for all other years is calculated using Equation 20. This is 

explicitly where the robustness of stock-driven models is proven. The input for each year fluctuates 

based on the developed stock for that year minus the stock of previous year and serves as a balance 

depending on how many vehicles have reached EOL based on the normal lifetime distribution.   

 

20. 𝑿𝟒𝟓(𝒕) = ∆𝑺𝟓(𝒕) + ∑ 𝑶(𝒕, 𝒗)𝒗<𝒕  

 

Each level of granularity is accounted for during the inflow to P5. Only one weighted-average 

value is used for the aluminum content in vehicles, thus this model does not distribute into multiple 

segments. Additionally, prior to use, the export of vehicles from the US is considered. Fig. A 2 

shows how this value has fluctuated with time. For simplicity, the assumption is made herein that 

the export of vehicles accounts for 45% of production in the US thus an export coefficient (ER = 

1.8) is applied annually [15, 16]. Export must be considered in regionally bounded dMFA studies 

but such data are usually very difficult to find or quantify empirically. The aluminum content in 

these exported vehicles is assumed to be the same as the vehicles that remain in the US. 

Additionally, any vehicles that are imported (~20% of fleet, [17]) are assumed to contain the same 

amount of aluminum as those produced in the US. Equation 21 incorporates the production of 

additional components to meet the export demand (CW = aluminum weight per component). The 

alloy level flow is calculated using Equation 22 (AD = alloy-distribution matrix for each 

component/system of components, Table A III).   

 

21. 𝑿𝟑𝟒(𝒕, 𝒄) = 𝑿𝟒𝟓(𝒕) ∙ 𝑪𝑾(𝒕, 𝒄) ∙ 𝑬𝑹 

 

22. 𝑿𝟐𝟑(𝒕, 𝒄, 𝒂) = 𝑿𝟑𝟒(𝒕, 𝒄) ∙ 𝑨𝑫 

 

P4, passenger vehicle manufacturing, takes in the automotive components, assembles vehicles and 

delivers them to use within or outside the boundaries defined herein. The normal life time 

distribution determines when in-use vehicles reach end-of-life, as represented by X56. These 

distributions hold true at EOL such that the various component level flows can be populated. 

Equation 23 is used to represent this, X56 has been defined above in Equation 19 to account for 

dismantling. Any components that are dismantled are assumed to form individual scrap streams 

similar to the authors (Løvik and Müller). However, only components that will not require 

shredding for liberation purposes are considered. In other words, engine assemblies may be 

dismantled in practice, however, when these reused engines finally meet EOL, the assumption is 

made that they will be shredded with their respective ELV.  Aluminum alloy wheels, bumpers, 

and closure sheet will be assumed to form their own scrap streams in various scenarios as these 

components usually exist as single-alloy components and can remain this way if dismantled 

appropriately, which is assumed to be practiced at various degrees within. As we are now 

approaching the raw material market, we need to unpack the elemental content of each flow which 

is accounted for by understanding the alloy demand for the next model year and incorporating 

within that the ER factor for exported vehicles. T1(c) is governed by the dismantling scenario in 

place.  

23. 𝑿𝟔𝟏(𝒕, 𝒄, 𝒂) = 𝑿𝟓𝟔(𝒕, 𝒄, 𝒂) ∗ 𝑻𝟏(𝒄) 
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24. 𝑿𝟔𝟏(𝒕, 𝒄, 𝒂, 𝒆) = 𝑿𝟔𝟏(𝒕, 𝒄, 𝒂) ∗  𝑿𝟐𝟑(𝒄, 𝒂, 𝒆) 

25. 𝑿𝟔𝟕(𝒕, 𝒄, 𝒂) = 𝑿𝟓𝟔(𝒕, 𝒄, 𝒂) ∗ (𝟏 − 𝑻𝟏(𝒄)) 

26. 𝑿𝟔𝟕(𝒕, 𝒄, 𝒂, 𝒆) = 𝑿𝟔𝟕(𝒕, 𝒄, 𝒂) ∗  𝑿𝟐𝟑(𝒄, 𝒂, 𝒆) 

Here is where the major distinctions are made from the previous work as related to the US 

commodity market. First, is the effect of other consumer durables that are shredded with ELVs 

(X07O) at P7.  This is accounted for though use of the other scrap (OS) coefficient (Equation 27). 

The sole purpose of this calibration is to increase the distribution of 5000 and 6000 series wrought 

in the mixture as determined in previous work [5]. Once quantified, this value is added to the 

original X67 forming a new variable symbolized by X67x (Equation 28). This material flow now 

contains external weight to what was handled by Process 6, therefore this variable is not included 

in the mass balance of Process 6 only Process 7. The composition of Twitch is adjusted as done 

previously [2] but here especially as it relates to Mg in addition to Fe content (X07C). C(e) is the 

coefficient used to incorporate this contamination (Equation 29). These adjustments are used in 

combination in Equations 30 – 34. The size-limited coefficient (T2) is applied starting at Equation 

30 when X71S is calculated first, and from that point on 1-T2 is used to account for the material 

already allocated to the scrap market. Following to the Zorba flow, X71Z, these coefficients are 

still in place including the additional Zorba coefficients T3a and T3b(t) to allocate the 45% or 

decreasing amount of sortable Zorba on the international trade market, respectively (the latter is 

not used here).   

27. 𝑿𝟎𝟕𝑶(𝒕, 𝒄, 𝒂, 𝒆) = 𝑿𝟔𝟕(𝒕, 𝒄, 𝒂, 𝒆) ∗ 𝑶𝑺 

28. X67x (t, c, a, e) = X07O (t, c, a, e) + X67(t, c, a, e) 

29. X07C (t, c, a, e) = 𝑿𝟔𝟕(𝒕, 𝒄, 𝒂) ∗ 𝑪(𝒆) 

30. X71S (t, c, a, e) = ((𝑿𝟔𝟕𝒙(𝒕, 𝒄, 𝒂, 𝒆) ∗MR + X07C (t, c, a, e)) *T2 

31. 𝑿𝟕𝟏𝒁(𝟐𝟎𝟐𝟎, 𝒄, 𝒂, 𝒆) = ((𝑿𝟔𝟕𝒙(𝒕, 𝒄, 𝒂, 𝒆) ∗ 𝑴𝑹 + 𝑿𝟎𝟕𝑪 (𝒕, 𝒄, 𝒂, 𝒆)) ∗ (𝟏 − 𝑻𝟐) ∗ 𝑻𝟑𝒂  

32. 𝑿𝟕𝟏𝒁(𝒕, 𝒄, 𝒂, 𝒆) = ((𝑿𝟔𝟕𝒙(𝒕, 𝒄, 𝒂, 𝒆) ∗ 𝑴𝑹 + 𝑿𝟎𝟕𝑪 (𝒕, 𝒄, 𝒂, 𝒆)) ∗ (𝟏 − 𝑻𝟐) ∗ 𝑻𝟑𝒃(𝒕) 

33. 𝑿𝟕𝟖(𝟐𝟎𝟐𝟎, 𝒄, 𝒂, 𝒆) = ((𝑿𝟔𝟕𝒙(𝒕, 𝒄, 𝒂, 𝒆) ∗ 𝑴𝑹 + 𝑿𝟎𝟕𝑪 (𝒕, 𝒄, 𝒂, 𝒆)) ∗ (𝟏 − 𝑻𝟐) ∗ 𝑻𝟑𝒂 

34. 𝑿𝟕𝟖(𝒕, 𝒄, 𝒂, 𝒆) = ((𝑿𝟔𝟕𝒙(𝒕, 𝒄, 𝒂, 𝒆) ∗ 𝑴𝑹 + 𝑿𝟎𝟕𝑪 (𝒕, 𝒄, 𝒂, 𝒆)) ∗ (𝟏 − 𝑻𝟐) ∗ 𝑻𝟑𝒃(𝒕) 

The material that is upgraded to Twitch is computed using Equation 34 is one less either T3a or 

T3b depending if the Zorba export scenario is held constant or decreases by 5% annually (5% 

decrease not investigated) (Equation 35). Then this flow value, Twitch is multiplied by one less 

the LIBS rate T4. Equation 36 calculates flow X89 using the LIBS rate scenario that is in place 

(T4). 
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35. 𝑿𝟖𝟏(𝒕, 𝒄, 𝒂, 𝒆) = ((𝑿𝟔𝟕𝒙(𝒕, 𝒄, 𝒂, 𝒆) ∗ 𝑴𝑹 + 𝑿𝟎𝟕𝑪 (𝒕, 𝒄, 𝒂, 𝒆)) ∗ (𝟏 − 𝑻𝟐) ∗ (𝟏 − 𝑻𝟑𝒊(𝒕)) ∗

(𝟏 − 𝑻𝟒(𝒕)) 

36. 𝑿𝟖𝟗(𝒕, 𝒄, 𝒂, 𝒆) = ((𝑿𝟔𝟕𝒙(𝒕, 𝒄, 𝒂, 𝒆) ∗ 𝑴𝑹 + 𝑿𝟎𝟕𝑪 (𝒕, 𝒄, 𝒂, 𝒆)) ∗ (𝟏 − 𝑻𝟐) ∗ (𝟏 − 𝑻𝟑𝒊(𝒕)) ∗

(𝑻𝟒(𝒕)) 

 

Finally, upon reaching intelligent sorting, the flow X89 from Twitch production is sorted based on 

the preset soring criteria (SC(a, r)) and delivered to the market in an upgraded form by alloy family 

or pre-set chemical sort. The LIBS sorting criteria is shown in Table A IV.  

37. 𝑿𝟗𝟏(𝒕, 𝒄, 𝒓, 𝒆) = 𝑿𝟖𝟗(𝒕, 𝒄, 𝒂, 𝒆) ∗ 𝑺𝑪(𝒂, 𝒓) 

4.7.5 Alloy Blending Model 

A blending model was constructed in MATLAB using linprog with the Simplex algorithm. The 

standard form for the developed model is shown below. The equality constraints are set such that 

the production of 25 alloys is achieved to meet an estimated demand for each year modeled. The 

inequality constraints represent the compositional limitations for each individual alloy (lae, uae).  

The lower bound (lb) is set to 0 such that all decision variables are positive and are capped at the 

demand (ubt) for each individual alloy to prevent overproduction which is time dependent.  

The decision matrix is xij which is a 106-by-25 matrix representing the representing the 106-raw 

material resource available to blend to form the annually demanded 25 alloys by the automotive 

sector. The cost variable (cj) is a 35-element array which corresponds to a binary cost system for 

primary (1.5) versus secondary (0) raw material resources. Commodity prices are simply not 

available for the resulting sorts and this arbitrary system has been applied as [2] did and in his 

work much more detail can be found on the inner workings of the model. The objective function 

and corresponding constraints are shown below. This formulation is calling to minimize the cost 

of raw material blending during aluminum production. Demand values for each respective alloy, 

i, drive this model and are represented by Di. 

 

Moving forward, this model needs to be transformed such that it can be analyzed using the dual-

simplex algorithm as this is the new default MATLAB’s linprog function. The other option is the 
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interior-point method, however this algorithm is not sufficiently precise for alloy blending models, 

especially, when required to interact between many different magnitude scales. Efforts were 

exhausted to enhance the tolerance of this interior technique and to transition the program to the 

dual, unfortunately without success to this point. 
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Table A III: Auto-component-Alloy Matrix. 

  1070A 3003 3103 4043 5005A 5454 5754 6005 6016 6022 6061 6063 6082 6111 6181A 7004 308 319 A356.0 383 A356.0 A357.0 A360.0 B380.0 B390.0 Silafont36 

Closures -- -- -- -- -- -- 17% 5% 13% 19% -- -- -- 47% -- -- -- -- -- -- -- -- -- -- -- -- 

Bumpers -- -- -- -- -- -- -- -- -- -- 45% -- 47% -- -- 8% -- -- -- -- -- -- -- -- -- -- 

Engine Blocks -- -- -- -- -- -- -- -- -- -- -- -- -- -- -- -- -- 20% 19% 2% -- -- -- -- -- -- 

Heat Exchangers 6% 76% 9% 6% 2% -- -- -- -- -- -- 2% -- -- -- -- -- -- -- -- -- -- -- 59% 0% -- 

Cylinder Heads -- -- -- -- -- -- -- -- -- -- -- -- -- -- -- -- -- 38% 52% -- -- -- -- -- -- -- 

Suspension -- -- -- -- -- -- -- -- -- -- 13% -- 3% -- -- -- -- -- 80% -- -- -- 1% 10% -- -- 

Steering -- -- -- -- -- -- -- -- -- -- 27% -- 8% -- -- -- -- -- 65% -- -- -- -- 1% -- 3% 

Wheels -- -- -- -- -- -- -- -- -- -- 6% -- 0% -- -- -- -- -- 81% -- -- 12% -- -- -- -- 

Transmission/Driveline -- -- -- -- -- -- -- -- -- -- 0% -- -- -- -- -- 15% 39% -- 8% -- 8% -- -- -- -- 

Brake Components -- -- -- -- -- -- -- -- -- -- 12% -- -- -- -- -- -- -- 55% -- -- 33% 9% -- 21% -- 

Other Engine -- -- -- -- -- -- -- -- -- -- -- -- -- -- -- -- -- -- 25% -- -- -- -- -- -- -- 

Body -- -- -- -- -- 13% 19% -- -- 27% 8% 10% -- 13% 8% -- -- -- 1% -- -- -- 17% 58% -- -- 

Other Components -- -- -- -- -- -- 20% -- -- -- 45% 35% -- -- -- -- -- -- -- -- -- -- -- -- -- -- 

 

Table A IV: LIBS sorting system criteria designed in Chapter 5 – extended to all wrought families 

Alloy 

series/family 
1070A 3003 3103 4043 5005A 5454 5754 6005 6016 6022 6061 6063 6082 6111 6181A 7004 308 319 A356.0 383 A357.0 A360.0 B380.0 B390.0 Silafont36 

1000-series 75% - - - - - - - - - - - - - - - - - - - - - - - - 

3000-series 8% 75% 75% - - - - - - - - - - - - - - - - - - - - - - 

4000-series - - - 70% - - - - - - - - - - - - - - - - - - - - - 

5000-series 8% 8% 8% - 76% 76% 76% 8% 8% 8% 8% 8% 8% 8% - - - - - - - - - - - 

6000-series 9% 2% 2% - - - - 77% 77% 77% 77% 77% 77% 77% - - - - - - - - - - - 

7000-series - - - - - - - - - - - - - - - - - - - - - - - - - 

Low-Cu cast - 5% 5% 30% - - - 1% 1% 1% 1% 1% 1% 1% - - 3% 3% 76% 3% 76% 3% 3% 3% 76% 

High-Cu 

cast 
- 10% 10% - 24% 24% 24% 14% 14% 14% 14% 14% 14% 14% 100% 100% 97% 97% 24% 97% 24% 97% 97% 97% 24% 
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Fig. A 2: Percentage of vehicles produced in US that are exported [15, 16]. 

 

 

Fig. A 3: Weighted-average aluminum content difference between as reported data from [8] and 

based-on modeled content differences: colors correspond to the legend for both solid lines and *.  

“*” are reported values and solid lines are used in EV scenarios based on engine/driveline weight 

reduction and body/closure weight increase estimations. 

23%

80%

44%

56%

0%

10%

20%

30%

40%

50%

60%

70%

80%

90%

1995 2000 2005 2010 2015 2020

V
e
h

ic
le

 E
x

p
o

rt
  

(%
 o

f 
T

o
ta

l 
P

ro
d

u
c

tt
io

n
)

Year



 

148 

 

4.7.6 Supplemental Figures 

The effect of EVs and impurity accumulation (i.e. modeled contamination from other scrap 

streams and insufficient shredding) on the aluminum content of Twitch is graphically displayed in 

Fig. A 4. The curves with accumulation are considered more representative based on our 

experience with characterizing auto-shred samples. The added wrought and lowered cast content 

in electric vehicles shows an increase of approximately 0.5% bulk aluminum content compared to 

the scenario without EVs. 

 

Fig. A 4: Twitch Al purity.

 

Fig. A 5: Dilution element concentration in bulk Twitch overtime. 
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