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ABSTRACT

Steel scrap, especially for automobile scrap, being thenemgtled material in the world,
is facing the problem of limited consumption due to theawmmation of impurities, such as Cu,
Sn and Zn. Among these impurities, Cu could be the priar# of concern, which could be
classified as isolated Cu impurities and alloyed Cu, leaditigetinducing of surface hot shortness
during hot working due to high Cu content (above 0.1wt%). Toimdite this issue and develop a
circular economy with energy efficiency, various realotechnologies have been researched.
With the access to actual automobile scrap and followintactexization, this research is aimed
at carrying out a fundamental study to pursue feasible metimotisling physical separation and

chemical removal, to overcome the existed technical.gaps

For physical separation, considering the distinct cdiffeérence between metal Cu and Fe,
optical recognition was explored as a candidate fomgp@u impurities with the improvement of
machine learning. With further research of hyperparameteniaption, Cu recognizing accuracy
of 87.5% was achieved, resulting in overall reduction in @uemnt from 0.272wt% to 0.093wt%,
indicating good feasibility to reduce Cu content to the 0.1wtdtdtion. For blue laser sensor, as
another candidate, initial laboratory tests conducted pire Cu and Fe sheets have confirmed
its sorting mechanism related to the difference of thenoatuctivity and absorption. But the
accessibility of industrial blue laser source could be adimih for conducting further laboratory

experiments with actual automobile scrap.

For chemical removal, chlorination with8D. gas at 800C and slagging method with
FeOSIiO»>-CaCh at 1600°C have been identified and focused for initial experiments. F
chlorination method, it demonstrates good feasibility tooramisolated Cu impurities, while
potential for removing alloyed Cim steel scrap could still need to be discussed. For slagging
method, it demonstrates good feasibility to remove Cu imesriThen mathematic equations
have been established based on the chemical equilibria asdoaance of chemical reaction to
project Cu concentration in molten steel with the ejapibn of this technology to build the kinetic

understanding.
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CHAPTER 1
INTRODUCTION

Steel recycling can be treated as a full-developed indurstthe world, including scrap
collecting, processing and utilizing [1]. Due to the energy r@w materials intensive nature of
the industry and strict environmental policies, steel pi@cers must take energy costs and
environment protection into consideration during steelmakpngmoting the recycling of waste
and by-products. When considering the industry beyond primegnsaking, steel scrap has
become indispensable as a valuable secondary resource satwh¢pdbeen known as the most
recycled material in the worléor world steel recycling, the average usage of steel sarapufbe
steel production is about 70% in US and about 30% in the @rlevhich could be predicted to
maintain a stable trend in the near future. This limitedsamption could be attributed to the
contamination of impurities accumulated during the recygbraress. As a result, the pig iron
would remain as a dominant feedstock for steelmaking. Toaditiarge integrated steel plants
mainly use coke as the reductant. The major source of\eime iron and steelmaking is the
embedded energy in coal, used for reducing iron 8oethis carbon-based reducing process,
carried out in the blast furnace, consumes significaetggn(16 GJ/ton steel) and produces vast
amounts of C@(1560kg/ton steel) [3Ideally, increasing the usage of steel scrap as feedstock in
the Electric Arc Furnace (EAF) would significantly eliminate tenergy consumption and €0
emission, which could be essential for the sustainablelajgwent and circular economy of

steelmaking industry.

Generally, steel scrap could be gathered from steelmalamys, manufacturing plants,
and end consumers. Based on these sources, steel aordge durther subdivided into three
categories, home, process and old scrap. In steelmalants,pmetal can be collected from the
surrounding of furnaces, ladles, slags, and casting magltt®me scrap. In manufacturing plants,
process scrap can be produced during cutting, drawing, rolling, mingHd]. These two types of
steel scrap have high purity and can be directly redytcléhe BOF or EAF units. Old scrap, also
called obsolete scrap, mainly originates from discardedwuoer (endf-life) products. Due to
the complicated and advanced assembly and integratisrtyf@ of scrap contains components

or materials that make up the major source of impurétres can downgrade the recycling value



[5]. According to the uge-date statistics from U.S. Geological Survey [6], oldaparan account
for 58% of recycled steel scrap in United State, alontp ®4% process scrap and 18% home

scrap.

As estimated by Hiroki Hatayama [7], steel stock consumetiree major end users could
rise from 25,000 billion kg in 2020 to 55,000 billion kg in 2050, which comsitapproximately
55% building, 33% civil engineering and 12% vehicles [8]. Among thppécations, vehicles or
automobiles, which could get obsoleted with the averagentiéetif about 14 years compared to
the 60 years for steel products applied to construction andesmgng industries, have been the
major source of old scrap [9]. On the other hand, the watklywroduction of automobiles
demonstrates a fast growth from 2001 [BH0]it is foreseeable that there will be a notable irsarea
of automobile scrap availability in the long term, along wfité limited consumption, as shown

by Figure 1-1 for the global scrap availability, especiallyofosolete scrap.
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Figure 1-1 Demonstration and projection of global scrapadibty [11]

The commonly mentioned impurities in steel scraps includeSt and Zn. Among these
FRQWDPLQDWLQJ HOHPHQWY &X DRODWLRU HV\R KK RSW LMKIRUI W
of the Metals handbook [1@ JLYHV WKH IROORZLQJ GHILQMWW.RKQRIIV K R\
PHWDO LQ WKH KR WalfRdéhdmépdn tha&l Qs comviohlyon the surfaceelf st
whenever it is exposed to oxidizing conditions and some fdrmezhanical deformation, e.g.

cooling from the continuous casting and re-heating followedhdtyrolling. The preferential
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oxidation of iron leaves the more noble elements, GuSm as a separate molten phase which
causes embrittlement in the underlying steel [13]. At 0.1@t%content and 0.04wt% Sn content
or above [14], a Cu-enriched phase can be formed whickl pauletrate into grain boundaries
under the forging force, causing cracking, as shown by Figte The role of Sn in this
phenomenon is to lower the solubility 0& X L Q-Fe&Vatsienite phase and the melting point of
the Cu-rich phase. Studies on the use of high Zn cost#ap show no adverse effect on the
mechanical properties of the produced steel, however dussiens are problematic relative to

environment control.

Grain

Figure 1-2 Mechanism of surface hot shortness

For automobile scrap, Cu impurity could be the major mreésothe limited consumption,
compared to other impurities. Generally, the occurrenceuwfnCautomobile scrap could be
classified into two categories: isolated Cu impurities andlldyeal in the steel. Based on statistic
data [15], about 23kg of copper could be contained in a typitamobile. Due to the continuing
addition of electric components and vehicle electtiiicg an average of 1500 copper wires
totaling about 1.6km in length is expected [16]. The iroreeshell of Cu motors and elongated
shapes of Cu wires both pose challenges to the efficiandycost of regular liberation and

separation in a scrap yard for processing obsolete abile®oThe challenges are analogous to



those related to mineral processing in the mining industryreirhdecreases in particle size result

in the liberation and following separation becoming marstlg.

For further understanding, the composition of diffetgpes of scrap and allowable limits
of scrap residuals in the manufacture of steel procguetslemonstrated in Table 1-1 and Table 1-
2 [17]. As shown in Table 1-1, comparing to Table 1-2, oaigforcing bar, which has a higher
tolerance, can be produced using old scrap directly. For pradunterstitial free (IF) steel, which
is mainly sourced into automotive production, the use of cmhgmon scrap is unacceptable.

Table 1-1 Composition of different types of steel scrap

Scrap Category Chemical composition, wt%

Cu Sn Ni Cr Zn
Shredded car scrag 0.230 0.052 0.069 0.123 0.05
Obsolete Heavy scrap 0.234 0.017 0.070 0.130 0.210
Can scrap 0.050 0.128 0.032 0.061 0.000
Process Factory bundle 0.027 0.002 0.020 0.031 0.700
Home Stoel 0.021 0.010 0.020 0.030 0.010
Pig iron 0.010 0.002 0.020 0.020 0.002

Table 1-2 Allowable limits (wt%) of scrap residuals in thenofacture of steel product and
required virgin iron for dilution

Steel Allowable Estimated Cu wt% Average Fe wt% Blending Virgin Iron
Limit of Cu 2 per tonne of Steel
Product of Steel Product | of Virgin Iron
wt% Scrap (kg)
IF 0.03wt% 7,801 kg
DDQ 0.04wt% 94wt% 5,585 kg
Drawing 0.06Wt% (95.7wt% for pig 3,369 kg
Commercial| 0.10wt% 0.25wt% [18] iron, 93wt% for 1,596 kg
Structural 0.12wt% HBI, and 94wt% 1,152 kg
Fine-wire 0.07wt% for DRI) [19] 2,736 kg
Rebar 0.4wWt% No need for dilution

As a result, dilution with virgin iron in EAF has been timest practical method. The
required virgin iron for diluting Cu content to achieve @lewable limits is also shown in Table
1-2, according to the Equation (1-1). Apparently, impurities Hasen an important barrier

limiting the use of recycled scrap.
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Thus, if recycled automobile scrap with less contaminatimud be supplied through
applying removal technologies, this would allow for low enef@yd CO.) production of high
value steel components. Besides of steelmaking indusérgutomotive and construction sectors
would also benefit since commercially viable sources ohheetmponents/assemblies could be
identified. Therefore, various removal technologies hbgen investigated to overcome the
impurity problem, as will be described in Chapter 2.



CHAPTER 2
REVIEW OF IMPURITY REMOVAL TECHNOLOGIES

2.1  Physical Separation

Physical separation is the first and primary technoldgynpurity removal in the scrap
recycling facilities. Whether this process is efficiantd useful, or not, depends on the nature of
feed materials and the extent of liberation, suchssalitling and size reduction (shredding). For
certain materials, for example to liberate metallica®d Zn from tinplate and galvanized steel
scrap, normal shredding is ineffective, since these elenage either dissolved inside or strongly
bonded to the steel. Therefore, chemical treatmenefenped for the removal of Sn and Zn. So

the removal of Cu impurity by physical separation is fedusnd discussed in details below.

Obsolete automobiles contribute to the majority of prockssaerials in the scrap yard
Other post-consumer products, such as refrigerators amdrg/age also recycled with significant
proportions. For these sources of steel sdrafore processing, the dismantling of Cu motors and
wires, as the major source of Cu contamination, woultinieed to those units with larger size
when considering the costs and benefits. The problemmpa@onded during hammer shredding
when smaller copper motors and wires become enmeshedriamdjled within the Fe shreds.
Therefore, during the subsequent magnetic separatiodatki®f practical liberation results in a
reduced separation efficiency, perhaps 80% or less, f@utentaminants [14]. This situation is
also the obstacle to the application of eddy currepairsgion. As a result, shredded pieces

containing metallic Cu separate to the stream of Fe shred.

Generally, shredding plants can maintain the final Cuertinh steel scrap between 0.2-
0.3wt% with 70-80% Cu removal rate, which is still unneglectablerring to the strictly
allowable limits for Cu residual in common steel prodyit8. If handpicking was incorporated
after shredding and magnetic separating, the final Ctenbnould reach 0.1wt% [20]. However,
handpicking could be labor intensive and can only be cdatdxed if the copper price is high. On
the other hand, sophisticated shredding, such as high densitidsty and cryogenic shredding,
could be applied to obtain a better liberation, improving ffieiency of subsequent magnetic
separation. Sicon [21], a recycling company, focuses ondaghity shredding, which can reduce

the size of shredded scrap to 40-50 mm, contributing to feetigé removal of Cu to about
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0.1wt% [14. However, lower processing rate and high cost would benaecn. Cryogenic
shredding, via cooling the feeding material in liquid nitrogesults in the improved liberation
with particle size below 10mm. This cryogenic shredding le&s Ishown to produceproduct

containing a lowered Cu content of 0.04-0.06wt% after magneparation. However, 500-
1,000kg liquid nitrogen is consumed for cooling 1,000 kg of scragsiting in high capital and

operating costs [22].

Due to the limitations of shredding and magnetic separatiore and more sensor-based
sorting technologies have been investigated to support soréatia method for Cu rejection from
Fe shreds. With the capability of detecting and examining eabvidual shred-piece based on
different mechanisms, corresponding signals coulgdrerated by the sensor and transmitted to
the analysis system, i.e., the controlling computerolighh analyzing signals based on customized
sorting standards, this system can derive a yes/naidlecior actuating the ejection system

positioned at the end of the conveyor.

Information Flow .
9 Data Analysis
Material Flow System
Signal
Detecting
A
Feed Piece v
Feed . :
rat ¢ .
? Preparation R Presentation . Piece Picce )
(Vibratory (Washing, Examination Separation
feeding) Aligning) 7'y
Sensing
Technique

Figure 2-1 Basic configuration of sensor-based sorting tdahn

As a result, the unwanted pieces can be ejected by an achplibchanical, hydraulic or
pneumatic, equipment. The basic configuration of sebhaeed sorting technology is showed by

Figure 2-1 [23]. Identifying and utilizing the difference in phgsiand/or chemical properties
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between Cu and Fe can be the key factor to build a sugaliieg standard. The most obvious
characteristics of Cu are its excellent electrical dmedmal conductivity and the reddish brown
color. There are other spectrums, such as X-ray, gamynand lasers that may be adopted as
feasible technologies to distinguish Cu pieces mixed irhEdss More details will be offered and

discussed in the following section with reference tted#nt types of sensors.
2.1.1 Color Sensor

RGB (red green blue) line scan cameras are commonly eglgepthe color sensor to
distinguish different color values. Many researchess abmbine 3D detection with RGB data to
produce shape information. By the analysis and integrafiatesigred program, topographical
color images of each shredded piece on the conveyobeayenerated. Based on customized
sorting criteria, an individual object, which has a darfgercent of specific color in the image,
such as reddish brown, can be recognized, classified aciegajédigh resolution cameras can
efficiently increase the quality of images and decreaseitne of analysis. However, a high level
of surface cleanliness would be required to obtain efftigeanning, posing an obvious problem
for steel scrap. Additional washing and cleaning mightnbeded before sortation. But the
development and application of machine learning for in@gssification might eliminate this
disadvantage and improve the result of sortation, sme@nalysis program can be trained ahead

with the same condition of cleanliness as sorting.

Fumio Tanaka et al. [24] applied the TV camera to image indivjgieaes of shredded
scrap, including their position data, and analyzed the hgle and saturation value of every point
in the image. Then CuwastBHOHG DQG GLVFULPLQDWHG ZLWK”"WKH UDQJ
1.0) and hue angle {0 + "°and 329 ” + " ©9). By calculating the ratio of the area
discriminated to be Cu to the total area in each image asdastl, pieces identified as copper-
containing were separated at the end of the conveyor. Tad speonveyor was 1 m/s due to the
processing time of controlling system. The removal ratddcle 100% for the scale of 1,000 kg

scraps.
2.1.2 XRT & XRF

X-ray, as a type of electromagnetic radiation withiavelength between 0.001 nm and 80

nm, has been widely used in the laboratory and indy&%y. Based on different working



mechanisms, X-ray fluorescence (XRF) and X-ray tranangt (XRT) can both be applied as a

type of sensor.

When the incident primary X-ray radiation from the a§¢rtube above the conveyor
penetrates into shredded pieces of steel scrap, excitattbemission of electrons can be detected
due to high radiation energy. Vacancies created by this grooedd be refilled by the transferring
of electrons from the outer shell. The refilling andhéfarring of electrons could lead to energy
emitting as the secondary fluorescence radiation, wkiehkiey characteristic for differentiating
elements. Detectors, positioned around the conveyoagdnre the emitted secondary radiation
as the transmitted signal, which can be analyzed i@cetemental composition of each piece.
Then ejection criteria for one element Cu or a raficCu and Fe could be set to achieve the

sortation. This is the mechanism of XRF sorting.

Another commercial sensor is based on X-ray transmmg{&®T) where the excitation
and emission of electrons can be understood as energypatns of primary radiation. This
absorption information, which is distinct for each ed@relating to the atomic weight of element
LV FROOHFWHG E\ GHWHFWRUV XQWGH®& MKMHRFR GYHWN R U ODHE@G 3 @/
The area of Cu reflects a deeper colorthanBét)H LQ WKH 3SGHQVLW \féréhPe3H™~ G XH
in atomic weight. Moreover, dual energy XRT system cormgisvo channels has been adopted
to eliminate the deviation through capturing the absorptioornmdtion from different X-ray
HQHUJ\ OHYHO 7KH SURGXFHG 3G H @nt thadesLd? grayHwithGhigieR Q VW U

accuracy.

Attributing to the ability of non-destructive penetratiothe application of X-ray
technologies shows good performance without consideringaioe, or the presence of labels or
other impurities. However, XRT sorting can be complicatethbythickness of shredded pieces,
i.e., absorption information could also vary witte ttifferent thickness of shreds/patrticle. As a
result, the areawittGHHSHU FRORU LQ WKH affeétad By thicknessDuthoeth D\ EH
higher atomic weight. So appropriate shredding must be achiewdain a uniform shape. This
would mean that a sophisticated feeding system is requirddasucvibrating feeder, to facilitate

the placement of shreds with a single layer (no appihg) on the conveyor.

Gunter Buzanich [26] studied a new XRF sorting system from Lhgtruments GnbH

with more complicated algorithms to distinguish the coppmertaining particles. Compositiah
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data could be obtained with the measuring time of 0.001 &nun resolution corresponding to

the belt velocity of 2.5 m/s.
2.1.3 PGNAA

Another type of electromagnetic radiation, gamma regs,also be used to simultaneously
indicate the presence and composition of different elesnést shown in Figure 2-2, neutrons
emitted by the source can penetrate into the target mexfiomaterials and interact with the nuclei
of elements present. During this interaction, nuclei Wl excited to a high energy level by
consuming the energy of neutron. Subsequent return to theadrievel will rapidly produce
gamma rays that could be recognized as a key characteristiements present in the target

material.

Excited Level

N g 2
*T
“ \»

Ground Level

Bulk Sample

Figure 2-2 Mechanism of gamma ray generation

Based on this mechanism, Prompt Gamma Neutron Activatialysis (PGNAA) has
been applied to measure the elemental composition of fmalerials. During the analysis,
Californium-252 (Cf-252) is adopted as a reliable neutron savthdower cost and higher safety
than other sourcg27]. The emitted gamma rays are captured by detectors andribbized by
a multi-channel system in the form of spectral energkpeGamma rays with certain energy are
used for qualitative analysis and the corresponding inteissitised for quantitative analysis.

Based on the complex calculation, the elemental csitipo of materials could be determined.

Like X-ray, PGNAA can adopted to achieve a real-time amalyghout being influenced
by the surface cleanliness of steel scrap. Because abthplex spectrum, which may contain

hundreds of energy peaks, a calibration must be peefdito eliminate the significant unwanted

10



3SQRLVH GLVWXUEDQFH" IURP WKH HXPW. R BQ MHBWP D HPVWQ A @ DQH
be considered for the use of selected radioisotope.

More importantly, PGNAA is not suitable for piece-by-piesglysis. Alvin D, Shulman
[28] proposed that shredded scrap stream could be divided inéonients and then analyzed by
PGNAA to obtain the composition of the bulk. He suggested &%&should be used as a real-
time composition analyzer combined with a bulk sortingesys The bulk, which did not conform

to the compositioal standard, such as 0.2wt% Cu, would be diverted to a stockpile.
2.1.4 LIBS

With respect to compositional analysis, Laser InducedKsi@an Spectroscopy (LIBS)
has become an applicable method to quickly identify theesleahcomposition of materiaJ&9].
A pulsed laser beam with high energy is generated to Bpaturface of shredded pieces. When
this irradiated laser reaches a certain threshold, leptical breakdown could be observed as laser
ablation. Ablated atoms from different elements on thé&searinteract with the pulsed laser to
generate a highly energetic plasma, including releasedaiscexcited atoms and ions. With the
pause of the laser pulse, the excited electrons retarmeatral state which results in the emitting
of light with different frequencies. Then the emitlegght could be detected by optical emission
spectrograph detectors and analyzed by the supporting angbteisigo produce a diagram with
characteristic spectral peaks. With identification andrpretation, the elemental composition of
the target could be determined. Similar to PGNAA, calibrasaso required in order to obtain
high accuracy. Shunsuke Kashiwakura et al. [30] applied JISF FX8%5Qvhich were a series
of Fe-Cu binary alloy with certified Cu content, as staddaference materials to optimize
calibration lines. Parameters of the pulse laser, as@mergy and duration, were 80 MJ/pulse and
16-18 ns, respectively. They found Cu-I with the wavelengt®2@f396 nm performed better as
the calibration line, due to less spectral interferehtaddition, multiple pulsed laser shots (200)

offered a precise detection of 0.004wt% Cu.

The most significant restriction of LIBS is that thietained results only demonstrate the
condition of the surface. This could lead to deviatioheterogeneous materials, especially for
steel scrap with inappropriate liberation and surfaceitiondThis could, however, be mitigated

by repeatedly spotting the laser in the same positioresure the depth profile of materials.
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2.1.5 Discussion

Although the incorporating of sensor-based sorting tecigyadould improve the impurity
removal in steel scrap recycling, the decision whetherréw technology could be accepted by
shredding plants or not mainly depends on the economicdewation, especially for the capital
and operating cost. For LIBS, PGNAA, XRF and XRT, capitaéstment would be very high for
plants with large capacity. Accessory equipment, sischmulti-channel conveyors and washing
and ejection systems, could also be a major part afdbe Besides of electricity and labor, the
majority of the operating cost is the consumptionomhpressed air, which is widely used in sorting
system as a method to blast the unwanted piece. GeneradllgAnthe cost of compressed air is
about $ 0.3-0.7 per tonne of feed [23]. Maintenance cost deplend on the techniques applied
for sorting, such as LIBS and PGNAA, which would be treatdugis maintenance-intensive.

2.2 Chemical Removal

It is evident that the efficiency of physical separai®subject to the geometry features
and properties of shredded steel scrap, i.e., libera@me way to overcome the issue with
insufficient physical liberation is to consider the chehizeatment through the diffusion of
impurities into other phase or chemical reactions withoulbdgeof Fe. Chemical removal can be

classifiedinto two categories, either as a pretreatment or during isgelt
2.2.1 Impurity removal during pretreatment

Impurities, such as Cu, Sn and Zn, all have a lower meltimj pompared to Fe. But from
a thermodynamic point of view, Cu and Sn are nobler tieatJRder this circumstance, with the
application of proper chemicals and temperature, tlsesepossibility of achieving preferential
dissolution or reaction for impurities, while Fe (steehuld be maintained in a solid state.
Technologies under this category are further classifiedrding to the presented state of applied

chemicals for removingncluding solution, slag, metal, and gas states.
A. Aqueous solution

The process involved can be treated as a hydrometallurgetalod, including leaching

and electrochemical extracting. The most widely used réagdeach Cu is ammonia solution,

because ofth¢e RPSHWLWLYH DGYDQWDJH WKBWDIW .GRHBRNW W HDO
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studied the dissolution of Cu in an ammonia solution andddhat a copper sheet with the size
of 20x20x10 mrhtotally dissolved after 12 min at 353 K. Different acid solus, such as HCI
and HSQy, could also be used to leach Cu, Sn and Zn from stesgl.9dowever, one significant
restriction of this process is that the acid would alsedreosive to Fe. Sedar Aktas et al. [32]
stripped and recovered Zn from galvanized scraps using suditidovith a pH value of 0.2 and
found that the obtained solution contained 0.2 g/l Fe. AlthaubB0% removal rate of impurities
could be obtained, the leaching processes was time-consupkglg a restriction on the

realization of industrial scale up.

The reversing of the electroplating process for tinpéatd galvanized steel could be a
possible way for removing Sn and Zn. It might be appligénave Cu, even if Cu is not presented
as a coating material. Baled or bundled scrap from simgduants is used as the anode and
immersed into the electrolyte to achieve this reversedcepso®er-Tau Chin [33] studied different
electrolytes, such as ammoniacal carbonate and alkalineideyaolution, to dissolve Cu
anodically from steel scrap at room temperature. He fousidg an alkaline cyanide solution, the
Cu content of anode (60 g of scrap) could be reduced to 0.06wt%ourd \with a cell current of
200 mA. As studied by D. Janke et al. [5], electrolytic detinningydieeady been applied with
industrial scale. Bundles of tinplate scrap, as the ameele immersed into a hot caustic soda bath
(358 K). This process could reduce the tin content to 0.02an%hbe economically efficient with
an annual capacity of 3x 1@g. Also by immersing tinplate bundles, 40x60x60 cm (about 160
kg), into 11% NaOH bath at 353 K, Hendrik Giezen et al. [34] rehtie same tin content by
maintaining 1800 A current about 8 houf$e same electrolytic process of detinning can be
adopted to dezinc. Frederick J. Dudek et al. [35] investigategtbiess in hot NaOH solution
(343-363K) and scaled up to 1xi®&g pilot test. The zinc content could be reduced to below
0.01wt% with an estimated cost in the $0.025-0.050/kg range fex4mhours.

Based on above analysis, higher impurity removal rateddmilachieved with the use of
agueous solution. However, this hydrometallurgical processl dmiimpacted by the extent of

impurity exposing to the solution, becoming time-consuming.
B. Slag

Under specific temperature, molten slag could be used as @ finduce a surface reaction

with impurities, while iron scrap (steel) in solid statould be maintained. The exposure of
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impurities to the surface could be a limitation on thetregeate and removal rate. R. J. Fruehan
et al. [36] investigated Cu removal using sulfur matte coimgiFeS and N&. The adding of
NaS could decrease the melting point of the matte and thataciefficient of CuS. Reaction
(2-1) was carried out at 1273 K in a rotary kiln with 6kg oftengier ton of scrap. This reaction
could be rapid (5 min) compared to the forming time of emlinatte (30-40 min), as shown by

Figure 2-3 for the implementation of experiment.

FeS+2Cu=Cu6 ) H °a#13.64 kd/mol 12

Gas Outlet

// Rotary Kiln

Gas Inlet

FeS and Na2S Matte 4 Shredded Steel Scrap

Figure 2-3 Implementation of slagging with FeS andNa

For this process, the removal rate of Cu could reach 9®0#wever, there are some
limitations. Firstly, in order to avoid Sff gas and the oxidation of Fe, the atmosphere in the
rotary kiln must be controlled. Secondly, an additionahmileg step would be required before
delivering the pretreated scrap into the EAF due to the mdthesmolten matte. Also during the
reaction, dissolution of [S] from molten matte inteetal might be possible to induce sulfur
contamination in the downstream steelmaking. Basedeth&imodynamic analysis, Reaction 2-
3 does not have the potential to move forward at this tetoperavhile Reaction 2-2 demonstrates
a good potential. No detailed literatures related to remavéyZthis matte could be found. A

possible reason is that Zn will evaporate quickly befaradRBon 2-2 can proceed.

FeS+7ZQ =Q6 J+H58.40 kJ/mol (T=1273 K) (2-2)
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YH6 6Q 6 Q 6 °= 20:820k3/mol (T=1273 K) (2-3)
C. Metal

No chemical reactiors involved in this process. The mechanism is simply basetieon t
thermodynamic activity of impurities behaving differentiythe Fe scrap and in a chosen metal
solvent, such as Al, Mg, or their alloys. Normally, Cu,a®d Zn all have lower activity in molten
aluminum compared to the unit activity in Fe. Thereforepdiffn into molten aluminum could
be predicted at the interface. Masanori lwse et al. [3Adacted the diffusion in a rotary kiln at
1073 K, mainly focusing on Cu removal. As a result, the Quert of 1kg of scrap fluxed with
100 g of alloy, which contained 20-30wt% Al/Mg, could be reduced fdio 0.1wt%. A higher
removal rate could be reached by repeating this process. dowepeating could lead to
unacceptable level of Fe loss in the molten aluminum.tBuake diffusion and dissolution of Cu
and the higher melting point of Fe, maintaining molten stheuminum at 1073 K could be so

affected that it would be difficult to peel the metalsoit from scrap after the whole process
D. Gas

Although Cu and Sn both have a lower oxygen affinity tharokielation could still be a
possible way for impurity removal at a certain temperatespecially for Zn with lower melting
point and higher oxidation potential. The main reastimaisthe formed oxidation layer of Fe could
be dense and prevent a further reaction between Fe andnoymeCu, continuous oxidation
could be observed due to the spallation of formed oxidatjem.l&dowever, this method could be
only applied to Cu impurities exposed to the surface or existeghéndently. Otherwise, the
formed oxidation layer of Fe could also inhibit the furtbgidation of Cu impurities occurred as
DOOR\LQJ HOHPHQW RU LQFOXYV 88} Ois pQcess W& cRri@d o8t KIRTBY V W X ¢
973 K with an atmosphere of 40% oxygen and 60% Ar. As descrilibe research, copper in the
ferrous scrap sample could be considered as independent oceurAdier about 4-6 hours of
oxidation, most of the copper oxide could be removed by sinmpacting. In addition, a
CaO/NaO-Si;-B20z-based slag was used to flux the oxidized scrap at a tempeo&tli®@0-
1473 K. During this fluxing, copper oxide could be totally dissolvéal the molten slag in about
100 minutes. Therefore, the removal rate approached 99%labbistory test. K. Ogawa and H.

Matsumoto [22] studied the oxidation of tin coating at 1223 k irotary furnace containing
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tungsten balls. The removal rate approached 40% for 2 kg iscadout 15 minutes. Based on the

thermodynamic analysis at 773 K, it is evident that Cwgr8hZn all have a good potential to react

2Cu + S(g) = Cuib o= g2%77.49 kJ/mol (2-4)
6Q 6 J 6Q6 °=-273.30 Kimol Hp-
=Q 6 J =QB6 °=-362.42 R¥mol (2-6)

with sulfur gas, as well as Fe. Similar to oxidation, tvened iron sulfide layer could not only
stop the further reaction between Fe and sulfur gas, s$utiadit the impurity removal. K. Onuki
and T. Tokumitsu [22] investigated the removal of tin caatising sulfur-containing gas at 773
K. The formed brittle stannous sulfide (SnS) could begokebl impacting, resulting in a 70%
removal efficiency. In addition, due to the toxicity afifar, careful atmosphere control wa
required during the reaction. These limitations would ireethe difficulty for any industrial
application. Researchers have speculated that ASR ustimib gas from the EAF could be

recycled and used as the source of sulfur-containing gasttegiréhe steel scrap.
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Figure 2-4 Phase stability diagram for E@0.-Cl. and (b)Cu-02-Clz at 1100 K

Chlorine gas could be another possible option for thevahof Cu, Sn and Zn. It is
inexpensive and readily available, as compared to sulfur gas.idkddly, the use of PVC

combustion gas as the source of chlorine has beertigates! to increase energy efficiency and
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decrease costs. Based on the phase stability diagrare-6f-€l,, Cu-Q-Cl, and Zn-Q-Cl>
systems, for Cu and Zn, the prevailing phase is chloridegvidntic oxide is formed for Fe to stop
the further reaction, as shown in Figure 2-4 and FigureT2/perature applied in these diagrams

are referenced from related literatures.
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Figure 2-5 Phase stability diagram for F@O.-Cl> and (b)Zn-O.-Cl, at 1073 K

Koji Matsumaru et al[39] applied this process to an iron sheet (10mmx10mmx1mm)
twined with copper wire (1Imm diameter) at 1100 K with the gamposition of @10%Cp. They
found that the copper wire could be totally volatilized in 30 nggauf. D. Hartman, et al. [40]
used chlorine, hydrogen and air to remove Cu. For 3.5 kg schapsrhoval rate could be 74%

within 90 mins.

F. Tailoka, R. V. Kumar & D. J. Fray [41] applied this practsremove Sn from tinplate
at 403-473 K with the volume ratio of air and chlorine gasnmaining at 10:1. Large scale test
with 1kg baled tinplate scraps was carried out. The tiert could be reduced from 0.25wt% to
0.078wt% in 41 hours and to 0.039wt% in 81 hours. According to the piiadsiéysdiagram of
Sn0.-Cl, system, as shown in Figure 2-6, tin oxide should be thaitirgy phase at this range
of temperature. But stannic chloride could be collectedn&3.SH,0O in their research. More
analysis would be needed referring to the equilibrium compositnd thermodynamic data of

related reactions.
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J. K. S. Tee and D. J. Fray [42, 43] also investigateptbisess to remove Cu and Zn at
1073 K with the air/chlorine flowrate of 400/40 tmin™. The Cu content could be reduced from
about 1wt% to 0.05wt% after 10 minutes, using an iron sheet (23ug)dweith copper windings
(225 mg) as sample. Also the removal rate of Zn could bei@7P@ minutes, using galvanized

steel sheet (10 mmx5 mm) as sample.
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Figure 2-6 Phase stability diagram for E@0O.-Cl> and (b)Sn-O>-Cl» at 430 K

For Zn, the increasing of temperature can easily enhtsegaporation. Bahri ozturk and
R. J. Fruehan [44] studied zinc vaporization of galvanizeapsgnder different atmospheres. At
1123 K, they found that under.Mtmosphere the removal rate of Zn could be 70% irirgte3
minutes and reach 97% in 50 minutes. Under CO atmosphere, therasianaval rate could be

reached in 10 minutes with the same temperature.

We can conclude that pretreatment with different tygehemicalds subject to the extent
of impurities exposure or their diffusion rate to the stefacorrelating with the removal rate and
time. Especially for the use of gas, the formed protedaiyer could not only reduce the loss of
Fe, but also hinder the further reaction for impurity ogal. As a result, pretreatment involving
solid steel scrap could be a diffusion controlled proaegsmay not be the most appropriate option

to remove impurities.
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2.2.2 Impurity removal during smelting

Whether the applied technologies for physical separatimehpretreatment demonstrate
good removal performance or not, the smelting of steapssran essential step for the recycling.
In steelmaking plants, the electric arc furnace (EAR)ommonly used for the smelting. During
the transferring of molten metal in ladles, degassingarb®nizing, and desulfurizing are
conducted for the preparation of final steel productsrdieroto have a better understanding for
the distribution of elements during the process ofsiglang, Kenichi Nakajima et al. [45] applied
thermodynamic analysis to illustrate the distributingdency of elements among the metal, slag
and gas phases, as shown in Figure 2-7.
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Figure 2-7 Distributing tendency of elements among mdgaj,and gas phase

Based on their methodology, the distribution ratio coeldddculated with thermodynamic
data from published literatures and following assumptions01(mol fraction), B,=1.9x10°
Pa, R—=8.5 Pa and T=1873 K. It is evident that Zn can be easilprizgal into the gas phase
during smelting and removed as fume. However, the Zn comehe fume may not be high
enough to promote effective recovery. Also landfill dispo$&ollected fume has gradually been

restricted due to the environmental regulations. Certainlyar@uSn remain stable in the metal
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phase during smelting. Therefore, the target for diffetenhnologies in this category is to
facilitate the volatilization or diffusion of Cu andh,Seither directly into gas phase or through

reacting with chemicals to form volatile compounds.
A. Volatilization into gas phase

According to the thermochemical database [46], the vapmspres for pure Cu and Sn
are 123 and 121 Pa, respectively, at a temperature of 1873 Ktinhiteapor pressure for pure Fe
is 80 Pa. Thus, the higher vapor pressure could be appliadilitate the volatilization of Cu and
Sn into the gas phase. However, the pressure differeneedseimpurities and Fe is not sufficient
to achieve a significant removal. Alternative atmosphbea® been investigated to promote and

improve the volatilization of Cu and Sn, such as vactnlowing NHs and Ar-H plasma.

Luben Savov and Dieter Janke [47] investigated the evapormit Cu and Sn from 20kg
iron-based molten bath at reduced pressure in a laboistaly vacuum induction melting
furnace. They confirmed that the evaporation of Cu anddsitd be classified as a first order
reaction at 1873 K. The rate of evaporation increaseld avilecrease of pressure, especially at
10Pa. However, the removal rate of Cu and Sn were onlytat&® and 43% in 60 minutes,
respectively, which could be inadequate for the industrialideretion. Sung-hoon Jung and
Youn-bae Kang [48] found that the evaporation of Cu and $mfolten Fe could be accelerated
by high S content at 1873 K, due to the formation of vol&til& and SnS.

Meanwhile, Janke [47] mentioned that higher temperature couldefurmprove the
volatilization rate of Cu and Sn. So plasma could be a waéeto provide sufficietheat. Tohru
Matsuo [49] adopted Ar-Hplasma at 10Pa to remove Cu and Sn from 1.5 kg of molten Fe. The
temperature at the hot spot could be 2323 K. Maximum remowabfafu and Sn were about
90% and 60%, respectively, in 2 hours. Also reduced pressure,sucd»dd - 2.0x1d Pa, and
higher B content and gas flow rate could increase the remowal@ate significant disadvantage

of this technology is the high cost of plasma generatispecially for industrial capacity.

Other than pressure and temperature, another factor thigt @antrol the volatilization
rate of Cu and Sn from Fe is the specific surface arg@eaholten bath, described as the ratio of
surface area to the volume. Generally, gas blowing resdgplied to increase the specific surface

area, which could facilitate the volatilization, througtiucing turbulence in the molten bath. R.O.
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Suzuki and K. Ono [50] improved the volatilization of Cu bywiltg NHz gas in a laboratory test

at 1900 K, as shown by Figure 2-8 for the implementaticsupposed experiment

| 1
Vacuum &—— U — Argon gas

Lance for NH; Gas

for stirring

EAF———

Figure 2-8 Implementation of blowing Nko molten steel

Under a 2000 Pa pressure, the Cu content of 1kg molten Feediased from 0.2wt% to
0.0002wt% in about 100 minutes. They suggested that the formdtionstable and volatile
compounds, Cupor CuH, could be beneficial for increasing the volatilaarate. Later, Naotaka
Sasabhi et al. [51] developed a similar fundamental studgrtmve Sn at 172R and 2000 Pa.
During the blowing, NH gas decomposed intc;rd Hz, which bubbled and agitated the molten
bath. They believed that SnS would be the major voladilspecies, rather than Sn-nitride or Sn-
hydride. For a plant scale of 11Ky hot metal with 0.05wt% dissolved sulfur [S], the removal
rate could be 40% in 20 minutes. After this process, desulfisrizaould be required to eliminate

the effect of excess sulfur in the steel product.

Tohru Matsuo et al. [52] initiated a trail with 1,000 kg scaleblmyving weak oxidizing
powder, which could also be used for decarburization, to remoa@€ Sn from molten Fe (1923

K) under reduced pressure of about 130 Pa, as shown by Figure thé ifmplementation

The oxidizing powder, such as Si@as decomposed to form dissolved oxygen [O], which
could further induce fine CO bubbles to agitate the surfacéodie presence of dissolved carbon
[C] in molten Fe. However, a removal rate of only 30%bioth Cu and Sn could be obtained in 2

hours. The removal rate of Sn could reach 80% with a [[dyjlcontent (0.1wt%) in feed stock.
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Also combining this process with plasma heating could incrégmseemoval rate of Cu and Sn by

2-3 times.

Powder blowing lance

I/)xidizi_ug powder: Silica

co

Ja\ O |CO bubble

Figure 2-9 Implementation of blowing Si@ molten steel

For the direct volatilization of Cu and Sn, the surfatthe molten bath must be free from
blocking by slag formation and reawi products. However, during the normal steelmaking
process, slags are widely used to protect the oxidation oémbé. In addition, maintaining high
vacuum and different atmosphere in the industrial furfacsteelmaking could be difficult to

achieve, resulting in increased the operating costs.
B. Diffusion into slag phase

This process shares the same mechanism as fluxing with dlagg) pretreatment
Diffusion of Cu and Sn into the slag phase through chemeeations with key components results

in their removal as part of the slag during tapping.

Dinabandhu Ghosh [53] tried to use®@4-saturated Ca-Cagslag to remove Cu and Sn
from molten Fe-Cu and Fe-Sn alloys in alumina crucibles4d8 to 164&. The initial weight
ratio of slag to metal was 600 mg: 600 mg. The metal and slagmeadted together in the alumina

crucible.

Based on their analysis, Cu and Sn could distribute frenrmiital phase into the slag phase
at molten state to achieve the removal due to the differem corresponding thermodynamic

activity. It took almost 20 hours to reach equilibrium betwé#se slag and metal phase. The
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measured removal rate could be 50% for Cu and 37% for Sn. Hestedjgleat the inefficient
removal could result from the preferential dissolvifiglamina in calcium, which would probably

lead to the leakage of crucible at higher temperature.

Xiaojun Hu et al. [54] studied the removal of Cu from mokesel using FeO-SgCaCb

slag at 187%. The following reactions were proposed for this process:
2[Cu]in steet+ FEO = CrO + Fe(l) (2-7)
CwO + CaCi(l) = 2CuCl(g) + CaO (28)

Eventually Cu was removed through the volatilization of otdl a gas phase. The weight
ratio of metal to slag phase used in their experiments was 168Qg:Within 10 minutes, the
removal rate of Cu was determined to be about 40%. Thepged that the removal rate would

be increased with longer experimental time.

As mentioned earlier, ferrous sulfide slag could be suit@btemove Cu. Adam Cohen
and Milton Blander [55] researched this process in moltemocasaturated Fe at 1688 They
found that a binary slag of ferrous sulfide and aluminurfidsutould increase the distribution
coefficient of Cu between the metal and slag phase Cthcontent could be reduced from 0.4wt%
to 0.07wt% in about 3 hours by keeping the weight ratio odhtetslag as 90g: 22.5g.

Chao Wang et al. [56] also studied the distribution of Cu andeBmeen FeS-Na$ slag
and molten Fe at 164 They found that the distribution of Cu could be enhaneél the
addition of sodium sulfide. Therefore, this slag contmms could be used to remove Cu, but

would be ineffective for the removal of Sn.

In 1949, James Fernando Jordan [57] patented a methodrefr@wal (decopperization)
using sodium sulfide, potassium sulfide, aluminum sulfiddeir mixtures. At 1644, sufficient
sulfur was added to the molten Cu-containing metal to fudbevert Cu into cuprous sulfide,
which demonstrated a high distribution potential into thiédguslag phase. In his test, about 450g
sulfide slag was used for 450g metal to reduce the Cu contemDf@wt% to 0.04wt%.

Deep injection of calcium into the molten bath while mamitey a reducing top-slag was
applied to remove Sn in the research of S. Street, Koy and G. A. Irons [58]. The removal

rate of Sn was 50% in the laboratory test. However, no tieducf Sn content during full-scale
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trial was observed. They believed that being unable totamaia high calcium activity in the
molten bath might be the reason.

In order to accelerate the distribution of impurities fnowiten metal phase to slag phase,
the metal Ag and Pb have been researched and applied bakegooperty of liquid immiscibility
with Fe and good affinity to Cu and Sn. Katsuhiro YamagunodiHtideki Ono [59] carried out
experiments to diffuse Cu from molten carbon-saturatedtbesodium sulfide/BOs slag via Ag
phase. With sodium sulfide slag, at 14¢3the Cu content could be reduced from 0.1wt% to
0.068wt% in about 4 hours. With 2@z slag, at 152%, Cu could be oxidized firstly under an
oxygen partial pressure of 0.6atm after diffusing into the Ag@lhad then removed asOudue
to the strong affinity with BOsslag. As a result, the oxidative removal of Cu could leeaed
with a decrease of Cu content from 4wt% to below 0.2wt%bout 3 hours. Also Katsuhiro
Yamaguchi and Yoichi Takeda [60] investigated the removal oau@l Sn using liquid lead
solvent at 1453 K. Through maintaining the same amount @fslelvent and scrap, a clear phase
separation could be observed between the top layer ofl lgprbon-saturated Fe phase and the
bottom layer of liquid lead phase considering the diffeeenadensity. After about 60 minutes of
heating, 70% of the Cu and Sn could be removed by diffusioghietlead layer. A higher removal
rate was obtained with multiple stages of phase separadtiowever, considering the required
amounts and costs of Ag and Pb solvents and the conypdéxiperation, the industrial feasibility

of this technology would be discussed
2.2.3 Other methods

Instead of removing the impurities, such as Cu, Zhongzhu tial. §61] studied the
utilization of Cu and S in steel. Through a rapid sdtdifion, the precipitation of nanosized
copper sulfide was detected $Fe phase at low temperature, showing the potential to iraprov

the strength and work hardening ability of steel.

In addition, alloying with other elements could be favorablsuppress the surface hot
shortness. Koji Shibata et al. [62] studied the effecti,d¥/8, S, B, P and Ni. They found that P,
Si, B and C could restrain the penetration of a Cicked liquid phase into grain boundaries. For
example, the internal oxidation of Si could causeoit@usion of a Cu-enrich liquid phase into Fe
scale. Ni could promote the dissolving of Cu into stedl imcrease the melting point of a Cu-

enriched phase. However, the high price of Ni must beideres! for this application.
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l. N. Zigalo et al. [63] investigated the filtration ofi@om molten steel using &Dz-ZrOs

ceramic, which \as chosen due to th& PDOO ZHWWLQJ DQJOH°ahdMdgeP R OW H C

ZHWWLQJ DQJOH ZLW.KThBRCWAdI® bé tbsorbed on the surface of ceramic
particle, achieving a 30% removal rate. Liansheng Li ef{édl] added ZnO and C to the
decopperizing agents to improve this method. At 1873 K, due to theirrgdeaction between
ZnO and C, a Cu-Zn alloy could be formed to further retlveesurface wetting angle between Cu
and AbOs for better absorption performance. In their experimedi23g Cu could be remove by

1g of reagents within 3 minutes.

Jianjun Wang et al. [65] studied the enrichment of Cu by iegeat negative electric field
(-30 ~ 0 V) to the molten steel. Enrichment of Cu arounaaiieode could be observed in the test
due to the positive standard electrode potential of Cu bas#teo analysis. Then by separating
the molten steel containing enriched Cu around the cathibllsilica tube, a removal rate of 97%

was shown for 200g steel scrap within 30 minutes.
2.3  Discussion

Based on the above analysis, a wide variety of teolygied have been proposed and
researched for impurity removal from steel scrap. Antbage impurities, Cu could be the priority
area of our concern for removal to significantly imggdtie quality of recycled steel scrap. So
comparison of different Cu removal technologies has loegried out, as shown in Figure 2-10
The Cu content of typical steel scrap can be assumealdabout 0.25wt% considering the removal
efficiency of regular shredding and magnetic separatio@aycling plants [18)With this starting
point, the expected Cu content of scrap subjected to diffegaimologies has been calculated in
accordance with the removal rate illustrated in liteegtuSince experimental data was barely
available for sensor-based sorting of steel scrap, a @@6wval rate is adopted by referencing
sorting efficiency for other applications, such as 60%-90€plastics sortation. The accuracy of
prediction for final Cu content demonstrated in Figure Zliduld be weighed since they were
estimated and compared based on laboratory experimentsutvithiform scale and industrial
reference. Furthermore, the time budget and energy consunfipt these technologies v&not
been fully considered in the comparison. Still the rediliistrate past works done on impurity
removal and could suggest directions and areas for futuraroksén particular, the sensor-based

sorting technology is just beginning and the knowledge adeérstanding of Cu occurrence in
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steel scrap will be the key to improve the recycling] eonsequently to the realization of full
commercial application for the value of reaabteel scrap
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Figure 2-10 Comparison of different removal technolofe<u impurity

Furthermore, incorporating one or more of these remaainologies into the existing
steelmaking process would be helpful for their realizatidn A. Warner [66] modeled the
continuous desorption of Cu, Sn and Zn in molten scraghd melting loop of scrap, the radiant
heat of combustion gases from the ironmaking loop wagedilio melt the preheated scraps. Also
stannous sulfide, which could be removed by vacuum desot@ione entering the steelmaking
loop, was produced by the reaction between molten scrapuindntaining gas derived from
the ironmaking loop. Desorption of Zn and Cu could be phigieahieved under atmospheric
pressure and reduced pressure respectively in the open-chacerddudization loop. After this

process, the molten scrap could be introduced into the steetmBop. A vacuum desorber
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system containing a recirculating degasser and a Kawagalilowing (KTB) lance has been
proposed in his assessment for feasibility. Finally,pimposed 0.5 Million Tonnes Per Annum
(Mtpa) facilities, the Cu content was projected to be redidrmam 0.5wt% to 0.05wt% at 250 Pa
pressure; the Sn content could be reduced from 0.4wt% to 0.02880 Bia pressure; and the Zn
content could be reduced from 1.0wt% to S5ppm at atmospheric pregéamer confirmed that it
should be feasible to apply this fully incorporated systémengineering steelworks.
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CHAPTER 3
RESEARCH METHODOLOGY

Based on above literature review and discussions with EA&dsteelmakers, there is no
current industrially implemented technologies for removingurities from steel scrap processed
by auto shredder to the levels required for manufacturilge\added products such as automotive
sheet steel. Among these impurities, Cu could be the nsgoe of concern to the steel scrap
recycling. As a result, this research is aimed at cayryut a preliminary study to pursue feasible
technologies, including physical separation and chemealoval, to overcome the existed
technical gaps that would weaken the use of recycled stes slue to Cu contaminant that
downgrades the value of the steel by limiting the range afymts in which the recycled steel
could be used. It is linked to the use of scrap in EAF stdeig, but with the intention to enable

more value-added products.

The chief impacted industries could be steelmaking industnd downstream
manufacturing industries. As shown by Figure 3-1 for thel sexycling[67], each participant

could be of benefit if Cu impurity could be reduced or rerdove
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Figure 3-1 Schematic of steel recycling

For example, steel scrap recycling industries could funimg@rove the quality of final steel
scrap products and utilize the economic value of removedstéejmaking industries could

increase the percentage of steel scrap present in #igeclof EAF for energy saving and
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ernvironmental friendliness and optimize the following qualityhttol process; manufacturing
industries could promote the manufacturing of value-added @teelicts. Toward fundamental
studies of the literature reviewndustry survey for sensor-based sorting technologies€AgiE

B) and the estimation of extra energy consumptianajpplying selected chemicaémoval
technologies (Appendix A), two physical removal techn@sgand two chemical removal
technologies that appear to be economically viable and tedkirso@able for Cu removal have
been identified separately for initial exploration wibllected automobile scrap, as shown by

Figure 3-2.
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Figure 3-2 Researched technologies for Cu removal

For physical removal of Cu, considering tmitation of shredding and magnetic
separating, sensor-based sorting technology could bes#bléavay to identify and sort Cu
impurities from steel scrap. Also based on the industnyey, which offers some basic
information for the general capital cost of equipmiemblving different sensors for sortation, we
could conclude that optical sensor is potentially econdlyigable, especially when compared
to other types of sensor, though the listed equipment isuheayis not applied for steel scrap
recycling, as shown by Table 3-1. The most known charaatsres Cu are its excellent electrical
and thermal conductivity and the reddish-brown color. S® ftarticularly desirable to achieve
efficient sortation of Cu impurities before smeltinghése characteristics could be considered and

applied for the proposing of sorting technology. So, carvased optical recognition and blue
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laser sensor, which could be both classified into thegcay of optical sensor, have been identified

and focused for initial experiments.

Table 3-1 Details for Industry Survey

. Estimated Capital
Technologies Product Company Cost of Equipment Note
Gamma Cross Belt Thermo Fisher . .
Sensor Analyzer Scientific $500,00068] No sorting ability
. Shred IM : Price information
Magnetic - . $187,200 (60inch
. Ballistic Metal Eriez . from Area Sales
Separating Separator Feeding)69] Manager
Price information
XRT Sensor| COM XRT Tomra $550’QOO (1.2m from Area Sales
Feeding) [70] M
anager
REDWAVE $504,874 (1.3 Sorting of
XRF 1370 REDWAVE Feeding)71] ZORBA
XRF Sensor UHV No available
UHV IL-XRF , industrial equipmen| Al Alloy Scrap
Technologies [72]
, $185,000 (4,000
Multiwave MSS kg/hr{73]
Varisort S&S $15O’00.0 (0.510 2n Mainly used for
Feeding)[73] . lasti
Optical Pellenc sorting plastics
, , $175,000 (0.8 to
Sensor Sirocco Selective :
. 2.4m Feeding)73]
Technologies
STEINERT | oo\ cnT $286,000 (8000 M;;rr‘t'i)ﬁlusoefdAflor
LSS LIBS tonnelyr)[74] chap

Among them, camera-based optical recognition could podsgbhpplied to recognize Cu
impurities considering the distinct color difference betwenetal Cu and F¢he regular shape of
Cu motor, and the linear shape of Cu wire. Although the klezss of steel scrap may weaken the
efficiency of identification, new technology of imaglassification using machine learning could
potentially be involved to eliminate this effect. For blue lagdrich is commonly adopted for
welding Cu due to its good thermal absorption and conductivity,highly desirable to conduct
initial laboratory exploration for degpunderstanding its feasibility, since this type of lasmnd

be specifically correlated to metal. Also, unlike LIBS, no ablation is needed for blue lagée

30



cost would likely be acceptable because of lower beamsity, though no available product that
applies blue laser as a type of sensor could be foundchémnical removal of Cu, Appendix A
offers detailed estimation of extra energy consumpfmn applying six chemical removal
technologies, which were chosen based upon the descrtidncomparison in Chapter 2
Fundamental calculation for the extra energy consiempteeded to achieve the removal of Cu
content from 0.4wt% to 0.1wt% for commercial steel and 0.93fot IF steel has been conducted.
As a result, chlorination with 0> gas at 800C and slagging with FeO-SiaCaCh at 1600°C
could be desirable for initial exploration referring to theer energy consumptiorlso, from
the aspect of industrial application, unreactedg@as could be recycled back to the furnace for the
chlorination technology. Slagging with FeO-%iOaCk could likely be carried out in the EAF
furnace as compared to other methods using reduced pressurer atratheonditions.

Then based on obtained results for characterizatih iaitial experiments of above
selected technologies, one candidate with better rdrfeasibility will be identified respectively
for further research. For physical separation, improvermeremoval rate could be the objective.
For chemical removal, besides of the improvenmnemoval rate, building the thermodynamic
and kinetic understanding of proposed technology could alsbebobjective. Finally, evaluation
of two identified candidates will be summarized and conduoEsed on the results of further

research. Schematic diagram of the research methgpdisl@emonstrated by Figure 3-3.

Review of Removal Two Qandidates Ideqtified
Technologies & Industry Survey = Respectively from Physical and = [ Preliminary
Chemical Removal Methods Experiments
for Removal
Understanding of - Sample Collection =3 Preparation & =5 Feasibility
Automobile Scrap from Auto Shredders Characterization
g
- Design of Experiments to Physical - -
Evaluation |<= Improve Removal Rate & Separation <= One Candidate with
Based on Better Removal
Results of Feasibility Identified
Further 5 S : Respectively for
Mathematic Calculation to Chemical
ST A Build Kinetic Understanding = Removal — L_Further Research

Figure 3-3 Schematic diagram of research methodology
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CHAPTER 4
RESEARCH PROGRAM

4.1 Research Schedule

The goal of this research is to step through the rewyolf steel scrap, namely automobile
scrap, and understand the reason for Cu accumulation amdnanation. This includes the
characterization of collected automobile scrap sampiesidering the occurrence of Cu impurities
and corresponding compositional analysi®ien, referring to the identified technologies of
physical separation and chemical removal, trials and expatgmare scheduled to delve into their
removal mechanism and evaluate their feasibility. Theemenal program is systemized in the

following outline:
(1) Automobile Scrap Sample

X Collection

X Inspection
(2) Physical characterization

X Weighing and handpicking

X Size Distribution Test

(3) Chemical characterization

x

Melting Experiment
AAS Analysis
Handheld XRF
Portable LIBS

x

x

x

(4) Initial Experiments for Candidates of Physical Sejmamat

X Optical Recognition Improved by Machine Learning

X Blue Laser Sensor
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(5) Application of Hyperparameter Optimization on Machinaringng Program to Further

Improve the Optical Recognition
(6) Initial Experiments for Candidates of Chemical Removal

X Chlorination with C}-O, Gas at 800C
x Slagging with FeO-CagiSiO; at 1600°C

(7) Mathematic Calculation of Slagging Method to Builchétic Understanding
4.2  Chemical Analysis Methods

Since the occurrence of Cu impurities in automobile scrajddee classified into two
categories: isolated pieces and alloyed Cu, it is crucialstablish accurate chemical analysis
techniques to understand the content of alloyed Cu in tedlemutomobile scrap samplehe
chosen analytical technique for this study requires detetitiots of Cu content in the range of
0.03-0.1wt% in accordance with the tolerance level of comsteel materials used for automobile
manufacturing. To obtain such level of detection, a digestechnique with the Atomic
Absorption Spectrometry (AAS) could be adopted for automobibgpsafter melting experiments,
combined with handheld XRF and portable LIBS techniques.

4.2.1 Handheld XRF and Portable LIBS

As discussed in Chapter 2, X-ray fluorescence (XRF) aamgkl Induced Breakdown
Spectroscopy (LIBS) have been widely used as standard techiiaguempositional analyzing.
In the last 20 years with the development of miniaturea)Xtubes and laser generator, these
technigues have been allowed to be assembled into a portalgle filx commercial application,
such as in mining industry, recycling yard, and researchibgrddory. Major advantages of
handheld XRF and portable LIBS include their easier handlasg,testing and analyzing, and
nondestructive to the sample. However, similar to tagilicationon sorting system, the obtained
compositional analysis could be accurate at a certain 8eftv the surface and might be subject

to the contamination of surface.

In this thesis, handheld XRF was used to test automobile sarggeshefore the melting

experiments and could be a backup technique to assist thedai§gsis. For the portable LIBS,
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flat surface is required for the instrument. So this technigquito be conducted with the regular

metal sinple prepared after melting experiments.
4.2.2 AAS Analysis

Aqua regia digestion is a common approach to prepare sofatiometal determination of
most metals. The conventional procedure is the mixtutg/arfochloric acid and nitric acid with
a molar ratio of 3:1. Due to the oxidization, metal sangolkected from melting experiments

could be solubilized totally for further dilution.

Atomic Adsorption Spectrometry (AAS) has been a verguter method of elemental
analysis and been used for enormous applications. Aqueati®saf sample, which is prepared
by the aqua regia digestion, can be converted into gastewus through flame atomizer. Due to
the atomic adsorption phenomenon, the reduction of ityeredated to corresponding optical

radiation could be detected and measured, achieving thé¢ eéagempositional analysis.

In this thesis, standard solutions for Cu element witferent concentration, including
5ppm, 10 ppm and 20ppm, have been prepared for calibration. Moftaireand acetylene is used
to generate flame. Wavelength of 216.5nm has been chosetaradard atomic absorption

condition for Cu element.
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CHAPTER 5
SAMPLE COLLECTION AND CHARACTERIZATION

5.1  Sample Collection

Two samples of automobile scrap were collected separateip Western Metals
Recycling (Sample 1) and SSAB-USA (Sample 2) and shipped taltbeatory in 55-gal steel
drums. As described in Chapter 2, the regular recycling ppdoesbsolete automobile in scrap
yard is just the combination of shredding and magnetiaaBpg. For Western Metals Recycling,
besides of obsolete automobile, obsolete white applisareealso adopted as feed stock to the

auto shredders, as shown by Figure 5-1

Figure 5-1 Feed stock pile in Western Metals Recycling

Also handpicking has applied occasionally after the magseparation, as shown by
Figure 5-2 for the flowsheet of automobile scrap recycliny@stern Metals Recycling and Figure

5-3 for the final automobile scrap pile.
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Hammer Mill #1 Drum Magnetic #2Drum Magnetic
s — —
- Auto Shredder Separator Separator
‘ Home Appliances | | l
3
Overhead Magnet | — | Non-Ferrous | Handpicking
Final Eddy Current Final

Non-ferrous Scrap Separator Automobile Scrap

Ferrous

Figure 5-2 Flowsheet of automobile scrap recycling in WestatallIRecycling

Figure 5-3 Final automobile scrap pile in Western Metals &gy

From the prospect of this research, the target is to ineptioe recycling of automobile
scrap from auto shredder. So additional handpicking oingoshould be avoided for preparing
the sample. Also obsolete automobile should be the exeléseding to the auto shredder. With
the assistance of Western Metals Recycling, Sampdss shown by Figure 5-4, was collected
directly after the processing of auto shredder and magegigzator without handpicking and also
didQTW Fa@whitela@pliances as feed stock to the auto shredder. FpteSanm addition
to shredded automobile scrap, it appeared to also contain loapeflrom manufacturing plant
and white appliance scrap. SSAB-USA also informed that Sa2ripdel already been handpicked
for copper reduction before being shipped to the laboratoshasn by Figure 5-5.
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Figure 5-5 Automobile scrap sample collected from SSAB-USA

5.2  Sample Characterization

Before conducting the identified removal technologies, physiand chemical
characterization, including visual inspection, size distiin test, and compositional analysis
using handheld XRF, portable LIBS and AAS analysis, have beempleted to understand the

occurrence of Cu impurities as well as the composition.
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5.2.1 Visual Inspection

The entire Sample 1 and Sample 2 were visually inspectedrbfy and establish the Cu-
rich pieces from the collected automobile scrap. Piegegh have a similar color as Cu, have

also been picked out as Cu source for further reseasaioavn in the Figure 5-6

Figure 5-6 Visually inspected Cu impurities

Table 5-1Results of visual inspection

Sample 1 Sample 2
Identified Cu Source Cu Motors and Wire Wire (no motors)
Measured Mass (kg) 2.831 0.791
Total Weight of Sample 1,337.96 kg 434.68Kkg
Mass Percent (wt%) 0.212 0.182

Table 5-1 also demonstrates more details for the fikshtCu impurities to understand the
presence and weight distribution. Most of the visually so@eetich pieces were Cu wires and
motors, including Cu wires observed which were entanglely bath Fe shreds and could not be

liberated with simple vibrating
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5.2.2 Particle Size Distribution

Particle Size Distribution (PSD) was performed on theeeBample 1 and Sample 2 using
Screen Shaker from Gilson. Standard sieves with the redshH R1 = ~ 0" DQG 0" KDY
adopted for screening. Then the resulting fractions werghed separately to establish the
particle size distribution, as shown in Table 5-2.

Table 5-2 Results of size distribution test

Particle Size, inches Sample 1, wt % Sample 2, wt%

+3 3.9 14.7
-3+2 28.9 35.0
2+ 1% 24.5 20.3
-1%% + % 39.9 26.6
) 2.8 3.4

Total Weight 1,337.96 kg 434.68Kkg

(@ 10 o é

!
bl
|
M
k)

B

Figure 5-7 Size distribution for Fe shred: (& - =~ -FE o° -F° 0o’
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The majority of Fe shreds distributed to the -3 +¥2 gigh range, as shown by Figure 5-7
(on page 39). Most of the apparent Cu motor material appeatieel ith’2 + ¥ inch size fractions
and Cu wire appeared in the -%2 inch size fraction. Ryefidl removal of scrap pieces distributed
to the size fraction less than %2 inch may lower thec@ntent of automobile scrap without much

material loss of Fe values.
5.2.3 Handheld XRD Analysis

Identified Cu sources from Samples 1 have been subjecsednming by handheld XRF.
Copper motors with a metal shell, which could block the petietraf X-ray to a certain depth,
could be difficult for copper detection. Copper wire wageneasily detected by the scanning.
More details could be found for identified Cu sources andlygehandheld XRF in Table 5-3.

Table 5-3 Handheld XRF analysis for identified Cu impurities

. . : Estimated Cu Content (Wt%
Description Original Photographs| Weight (g) by Handheld XRF
151 60.52%
Hand-picked
visually-apparent 2.30 47.52%
Cu Shreds
0.025%
20.0 (Barely detection due to the
blocking of steel shell)
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For Fe shreds, one hundred pieces in total from diffeseet distributions, including
individual mass weight, have been analyzed for both Sampdad 2. Some examples are
demonstrated in Table 5-4. Then the average Fe and Cuntafteotal 100 pieces could be

calculated and shown in Table 5-5.

Table 5-4 Handheld XRF analysis for Fe shreds

L . . Estimated Cu Content (wt%
Description Original Photographs | Weight (g) by Handheld XRF
444 0.13wt%
201.0 0.04wt%
Fe Shreds
139.4 0.05wt%
140.6 Owt%
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Table 5-5 Results of handheld XRF analysis

Total Weight Fe Cu

of 100 Pieces  Weight Percent Weight Percent
Sample 1 | 27,59559 | 22,238.79 | 80.59% 19.453g 0.0705%
Sample 2 21,474.19g 16,206.159g 75.47% 36.1959g 0.168%

The overall Cu content of samples could be obtaineld thvé combination of results from
visual inspection and handheld XRF analysis. Cu conteBaaiple 1 and 2 were estimated as
0.283% and 0.35% respectively. Although these data might remt decurate, it could offer some

basic information for understanding the Cu compositiocodiEcted automobile scrap.

Based on the visual inspection and analytical data in Tablartd Table 5-5, Sample 1
could be more representative considering the proposed defiridi contaminated automobile
scrap in this research. So, for the following composéi analysis with AAS and further
exploration of proposed removal technologies, pieaes Bample 1 have been mainly adopted as

experimental materials.
5.3  Compositional Analysis with AAS
5.31 Initial trial of Melting Scrap

A sample (1,249.69), assembled from random selection shigls in Sample 1 with the
particle size less than % inch, was prepared for thengerocedureNo identified Cu sources
were selected in order to understand the content of CedlioyFe shreds. The trial was conducted
at 1600°C in a resistance furnace with the flowing of proteotias (Ar-5%H). After melting, the
solidified metal (1,016.3g) was machined into regular blocksstegts to facilitate AAS and
LIBS analysis, as shown by Figure 5-8.

For portable LIBS analyzer, with the calibration ba intensity of specific wavelength for
Cu (324.75 nm), each sheet sample was struck 10 times bygdasee and then the average Cu
content was calculated, as shown in Table 5-6. Meanwhife géeces of collected metal were
digested by aqua regia to prepare the aqueous solution for wel&is. Then corresponding Cu

content was calculated, as shown in Table 5-7.
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Figure 5-8 Collected metal for initial melting and samyidesAAS and LIBS analysis

Table 5-6 Results of portable LIBS analysis for samptdiected from initial melting

Cu wt%
Piece No. Weight (g) Handheld.XRF LIBS Analysis
Analysis
1 2.5647 0.11% 0.109%
2 0.9837 0.10% 0.109%
3 1.9220 0.15% 0.092%
4 1.0981 0.11% 0.102%
5 1.6224 0.13% 0.102%
6 1.7339 0.22% 0.105%
Estimated background Cu wt% for the Solidified Melt 0.103%

Table 5-7 Results of AAS analysis for samples collefrtma initial melting

. . Cu wt%
Piece No. Weight (g) Handheld XRF Analysig AAS Analysis
1 0.5265 0.09% 0.103%
2 0.1562 0.07% 0.120%
3 0.3243 0.08% 0.103%
4 0.1598 0.13% 0.116%
5 0.0904 0.08% 0.142%
Estimated background Cu wt% for the Solidified Melt 0.110%
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Since the sample for initial melting was only preparedréyshreds within minus 0.5inch
size fraction, indicating that the obtained resufsabove chemical analysis would be not

representative.
5.3.2 Experiments of Melting Scrap

Due to the limied capacity of the resistance furnace used for melting @rpats, it is not
feasible to produce a molten mixture of Fe shreds andifiéenCu sources together from Sample
1 with maintaining the particle size distribution. Socpe of Fe shreds from different size
distributions and identified Cu sources, such as Cu motowareentangled piece, were melted
separately for further chemical analysis. Collectedsyadter cooling and solidification are shown

in Figure 5-9 and 5-10

Figure 5-9 Collected melts for Fe shreds

Then pieces sampled from melts were digested by aqua ceghd8 analysis. Detailed

results of AAS analysis are shown in Table 5-8.
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Figure 5-10 Collected melts for identified Cu source

Table 5-8 Results of AAS analysis for different sizgribution and identified Cu sources

Before Melting After Melting
Sample : Weight Weight Metal Cu it Cu wt%g®
Weight (9) | pistributions | (g) | 0SS (AAS (Calibrated)
(9) Analysis)

1084.4 3.9% 850.4 234 0.042% 0.033%

- 894.3 28.9% 743.7 | 150.6 0.045% 0.037%

-7 0 758 24.5% 621.2 | 136.8 0.060% 0.049%

-0 0 1234.2 39.9% 1013.6 | 220.6 0.152% 0.133%

-0 93 2.8% 50.8 42.2 0.127% 0.069%

Wire- 240.2

entangled| (Fe: 233.6g + / 113.6 126.6 4.272% 2.020%
Piece | Cu wire: 6.6Q)

Cu Motor 150.8 / 104.7 46.1 55.25% 38.36%

Although protectre argon gas was maintained during the melting processuitl cmt
purge the air out of the furnace totally due to the largeespad insufficient furnace sealing, which
could contribute to the oxidization of Fe, leading to théamess. So, Cu content could be further

calibrated considering the loss of Fe mefal shown in Figure 5-11, four pieces of Fe shreds in
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the - 0~ 0 “size fraction, were identified by handheld XRF with canitej significantly more

copper, indicating the high value of Cu content in T&b&

So, the total background Cu content of Sample 1 could be éstimmaout 0.0641t%.
Furthermore, randomly selected pieces (about 1,293.7g)anommer container of Sample 1 were
also melted to validate the estimated background Cu coB&sed on AAS analysis, the resulting
Cu content was found to be 0.033wt%, indicating a reasowab&tion for the Cu content alloyed
in Fe shreds. As a result, the total Cu content of Sainptaild be calculated, as shown in Table
5-9.

0.10% 0.12% 0.18% 1.95%
\ )

Y
Cu wt% from Handheld XRF

Figure 5-11 Identified high Cu containing pieces fo6- 0" IUDFWLRQ

Table 5-9 Overall Cu content of Sample 1

Total Weight 1,337.96 kg
Weight of Fe Shred3/e shred} 1,335.129 kg
Background (Alloyed) Cu Content (Wt%Tdackground ci 0.061%
Identified Cu Sources Cu Motors and Wires
Weight of Identified Cu SourceSWeu sourcep 2.831 kg
Weight Percent of Identified Cu Sources (wt%) 0.212%
Total Cu Content (wt%) 0.272%
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54 Conclusions

Based on physical characterization, the occurrenceCwfimpurities in collected
auomobile scrap can be classified as isolated pieces, su€h motors and wires, and Cu alloyed
in Fe shreds. Following chemical characterization offerslamental understanding for the
composition of identified Cu impurities (0.212wt%) and alloy@ad (0.061wt%), which is in

accordance with the description in Chapter 1.

Referring to Sample 1, all the identified Cu impurities weokqd out from the collected
scrap pieces. For the Fe shreds, due to the large ras@ge alistribution, as shown by Table 5-2
for Sample 1, it is difficult to maintain a represem@atsampling for each size fraction during
conducting the chemical characterization, though samehtveigfribution were maintained. Since
this research demonstrates a more critical focus @€thimpurities and the results of chemical
characterization shows approximate Cu content with thelatei statistic data, the above

characterization could be representative for theectdd scrap pieces.

For removal candidates from physical separation, theyrnare desirable for targeting the
isolated Cu impurities. For removal candidates from chalnm@moval, they can be applied to

target either the isolated Cu impurities o @u alloyed in Fe shreds.
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CHAPTER 6
PHYSICAL SEPARATION: BLUE LASER SENSOR

6.1 Motivation

The most conventional industrial laser could be the iefrdaser. Besides of that, other
types of laser could be generated with adopting differexdtiumm as laser source. Tihapplication
could be determined by the wavelength, because differenttiosorate for different wavelengths
could be obtained for every materials [75]. When a spetjfie of laser is proposed asensor
to scan steel scrap, it is necessary to consider tfexedite & correspondingalsorption rate

between Cu and Fe.

Absorption of metals at 295K

Absorption
100:, Blue Mear-IR
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Figure 6-1 Spectral absorption rate for different metals

As shown by Figure 6-1 [76], for the range of wavelength betB66rand 480 nm, where
blue light could be observed by human eyes, Cu demonstraighex absorption rate than Fe.
For near infrared laser with the wavelength of 1070 nm, ththeyklifference of absorption rate
between Cu and Fe is distinct, it is not helpful to defacsince the absorption rate of Cu could
be just about 5%, indicating no response to the laserirgpo#ts a result, blue laser, as a type of

semiconductor laser, is widely used for the Cu welding due tbigiheabsorption performance.

Inspired by this application, blue laser could be capabsming Cu sources from steel

scrap. When the blue laser beam generated from addaediode scans the shredded pieces on
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the conveyor linearly, high absorption rate of Cu can iacheat on the surface, which can make
Cu-containing area have an instant higher temperature T#@n due to the good thermal
conductivity of Cu, rapid temperature dropping could be projedtedthe exposure of laser beam.
Thermal cameras could be assigned to detect the tempedigtribution on the surface and

produce corresponding thermal images of each piece.

6.2 Experimental Program

Considering the known difference of thermal conductivitg absorption for Cu and Fe
within the wavelength of an excited blue laser, a testygjemn was designed for initial

understanding of the feasibility of this technology, asshby Figure 6-2 for the schematic view

Laser Source

|/

LASER

. » To Control Computer

/——Focusing Element

7
J—» X
Y FLIR Camera

pr s

§
f
Monitor Ti
hermocoupl
Sample

Figure 6-2 Schematic overall view of blue laser testingesyst

Laser source is excited to generate a plurality of blue lasendeAssisted with focusing
element, the incident laser is targeted to the surfapeepared sample fixed on the platform with
suitable power density. The spot size and power densitygef lleam could be adjusted in order
to generate sufficient thermal response for further detecliwo thermocouples are attached on
the surface with the distance 7.5mm and 15mm respectaxedy from the laser spot and

connected to a monitor for collecting the temperaturedlaiag the experiments. Besides of using
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thermocouple, FLIR camera is also utilized to recorddat of heat flow during the whole

process.

Three samples are prepared for the testing systerhpas$y Figure 6-2, including pure
Fe sheet, pure Cu sheet and a composite (Fe sheeisdeer@u sheet). A single location on each

sample is exposed to the blue laser twice with diffespatting duration.

L " Cu bl

Figure 6-3 Diagrammatic illustration of the prepared samipleklue laser test

Based on above designed testing system, initial laboraggpgeriments have been
conducted with the industrial blue laser source from NUBUWhIch is a leading manufacturer
in blue laser technology with high-power and high-perforrea@aN (gallium nitride) diodes are
used to by NUBURU generate blue lagéB]. The detailed configuration of experiments is
demonstrated by Figure 6-4, as well as the prepared sample biidsgure 6-5. The sizef pure
JH DQG &X VKHHW LV "1~ ZLWKMWKH WKLFNQHVV RI DERXW

As shown by Figure 6-4 and 6-5, a blue laser source with 500W gooxeded a nominal
2mm diameter laser impact spot for specific time onstiéace of pure Cu and Fe sheets, fixed
on the platform. Real-time data from thermocouples<héa to the sheets and a FLIR (Forward
Looking Infrared Radar) camera were collected for the avhedting process. Detailed setting of

parameters for the experiment is illustrated by Table 6-1.

For composite sample, since the thickness was doubled cednjgathe individual sheet

sample and the laser beam was just spotted on the suffeeesbeet, so the pulse duration was
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also increased to make sure that distinct thermal respontgtbe detected for the underlying Cu
sheet. 10s was delayed between the first and second puls®rddcabbserve the thermal

dissipation with the end of laser exposing.

Laser B Thermocouple |

Source Eu=—=

Target Metal g Forward Looking
Sheets ¥ (Infrared Camera

Figure 6-4 Detailed configuration for experiments

Figure 6-5 Prepared Fe and Cu sheet samples
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Table 6-1 Details for the parameters applied to the expetimen

Parameter Setting
Laser source Power 500W
Spot size 2mm
Power density 0.016 MW/cnd
Individual sheet sample First pulse duration 250ms
Interval 10s
Second pulse duration 500ms
Composite sample First pulse duration 500ms
Interval 10s
Second pulse duration 1000ms

6.3 Results
6.3.1 Individual Sheet Sample

As shown by Figure 6-6 and Figure 6-7, due to the high thermauctivity and
absorption rate for blue laser, Cu sheet sample showaggichand distinct temperature increase

and drop compared with the Fe sheet sample.
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Figure 6-6 Temperature data collected by thermocouple doridual Cu sheet

Generally, for both Fe sheet sample and Cu sheet satiglesmperature data collected

by thermocouple with a 7.5mm distance was higher tharothaith 15mm distance. But for Cu
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sheet sample, the temperature difference between thededations could be more obvious than
that of Fe sheet sample.

TemperaturefC
N
o

Fe 7.5mm
Fe 15mm

0 10 20 30 40 50 60 70
Timels

Figure 6-7 Temperature data collected by thermocouple fosidiocl Fe sheet

Furthermore, for the temperature data collected by theyope of 7.5mm away from the
laser spot, the maximum temperature increase of individuah€at sample within two exposures
was 26.3C, and an instant drop was observed, while for individughéet sample, the maximum
increase was just 7& with a delayed drop (about 17s). More details could be foumdhle 6-

2 for the temperature increase of two individual sheaptes.

Table 6-2 Details for temperature increase of two individhaktt samples

First pulse Second pulse
Sample " Maximum temperature . Maximum
Initial ) Initial .
increase temperature increas
7 5mm 10°C (from 25.2 to 35.2 19.4°C (from 32.1
Individual Cu| at 6s °C in 4s) at 16s to 51.5°C in 4s)
sheet sample 15mm 6.5°C (from 25.2 to 31.7 14.2°C (from 31.7
°C in 6S) to 45.9°C in 12s)
7 5mm 1.7°C (from 26.7 to 28.4 5.9°C (from 28.4 to
Individual Fe| - at 4s °C in 10s) at 14s 34.3°C in 29s)
sheet sample 15mm 1.5°C (from 26.4 to 27.9 4.0°C (from 27.9 to
°C in 10s) 31.9°C in 31s)
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6.3.2 Composite Sample

As shown by Figure 6-8 for the temperature data collected byntimeuple with 7.5 mm
distance due to the lower absorption rate of Fe and thermal biigtoin through underlying Cu
sheet, the increasing of temperature for the Fe shéat komposite sample was slower than that
of individual Fe sheet. But the maximum temperature isereathin two pulse duration was 8.0
°C, which was higher than the 76 for individual Fe sheet sample. Considering thatptlhise
duration for composite sample was doubled, which meant nmserwas transmitted to the

sample, the comparison for maximum temperature increaskl wot be reasonable.

40
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5 Fe Sheet in Composite Sample

Individual Fe Sheet
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Figure 6-8 Temperature data collected by thermocouple with 7.8istance

We could still conclude that the existence of underlying @etstould impose an influence
on the temperature change of Fe sheet, as proved by Bigufer the temperature data collected
by thermocouple with 15 mm distance. The increasing of teatyoer for the Fe sheet in the

composite sample was rapid than that of individual Fetshe

Also based on above analysis, for individual Fe sheeplsatie temperature increase of

thermocouple with 7.5 mm distance could be mainly affelsyethe thermal generation due to the
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absorption of blue laser since it was close enough tlaslee impact spot to neglect the influence
of thermal conduction, while the temperature increaseeofrtbhcouple with 15 mm distance could
be affected by not only the thermal generation at teer lampact spot but also the thermal
conduction from it.

40
35
30
25
20

15

TemperaturefC

10

Fe Sheet in Composite Sample

Individual Fe Sheet

0 10 20 30 40 50 60
Timels

Figure 6-9 Temperature data collected by thermocouple with 18listance

Without the interference of Cu sheet, due to the lower rptisa rate and thermal
conductivity, the temperature difference between the heorocouplewas not distinct. But, for
composite sample, the temperature increase of theuptwith 7.5 mm distanosas slowed by
the additional thermal dissipation through Cu sheet, ewhile temperature increase of

thermocouple with 15 mm distane@s enhance by thadditional thermal dissipation.

Meanwhile a lower temperature increase (8®) could be still observed within two
exposures for Cu sheet in the composite sample, thoudinew exposure of blue laser occurred
as shown by Figure 6-10. Detailed comparison for temperatcresise between the composition

sample and individual sample for Cu sheet can be fouhdbie 6-3
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Figure 6-10 Temperature data collected for Cu sheet in coraEasnple

Table 6-3 Details for temperature increase of Cu she@mpasite and individual sheet sample

First pulse Second pulse
Sample " Maximum . Maximum
Initial : Initial .
temperature increas temperature increas
7 5mm 10°C (from 25.2 to 19.4°C (from 32.1
Individual Cu| at 65 35.2°C in 4s) at 16s to 51.5°C in 4s)
sheet sample 15mm 6.5°C (from 25.2 to 14.2°C (from 31.7
31.7°C in 6s) to 45.9°C in 12s)
Cusheetin | 7.5mm 2.3°C (from 23.4to 6.2°C (from 25.7 to
composite ' at 2s 25.7°C in 10s) at 125 31.9°Cin 11s)
sample 15mm 2.0°C (from 23.4 to 6.1°C (from 25.4 to
25.4°C in 10s) 31.5°Cin 1A)

These observation and comparison based on temperature cdderted from
thermocouplewere consistent with the heat flow data from the FtdiRera, which demonstrated

immediate differences in heat generation and dissipation.

56



Figure 6-11 Image from FLIR camera: (a) Individual Cu shesfgre the first exposure;

(b) Individual Cu sheet, 1s after the exposure; (c) Iddizi Cu sheet, 8s after the exposure;
(d) Individual Fe sheet, before the first exposure;rfdividual Fe sheet, 1s after the
exposure; () Individual Fe sheet, 8s after the expoggjd:e sheet in composite sample,
before the first exposure; (h) Fe sheet in compositgpka 1s after the exposure; (i) Fe
sheet in composite sample, 8s after the exposure;

As shown by Figure 6-11, individual Cu sheet sample demordgteatiaster thermal
distribution after the laser exposure, since no distiad area could be observed. For individual
Fe sheet sample, a lower thermal distribution was iidtesti and the generated heat cestder
around the laser spot, as shown by the distinct red Boede sheet in the composite sample, it is
highly possible that thermal conduction by underlying Cu sheetl dmuthe reason for the color
difference between (e) and (h), (f) and (i).

6.4 Conclusions

The initial laboratory tests conducted with pure Cu and Eetsihave confirmed its sorting
mechanism related to the difference of thermal condugtant absorption, demonstrating good
sorting potential for Cu impurities. Further experimewotstflue laser sensor should be planned
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with scrap sample combined with identified Cu impurities tosater the industrial application.
Designed sorting system, as shown by Figure 6-12, couldahbles laser that induces a thermal
responseon pieces of Fe or steel scrap where the thermal resgongeire Fe or steel scrap is
different from the thermal response for scrap with exeesSu impurities due to Cu having a

higher thermal absorption and conductivity.

Steel Scrap Scanning System
{ Lascrs gt To Control Computer
L
/ - \ 1 Vibrating Feeder
N

3
| FLIR Camera
- e -— -

(@) (0)¢

- \\
Conveyor Ejection System f - :
From Control Computer U U

Figure 6-12 Schematic view for blue laser sorting system

A scanning device with a focusing element is included for supplyingltieclaser pulse
with specific power density and two deflectors for dinegtihe laser pulse on the conveyor. This
sorting system further includes FLIR (forward-looking iné@) cameras positioned above the line
scan area on the conveyor to record the heat flow afagéach shredded piece as the blue laser

scans the area on the conveyor.

A control computer is provided for controlling the excitatidnbtue laser source and
operating each of the components of the system to diredaser pulse in a line scan, analyze the
heat flow data collected and transmitted from FLIR casegenerate discriminating decisions
upon the analysis for each piece, and selectively aetitia ejecting system based on the derived
decisions. With designed analyzing logic and algorithm, &a fiow data can be interpreted into
temperature distribution. If possible, a standard temperatistabution can be built through

exposing blue laser to pure Fe shreds. Pieces showing guigg&riaure increasing and decreasing
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could be classified and signaled as Cu containing. In ordempsove the accuracy of
classification, more detailed kinetic calculation tethto the heat flow or the temperature
increasing and decreasing rate can be employed to optineidedic. Also neural network may

be applied for recognizing the heat flow image from FLIR eandirectly.

The ejecting system may comprise an array of airlaezhat are mounted across a width
of the conveyor at a discharge end of the conveyor séridiination decision is determined for
each scrap piece where a positive discrimination deamseans that the scrap piece has excessive
impurities and is rejected, and a negative discriminatiersid@ means that the scrap piece does
not have excessive impurities. Once the positive discrimgpalecision is generated for a single
scrap piece, selected air nozzles in the array anater to produce a jet of air that contacts the
single scrap piece with enough force to eject the scesge nto the assigned bin. No jet of air is
directed to scrap pieces that are not discriminated, i.e., ces®xe impurities and a negative
discriminating decision, and these pieces fall into ars¢pdin. To improve the accuracy of the
ejecting system and ejecting timing, a position detector beyonfigured for detecting the

movement of co nveyor.
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CHAPTER 7
PHYSICAL SEPARATION: OPTICAL RECOGNITION IMPROVED BY
MACHINE LEARNING

7.1 Motivation

The advent of sensor-based sorting technology exhibiexeellent potential to remove
Cu impurities during physical separation, before being prodesske EAF plant. Among various
types of sensors, Color sensors [79], using optical retogmno distinguish different color values,
has been widely applied to many fields, including the miningistry for sorting impurities or
certain minerals [80], agricultural industry for sortingigsg81], and recycling for sorting plastic
bottles or flakes [82]. Considering the distinct colofeténce between metal Cu and Fe, it is
particularly desirable to achieve sortation of Cu impugitiéth optical recognition in combination
with shape detection, referring to the regular shapeuofmGtors and linear shape of Cu wires.
Other types of sensors, such as LIBS (Laser Induced Break8pagiroscopy) [30], XRT&XRF
[83, 26], and PGNAA (Prompt Gamma Neutron Activation Analysis) [2&ye also been
discussed for their feasibility to sort Cu impurities fret@el scrap. Considering that the target for
sorting is to recognize Cu impurities, which just accountOf@5wt% of the steel scrap after
magnetic separation [18], so the use of X-ray, lasgigamma source could not be energy efficient
compared to the acquiring of photographs, since each pretigedbelt must be analyzed. As a
result, compared to other types of sensors, the low apsireenent could be satisfied by optical
recognition. Although this approach could be subject to thepiropriate liberation and surface
cleanliness of steel scrap, it is highly desirable for furtirgrovement, backed by the rapid

development of image classification using machine learning.

With further understanding, the essence of optical redogrig the designed program for
analyzing images and distinguishing different color valliehares the same mechanism of imag
classification [84], which has become a common applindtio machine learning. The purpose of
this initial study is to investigate and determine the Belityi of eliminating errors related to
surface heterogeneities through applying machine learning to imppieal recognition of steel

scrap for a better sorting efficiency of Cu impurities.
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Convolutional Neural Networks (CNNs) have been commonly usea @deep learning
algorithm for image differentiation and classificati@b]. Like the regular neural network, they
both have multiple hidden layers besides of the input atmliblayer. However, for the purpose
of simplification and clarity, the neurons in one kayd CNNs will only be connected to a
particular region of previous layer, involving 3 dimensions: witieight and depth, comparing to
the regular neuron network, which could induce wasteful fittheg because of the full
connectivity of each hidden layers and neurons [86]. Refeto the input images, the width and
height would be the pixel dimensions of the image, andléip¢h would be 3 matching with the
RGB channels. The simplest architecture of CNNs corsistgput layer, convolutional layer for
abstracting the input image into a feature map, pooling layestfeamlining the underlying
computation and full-connected layer for computing the dasse of further classification [87].
Therefore, image classification can be treated gsrtfeess of inputting image data and outputting
the probability of a specific class. To solve the problémmage classification in different fields,
various complicated architectures of CNNSs, including AlexN&GNet, GoogleNet, ResNet,
etc., have been developed [88]. These architectures ipdakedy role of understanding and
memorizing features of input dataset during the training stadgeecognizing and classifying new
images during the test stage. In our initial experiments, V&@Mhitecture is applied for training
with the image dataset from shredded pieces of obsalédenobile before carrying out the testing.

More details will be given in the following parts.
7.2 Initial Experiment and Results
7.2.1 Preparation of Photographs

As described in Chapter 5 for completed visual inspectionippurities were identified
and picked out, including Cu motors and wires. With sufficibummination, a smartphone was
used to acquire the photographs of identified Cu sources, asswedl shreds, placed on a black
conveyor belt, which was adopted to simulate the real wgredmdition for sorting system, as

shown in Figure 7-1.

No particular lighting was applied for acquiring the photograflmnsidering the small
amount of identified Cu sources, random rotations weaaually operated to each piece of

identified Cu sources during acquiring the photographs as a vaatafugmentation, in order to
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maintain a balance with the number of acquired phoptgrdor Fe shreds. An average of 2000

photographs for identified Cu sources and Fe shreds wéeeteal in our work.

Figure 7-1 Acquired Photographs for shredded automobile scraphr@ded automobile scrap
in container; (b) Cu wire; (c) Cu motor rotor; (d) Cu motath wire; (e) and (f) Fe shreds

7.2.2 Methodology
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Figure 7-2 Implementation of experiment

As shown in Figue 7-2, the whole process of experiments was spilt into 3 neds:
inputting dataset, training and testing. The first part was to thyeuprepared photographs of Fe
shreds and identified Cu sources as two datasets, whichfuvéner labeled with Fe and Cu
respectively from the prospect of sorting Cu impurities, tfa following training with CNNs

architecture. The next part was the training process usim¢iNs @rchitecture. In the initial trial,
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architecture VGGNet was used to enable deep learning to be achived&latively simple and
linear structure [89]. When all the labeled photographs lkad hnalyzed through the VGGNet
architecture, a model file was generated, based on learetd fesiture information related to two
known labels, to classify new photographs. Then in the thir e testing dataset, which
consisted of new photographs for Fe shreds and idenBGfiesburces that had not been included
in the training dataset, was tested and classified by theagedenodel. The detailed distribution

of photographs to the training and testing parts as the databetns in Figure 7-3.
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Figure 7-3 Dataset distribution for training and testing process

7.2.3 VGGNet Architecture

Normal VGGNet architecture contains convolutional layers; paling layers, activation
layers and full-connected layers. Inspired by Adrian Ros#ij@0], who has successfully applied
a smaller VGGNet architecture for image classificationdification based on his code was
carried out to build a full VGGNet architecture for detailedfguration training, as shown in
Figure 7-4. Considering the training time and computing perfocenaf a personal computer, only

one full-connected (FC) layer was built in this configumatio

3x3 Cony, 256 | 3x3 Cony, 512 | 3x3 Cony, 512
3x3 Conv, 64 | 3x3 Conv, 128 Flatten
3x3 Conv, 32 3x3 Cony, 256 | 3x3 Cony, 512 | 3x3 Cony, 512
Image - 3x3 Conv, 64 | 3x3 Convy, 128 FC-4096
Maxpooling 3x3 Conv, 256 | 3x3 Conv, 512 | 3x3 Conv, 512
Maxpooling Maxpooling - - - Softmax
Maxpooling Maxpooling Maxpooling

Figure 7-4 Configuration of VGGNet architecture
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7.2.4 Training Accuracy and Loss

For the training process, 80% of the dataset was choséraiioing, while the rest 20%
was applied for validation, which could provide an unbiased etatuaf the model fit on the
training dataset for each training epoch. As shown in Figusetiie accuracy of training and
validating could be approximately 99% and the correspondingtngd be as low as 0.01 for the

final epoch.
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Figure 7-5 Training with VGGNet and original dataset: (a) Acqutddraining and validating;
(b) Loss of training and validating

7.2.5 Testing Results

During the testing stage, the generated model tested 36 néogmumhs of Fe shreds and
32 new photographs of identified Cu sources, as shown in Fig8reThe testing results were
demonstrated with the possibility of being classified as l&keand label Cu. For example, as
shown in Figure 7-6, the obtained testing result for the upgiet photograph from an identified
Cu source was about 99.97% of being label Cu and 0.03% of beindg-&haticating that this
piece was recognized correctly. However, for the lowéat pipotograph from the Fe shreds group,
the obtained result was 99.81% of being label Cu, indicdtiag this piece was recognized

incorrectly.

For the whole testing dataset, Fe shreds parts in 27 of @grhphs were recognized

correctly, while 17 pieces among 32 photographs of identifieds@urces were recognized
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correctly. Thus the accuracy for recognizing Cu impuritirgatbe estimated as 53.1%. Compared
with the high training and validating accuracy, overfittiogild be the major concern for further

optimization.

= e e o e e e e o e e e e e e e e e e e e

Possibility of Possibility of
Being Label Cu | Being Label Fe

99.97% 0.03%

Possibility of Possibility of
| Wrong | Being Label Cu | Being Label Fe
99.81% 0.19%

Recognizing Result

Figure 7-6 Demonstration of testing results

7.2.6 Overfitting

Overfitting [91] happens when a model learns the detdilaise in the training dataset to
the extent that it negatively impacts the performancéh@fmodel on new dataset, as shown in

Figure 7-7

F 3 X -
X _ X
X X
X X
X X OA
AX XX X X% X X
XX X XX X
Under-fitting Appropirate-fitting Over-fitting
(too simple to (forcefitting--too
explain the variance) good to be true) NG

Figure 7-7 Explanation of overfitting problem

One possible reason for overfitting could be thatsupplying of dataset is not enough for

the training to generalize well to make good prediction on néasdbln other words, small scale
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of dataset could be the major limitation for our reseaidthough Cu motors and wires are
classified as contaminants to limit the recycling of automadatap, the average content is just
about 0.25wt%, indicating the difficulty to collect enougimples for acquiring photographs as

many as possible.
Possible ways to reduce overfitting include:

X Increasing training dataset

X Reducing the features that could interfere the detectingigrificant feature
information

x Applying different CNN architecture

X Using dropout as regularization to control the parameters

7.3  Optimization
7.3.1 Cross validation

As mentioned before, 80% of the training dataset was cHosémraining, indicating that
feature information from the rest of dataset for validatould not be detected by the CNN
architecture. To eliminate the possibility that the undeteéeature information may be of vital
importance for classification, cross validation couldhee best option, which could be treated as

a statistical method to evaluate the performance ohmadearning program.

Validation Training
Fold Fold
1st — Performance
%)
% 2nd —» Performance ,
L
X
@ 3rd — Performance; | performance
o 5
9O 1
= =5 Z Performance,
o 4th — Performance ,4 =
~
5th —» Performance g

Figure 7-8 Mechanism of K-fold cross-validation
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As explained by Figure 7-8 [92], it could ensure that the wholesdathas the chance of
appearing in training and validation to make sure the deteatidrextraction of all the available

feature information

With the programming, the training dataset is spilt into Kpasne part is applied for
validation, and the remaining K-1 parts are applied for #iaifrg to generate model file. Figure

7-8 illustrates the example for 5-fold cross validation.

10-fold cross validation has been tried for VGGNet arctutecwith original photographs.
Detailed testing results for each iteration with tegtiataset are shown by Table 7-1. The average
accuracy of validation could be 99%. However the highesigmizing accuracyf Cu during

testing stage for the 10 iterations was just about 65Findicating an overfitting problem.

Table 7-1 Detailed testing results of cross validation

Cross Validation Testing Results Recognizing Accuracy
Fe Cu Fe Cu

Initial 27/36 17/32 75.0% 53.1%

1 22/36 20/32 61.1% 62.5%

2 20/36 21/32 55.6% 65.6%

3 19/36 19/32 52.8% 59.4%

vai?h’\'et 4 32/36 7/32 88.9% 21.9%

Original 5 31/36 9/32 86.1% 28.1%

Photographs 6 28/36 12/32 77.8% 37.5%

7 28/36 8/32 77.8% 25.0%

8 28/36 12/32 77.8% 37.5%

9 26/36 9/32 72.2% 28.1%

10 27/36 12/32 75.0% 37.5%

7.3.2 Dataset: Shape Feature

Since it is unrealistic to feed more photographs as datamesidering the existence of
ineffective feature information, one possible reasantlie low Cu recognizing accuracy and
overfitting problem could be the interference from bleakkground, which was dominant in most
of the photographs compared to the shredded objects. Duringathi@dr this dominated area
might be analyzed as the feature information, weakening thhinaf other distinct colors, such

as the reddish-brown of Cu metal in the motor rotor, tighbwhite of the motor shell, and the
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red or blue insulation of Cu wire. As mentioned beftine,regular shape geometry could be also
treated as the feature information for recognizing ideatifCu sources. In order to optimize the
Cu recognizing accuracy, shape feature, as shown in Figure 7-8xwwasted individually from

the prepared photographs as a new training dataset.

(a) (b) (© (d) (e)

Figure 7-9 Extracted shape feature: (a) Cu wire; (b) Cu motor (@)oCu motor with wire; (d)
and (e) Fe shreds

The same process utilizing VGGNet architecture was appliectoaWw dataset of shape
feature. After training, a new model file was generated faintesAs a result, 25 pieces among
32 photographs of identified Cu sources were recognized dgyrettile 20 pieces among 36
photographs of Fe shreds were recognized correctly. Sodteaay for recognizing Cu impurities
was improved to 78.1%, though the Fe recognizing accuracyadecewhich may be attributed
to the light reflection. During the preparation of photograpiwious light reflection could be
observed for Fe shreds due to the irregular presentationaan@al illumination, leading to the
existence of redundant information that could disturlrélsegnition, as demonstrated by (d) and

(e) in Figure 7-9

However, as shown in Figure 7-10, overfitting problem coulstiieobserved for training
with this new dataset, signifying that it is highly possiblg,tlfiar the optimized dataset, the

background could be learned and detected as a feature.

To verify the above results for VGGNet architecture witiginal photographs and shape
feature, the whole program, including training and testing ble@n repeated multiple times with

same dataset and parameters for the program.
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Figure 7-10 Training with VGGNet and shape feature: (a) Accushtyaining and validating;
(b) Loss of training and validating

The detailed results are shown in Table 7-2. As mentioafendy during the training stage,
80% of the dataset was randomly chosen for training by thgragm while the rest 20% was

applied for validation.

Table 7-2 Detailed testing results for the repeated pragram

Training with Original Training with Shape Featel
No. of experimentg Phgtographs .
' ’ Testing Results Testing Results
Fe Cu Fe Cu
Initial 27/36 17/32 20/36 25/32
1 22/36 14/32 0/36 32/32
2 18/36 16/32 0/36 32/32
3 28/36 11/32 0/36 32/32
4 31/36 11/32 0/36 32/32
5 32/36 4/32 0/36 32/32
VGGNet 6 34/36 4/32 1/36 30/32
7 20/36 16/32 0/36 32/32
8 13/36 22/32 0/36 32/32
9 33/36 9/32 0/36 32/32
10 21/36 13/32 0/36 32/32

So the reason for obtaining different testing resulesagh repetition could be attributed to

the random splitting of dataset for training and validatiopimgramming. Also, as demonstrated
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by the application of cross validation, it is possible the random splitting of training dataset
would not be the principal reason for the lower recognizaayiacy with VGGNet architecture.
Meanwhile, we can conclude that only adopting shape featutr@iamg dataset could not be

feasible and feature information based on color differexaaild have a higher priority.
7.3.3 Dataset: Cropped Photographs

With the concern of interference from black backgrowithtographs had been cropped
by programming to remove the black background as much as possdhpplied as new dataset,

as shown in Figure 7-11.

(a) (b) (0) (d) (e)

Figure 7-11 Cropped dataset: (a) Cu wire; (b) Cu motor roto€yanotor with wire;
(d) and (e) Fe shreds

Deformation could be observed and acceptable to maintain nihatting size of
photographs in accordance with the requirement of CNNstactinie. The same process utilizing
VGGNet architecture was applied to the new cropped dataset. ésul, 20 pieces among 32
photographs of identified Cu sources were recognized corractiye 22 pieces among 36
photographs of Fe shreds were recognized correctly. Thuacihwacy for recognizing Cu
impurities could be estimated as 62.5%, while the accuracifdashreds could be 61.1%. As
shown in Figure 7-12, overfitting could be still a problemonetheless, dataset with cropped

photographs is worth pursuing.
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Figure 7-12 Training with VGGNet and cropped photographs: (a) Acgwfaraining and
validating; (b) Loss of training and validating

7.3.4 New Architecture

Based on the above investigation and further analysiseains that initial VGGNet
architecture might not be the suitable architecture, rieferto the specific dataset. Other
architectures, such as ReSNet, InceptionV3, Xception aegptioon._ ReSNet, have been tried with

cropped photographs as dataset.

ReSNe{93] is an architecture which can be able to have hundremmweblutional layers.
For VGGNet architecture, with the increase of convolatidayers, its effectiveness could get
worse resulting in a degraded performance and longer trainieguihile ResNet can add a large
number of layers with strong performance. Residual neoduhtroduced to the structure in order
to alleviate the explosion of parameters for computatkeor. Inception_V3 architecturf94],
instead of going deeper, it has a more complicated desiginahpplies filters with multiple size
on the same convolutional level, showing a structure W80 layers. Then the outputs are
FRQFDWHQDWHG DQG VHQW WR WHKH KQHYW Fevidifddtice LRUMM/IGK WKL\
be hoped for. Xceptiof®5] could be treated as the extension of Inception archieaetith the
involving of depthwise separable convolutions, which could beenefficient considering the
computation time and memory requirements. 36 convolutiagat$ have been structured into 14
modules to form the whole architecture. Inception_Re38&jtis the combination of Inception

and ReSNet architecture. Inception module could acquire imorenation from the input dataset.
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ReSNet module could make the training depith increased accuracy. This combination could
be used to improve the performance of architecture. Thengeresults of applying these

architectures with cropped dataset are shown in Table 7-3.

Table 7-3 Detailed testing results for training with différarchitectures

NoO Testing Testing Testing Testing
Tc;ifa Results| Accuracy| Results| Accuracy| Results| Accuracy | Results Ac((::;ra
I Architecture: Architecture: Architecture: Architecture:
ReSNet InceptionV3 Xception Inception_ReSNet
Fe: o Fe: o Fe: o Fe: o
| 2836 | 7787 | 3036 | %39 | 3536 | 9% | 3236 | 9%
Cu: Cu: Cu: Cu:
26/32 | B13% | q7/30 | S3I% | o4z | TSO% | 5pmy | 65:6%
Fe: Fe: Fe: Fe:
yp | 1936 | 2% | agi3 | OTIY | 3436 | 9% | 3gize | 4%
Cu: 0 Cu: 0 Cu: 0 Cu: 0
19/32 59.4% 27/32 84.4% 26/32 81.3% 25137 78.1%
Fe: 0 Fe: 0 Fe: o Fe: o
o | 2336 | 959 | gz | 78 | 3536 | 972 | 3pj3e | 999%
Cu: 0 Cu: 0 Cu: o Cu: o
25/32 78.1% 26/32 81.3% 25/32 78.1% 23/32 71.9%
Fe: 0 Fe: o Fe: o Fe: o
44 33/36 IL7% 26/36 72.2% 28/36 77.8% 32/36 88.9%
Cu: 0 Cu: o Cu: o Cu: o
16/32 50.0% 21/32 65.6% 29/32 90.6% 21/32 65.6%
Fe: 0 Fe: 0 Fe: o Fe: o
45 30/36 83.3% 26/36 72.2% 21/36 58.3% 27/36 75.0%
Cu: 0 Cu: 0 Cu: o Cu: o
19/32 59.4% 26/32 81.3% 29/32 90.6% 22/32 68.9%

The testing accuracy for Cu impurities and Fe shredsdmitimproved compared to the
initial trials with VGGNet, especially for #4 training widception architecture. Meantime, to a
certain extent, overfitting problem could be regardediigation, though the accuracy of training
and validating remained high, for example, as shown in €ig#d3 for #4 training with

architecture Xception.
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Figure 7-13 Training with Xception and cropped photographs: (a) Acgofaraining and
validating; (b) Loss of training and validating

7.4 Conclusion

In this initial work, well-developed CNN architectures haverbadopted for the image
classification from machine learning, in order to improvegédormance of optical recognition,
which could be potentially viable for sort Cu impurities frontcanobile scrap. The proposed
VGGNet architecture based CNN was initially adopted for thenitrgi process with real
photographs of shredded automobile scrap, including identified Cuitrapuand Fe shreds. Then
the testing process was conducted based on the generaded fiilgo after training. From the
experimental results, a Cu recognizing accuracy of 53.1% wldsvad for the training with
normal photographs. Further optimization has been atesmpi delve into the overfitting
phenomena through modifying the dataset and applying new atahé#eclIn terms of better
performance, optimized Cu recognizing accuracy of 90.6% wasvadhfer the training with
Xception architecture and cropped photographs. It is therefmasonable to say that this
recognizing accuracy could bring the Cu content of steelpssprted by improved optical
recognition below the problematic threshold of 0.1wt%, adigea high grade, which is desired
and preferred by steelmaking industry. Although overfitting gnobtould still be the concern,
we believe that the proposed technique has the potentiatberfueduce the Cu content through
future optimization. For example, considering the requinat of dataset scale for training, which

would pose a challenge on collecting sufficient sample#f;bsilt CNN architecture to be
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individualized for this work through hyperparameter optimizaf@tj could be a feasible way for

next step.
7.5 Summary

For blue laser sensor, as one of identified physicabwal technologies, initial laboratory
tests conducted with pure Cu and Fe sheets have confirsngdriing mechanism related to the
difference of thermal conductivity and absorption, denratisy good sorting potential for Cu
impurities. But the accessibility of industrial blue laseurce could be a limitation for conducting

further laboratory experiments with actual automobile sseampple.

For optical recognition, as another identified physicalaeal technology, experiments
conducted with different well-developed CNN architectures aodped dataset have proved that
it is highly possible to reduce Cu content to the 0.1wt% dinoh with the improvement of
machine learning. Also the machine learning program could beefuoiptimized to improve the

recognizing accuracy. So this candidate is identified fahéuresearch.

For industrial application, if neglecting the econonusts for utilizing different types of
sensor, optical recognition improved by machine learningnase desirable and efficiency for
sorting isolated Cu impurities and blue laser could be adoptedsapplementary sensor after
optical recognition considering that the collecting @ahflow data is dynamic and might be time
consuming for the derivation of sorting decision. Themfdirther sorting Fe shreds with high Cu
content, XRF sensor could be applied to achieve compositietattion. As a result, a designed

sorting order for above sensors could be demonstrateybser -14.

Hammer Mill Drum Magnetic Optical Recognition
Auto Shredder Separator Improved by Machine learning

= | Blue Laser Sensor | —p ‘ XRF Sensor

Figure 7-14 Designed sorting order for applying different sensors
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CHAPTER 8
APPLICATION OF HYPERPARAMETER OPTIMIZATION ON MACHINE LEARNING
PROGRAM TO FURTHER IMPROVE THE OPTICAL RECOGNITION

8.1 Motivation

As researched in Chapter 7, it is evidence that opticalgration, which has potentially
viability as one type of sensor-based sorting technolagydde improved by machine learning
to sort the Cu impurities from automobile scrap. Image claatdit, which shares the same
mechanism with optical recognition, was applied to enh#me@erformance for recognizing Cu
impurities with the use of various well-developed CNN archites, including VGGNet, ReSNet,

Inception V3, Xception and Inception_ReSNet.

The Dbetter recognizing accuracy for Cu was obtained by rgpinvith Xception
architecture. Efforts have also been tried through matjfihe photographs, overfitting problem,
however, could still be observed, considering the highaniftg and validating accuracy.
Therefore, it is possible that the training with abasadl-developed CNN architectures went too
deep, leading to the learning of details and noise in theirtgadataset to the extent that it
negatively impacted the performance of testing on new datasesidering the limited scale of

acquired dataset and sophisticated structure of well-developeda@ititiectures.

With this concern, hyperparameter optimization [97] wallddopted to build a particular
CNN architecture to be individualized for this work, which cobéd feasible to enable better
performance and avoid overfitting problem. It plays a ctuode in finding the perfect
combination of different parameters to achieve the maximpuadicting accuracy within an
acceptable time range. Although available research for pgmneter optimization applied to
recognize Cu impurities with convolutional neural network dowlt be found, this approach has
been one essential procedure for improving the perforenahany machine learning technique
applied to other fields. For example, Lucas Lima eto#l] xplored hyperparameter optimization
to identify the best CCN architecture in order to recognizaiggulmonary nodules in benign or
malignant. Ramon Cabada et al. [99] applied hyperparamgténipation to improve the

performance of CNN for emotion recognition. Renhong Xieale [100] built 1D-CNN and
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the low-resolution ground surveillance radar.

Generally speaking, hyperparameters are classified as paraneat are designed to
configure the architecture but could not be updated during tihétygorocess. For convolutional
neuron network (CNN), they can be roughly divided into two drwategories according to their
functional roles in the configuration [101]. The firsteoincludes parameters which are involved
in building the specific structure of the neural netwanll determining the accuracy of training
model, such as the number of convolutional layersntiraber and size of filters used in each
convolutional layer, the activation function and drojprate. The other one contains parameter
which are involved in affecting both the efficiency and aacyy such as the learning rate, batch
size and epoch number. Hyperparameter optimization coutddited as the final part of designing
a CNN architecture.

Three popular and basic algorithms for hyperparameter aaiiimn are introduced in this
research, including grid search, random search and Baygstiamzation [102]. For grid search
ard random search, they can carry out an exhaustive searcthe different value of
hyperparameters specified by designer. Normally, a gird fiéreint values for multiple
hyperparameters will be set up, and then the grid seagdrithim will try every possible
combination of values for those hyperparameter [103]ekample, if searching 5 different values
for each of 3 hyperparameters is prepared for optimizéd®irjals will be performed to find and
identify the optimal combination. As a result, it mighg¢ time-consuming and computational
dependence. Similar as grid search, the random seardiithatgaill try random combinations
over the different valuel04]. The number of combination could be controlled by theamm
considering the time budget. Although it is possible that rargkarch might not pick the optimal

value, its efficiency could be enhanced.

For Bayesian optimization, it can be classified as@uential search algorithm that could
be much efficient, comparing to either grid search or ranskanch. As explained by Equation 8-
1, the target of Bayesian optimization is to identifyhigperparameters h that could maximize the

function f[h] through sampling from a feasible set H [J[L02

© PDPI>K@@ (8-1)
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This process includes two main components: a surrogate riwwdéke objective, which
could be the accuracy for validation during training the dat@msenachine learning, and an
acquisition function for sampling [105]. The most popular weasnodel the objective is Gaussian
process (GP) and common acquisition function is Expeotptbvement (EIl). More details about
Bayesian optimization could be found from the tutorial Bgp&r Snoek [103]. In this work,

Gaussian process (GP) combined with Expected improvemens @lppted for optimization.
8.2 Methodology
8.2.1 Dataset

An essential part of optical recognition improved by machéaning is the dataset
prepared for training. In the work described in Chapter 7,taB600 photographs for both
identified Cu impurities and Fe shreds from collected aatwle scrap sample were acquired for
training. In order to eliminate the interference of blackkigpound dominated in the photograph,
photographs were further cropped by programming as improved d&tétsethe concern of small
scale, new photographs of Cu motors and wires, which wekediout manually after the
magnetic separation in Western Metals Recycling, weyaiged to enlarge the dataset, as shown

in Figure 8-1.

Figure 8-1 New collected photographs for Cu motors and wires
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As a result, about 3000 photographs for each category wereechpplthe following
optimizing study. The detailed distribution of acquired phaiphs applied to the training and
testing is shown in Figure 8-2, as well as the implememtaif experiment.

[ i s i mommy oo T S Y)Y S Ay el R B it e s B Bl W e e s S e e B e S o S |
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| 2055 4 32 New
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: LabelFe: | P Architecture : : from Training ’W
| Ph t1988 Training ! Testi "3 | Photographs
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I

Stage : Stage

_______________________________________________________________

Figure 8-2 Details of the dataset and implementation

Basically, prepared dataset, which is categorized into biahgtd, namely Cu and Fe, will
be applied for the training with CNN architecture. Then méitkegenerated after the training will
be applied for testing with new photographs. The testingtrisuhdividual photograph will be
illustrated as the percentage of being recognized as laba&h&label Fe. As a result, the overall
testing or recognizing accuracy could be estimated. Simedelh input data is supplied to the
program, this process could be classified as supervised leammmigh is good at image

classification.
8.2.2 Hyperparameter of CNN Architecture

As a feed-forward type of neural netwddO6], the convolutional layer could extract the
feature information from the input photographs. Then tkat@cted feature information could be
reduced by the pooling layer, considering the amount of pagasnehd computation, such that
the final classification could be finished by the fullyanected layer. Figure 8-3 shows the three

basic layers of a CNN architecture.

It is difficult to claim which of hyperparameter have the poiority. But more studies have
been performed on those with significant importance. 8diperparameters optimized in this
work are explained as follows, considering the importamceedfects on the training and final

recognizing accuracy:
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x Convolutional layers: Number of convolutional layers

x Filters: Number of filters in each convolutional layed @he size applied to extract feature
information

x Dropout rate: Probability of ignoring randomly selected nesicmmnections between two
layers

x Batch size: Number of photographs passed through the maivedrk in a single batch

X Learning rate: Length of step at each epoch

x Epoch: Number of entire dataset passed through the neuralrketwo

| Filter Size : ! : i — — :
: —_— | | | [N |
| | | | | o |
| . N |
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: : | o WY Label: Cu |
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‘ | e |
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! ] R e ] = T, NP J
Convolutional Layer Max-pooling Layer Full-connected Layer

Figure 8-3 Three basic layers of a CNN architecture

Basd on the experience with well-developed CNN architectur@syalutional layer is
suggested to be followed by the batch normalization funtbi@void overfitting before the max-
pooling layer. So in order to demonstrate the self-built Gdhitecture in a convenient way, as
shown by Figure 8-4, a designed convolutional module in thi& wonsists: one convolutional
layer using multiple filters, activation function witkeR, batch normalization function, one max
pooling layer and regularization function using dropout. Aigleed full-connected module
consists: one flatten layer, one full-connected layamesponding activation function with Relu,
batch normalization function and regularization functising dropout, as shown by Figure .8-5
Activation function with Relu is applied to output the giied input from the neural nodes and
has become default choice for CNN due to the benefasiéf learning and better performance.

Batch normalization and regularization with dropouten@een recognized as two well-known
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approaches to short training time and mitigate overfitting pnobl&enerally, for CNN
architecture, the minimum number of these two moduldsasd they could be modified with
flexible design. In this work, only one full-connected moduées adopted considering the scale

of dataset and time budget.

Convolutional Layer

Activation- Relu

Convolutional

Module Batch Normalization

Max Pooling Layer

Regulation-Dropout

Figure 8-4 Details for convolutional module

Flatten Layer
Full-connected
Full-connected Layer
Module i Activation- Relu
Batch Normalization

Regulation-Dropout

Figure 8-5 Details for full-connected module

8.2.3 Evaluation of Testing Results

After the optimization, the best-fit hyperparameters bélidentified and applied for an
individual training process to generate the corresponding nfdeefor further testing. The

evaluation process will be performed based on the testsudts. To evaluate the performance of
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optimized hyperparameters, the following statistic metndl be used, including sensitivity of Cu
(SEN-Cu), sensitivity of Fe (SEN-Fe), overall accyrg®CC). Sensitivity of Cu assesses the ratio
of true Cu impurities, which are classified as label Cu cdyreo total Cu impurities in the testing
dataset, sensitivity of Fe assesses the ratio ofReushreds, which are classified as label Fe
correctly, to total Fe shreds in the testing dataset, cuedall accuracy means the ratio of

photographs classified correctly to the total photograptieitesting dataset.

6HQVLWLY RI &X (8-2)
78 X))H
s
GHQVLWLY%XRI YH (8-3)
$FFXUBF{xDH__ (8-4)

7&X))H TyH ) &x

where Ty is the number of true Cu impuritiesseKfalse Fe shred) is the number of Cu impurities
being classified as Fe shreds incorrectly, i the number of true Fe shreds;,, KFalse Cu

impurities) is the number of Fe shreds being classifieduas@urities incorrectly.
8.3 Experimental Results and Discussion
8.3.1 Random Search

(1) Convolutional Module

As shown in Table 8-1 for the hyperparameters to be optinsimddheir corresponding
range of values for searching program, three major hypegpeasnincluding the number of filters,
filter size and dropout rate, were explored by the randegarch algorithm for each convolutional
module. For activation function, batch normalizatiow anax pooling layer in the convolutional
module, the popular setting was chosen since it has beamaxay used for image classification
with good performancfl07]. To determine the number of convolutional module inst#i& built
CNN architecture, the initial random search was perfortimtlie architecture of one convolutional
module and one full-connected module to explore the aptiadue for the number of filters and
filter size in first convolutional module. Then individwainvolutional module was added one by
one to the optimized first convolutional module continipdsr the following random search

programs. During those optimizing processes, default seifitlge full-connected module and
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other hyperparameters was adopted temporarily based omottkedescribed in Chapter 7, as
shown by Table 8-2.

Table 8-1 Hyperparameters and corresponding range for ogtiarz

Hyperparameter Range Algorithm
First Convolutional Num_ber Of Filter 8, 128] ]
Module Filter Size (3, 3), (4, 4) and (5, 5]
Dropout Rate [0.05, 0.55]
Second Number of Filter [104, 256]
Convolutional Filter Size (3, 3), (4, 4) and (5, 5]
Module Dropout Rate [0.05, 0.55]
Third Convolutional Num_ber Of Filter [104, 256]
Module Filter Size (3, 3), (4, 4) and (5,5] Random Search
Dropout Rate [0.05, 0.55]
Fourth Convolutiona Num_ber of Filter [136, 256] ]
Module Filter Size (3, 3), (4, 4) and (5, 5]
Dropout Rate /
Number of Units in
FUHI;/(I:(())(:I]SliCted Full-Connected Layer 512, 1024, 4096
Dropout Rate [0.05, 0.55]
Batch Size [8, 128] Bayesian
Other Learning Rate [le-4, le-1]] optimization
Epoch [50, 200]

Table 8-2 Default value of hyperparameters in full-connegtedule and other

hyperparameters
Hyperparameter Default Value
Convolutional Module Dropout Rate 0.25
Number of Units in Full-Connected 1024
Full-connected Module Layer

Dropout Rate 0.5

Batch Size 32

Other Learning Rate le-3

Epoch 100

For the results of random search, combination of valethé number of filters and filter
size having highest validating accuracy will be identifiedhasaptimal setting. When the fourth

convolutional module with optimal setting was added taatichitecture, the testing result did not
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get improved, especially for the sensitivity of Cu, asnshby Table 8-3 for details of optimal

settings and following evaluation.

Table 8-3 Details of optimal setting and following evaluat@mrthe number of filters and filter
size in convolutional module

One Convolutional | Two Three Four
Module Convolutional Convolutional Convolutional
Modules Modules Modules
Optimal 1st: 1st: 1st: 1st:
Setting Number of filters: | Number of Number of Number of
104 fiters: 104 fiters: 104 fiters: 104
Size of filter: 3x3 Size of filter: Size of filter: Size of filter:
3x%3 3x3 3x3
2nd: 2nd: 2nd:
Number of Number of Number of
filters: 104 fitters: 104 fiters: 104
Size of filter: Size of filter: Size of filter:
5x5 5x5 5x5
3rd: 3rd:
Number of Number of
filters: 136 filters: 136
Size of filter: Size of filter:
3x3 3x3
4th:
Number of
filters: 160
Size of filter:
3x3
Testing Cu: 24/32 Cu: 24/32 Cu: 26/32 Cu: 23/32
Results Fe: 26/36 Fe: 30/36 Fe: 34/36 Fe: 34/36
Evaluation SEN-Cu: 75.0% SEN-Cu: 75.0% | SEN-Cu: 81.3% | SEN-Cu: 71.9%
SEN-Fe: 83.3% SEN-Fe: 83.3% | SEN-Fe: 94.4% | SEN-Fe: 94.4%
ACC: 73.5% ACC: 79.4% ACC: 88.2% ACC: 83.8%

The possible reason could be that the addition ofdhgH convolutional module might
make the learning process too deep, leading to the worse panftgnon recognizing Cu
impurities. Also it could be possible that the optimalisgtfor the fourth convolutional module
was not selected perfectly by the random search progrange Isearching range could be feasible

for a better result. But considering the time budget andhdurtoptimization of other
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hypreparameters, the full CNN architecture was organizedhascombination of three

convolutional modules with one full-connected module.

Then random search program was conducted for the optiomzaitdropout rate for each
convolutional module separately and continuously. Detiloptimal value and following

evaluation are shown by Table 8-4.

Table 8-4 Details of optimal value and following evaluafmnthe dropout rate of each
convolutional module

No. 1 2 3
1st: 1st: 1st:
Dropout rate: 0.1 Dropout rate: 0.1 Dropout rate: 0.1
(Optimal) (Optimal) (Optimal)
2nd: 2nd: 2nd:
Setting Dropout rate: 0.25 Dropout rate: 0.5 Dropout rate:
(Default) (Optimal) 0.5(Optimal)
3nd: 3nd: 3nd:
Dropout rate: 0.25 Dropout rate: 0.25 Dropout rate: 0.55
(Default) (Default) (Optimal)
Testing Cu: 29/32 Cu: 30/32 Cu: 29/32
Results Fe: 26/36 Fe: 29/36 Fe: 30/36
SEN-Cu: 90.6% SEN-Cu: 93.8% SEN-Cu: 90.6%
Evaluation SEN-Fe: 72.2% SEN-Fe: 80.6% SEN-Fe: 83.3%
ACC: 80.9% ACC: 86.8% ACC: 86.8%

$OWKRXIJIK WKH RSWLPLIDWLRQ RLERQRGC RPR/G XDV B LUK Q TW
the sensitivity of Cu, higher sensitivity of Fe waseqable since balanced sensitivity for both Cu
and Fe could be desirable for certifying the performanaeawhine learning program. So setting

of No. 3 experiment was chosen for further optimizatibotber hyperparameters.
(2) Full-connected module

Flatten layer is a necessary procedure to unstack theedtansor from the convolutional
modules into a vector for the full-connected layer withany needs for optimization. For
activation function and batch normalization in thé-Gdnnected module, the popular setting was
also chosen similar as them in convolutional modulestiie number of units in the full-connected

layer, preliminary experiments were performed for the vafugl2, 1024, and 4096, combined
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with the optimized convolutional modules and defaulugadf other hyperparameters from Table
8-2. As shown in Table 8-5 for the results of evaluatitafault 1024 units demonstrated a better
testing result. So the number of units in full-connectgerlavas fixed as 1024. Then another
hyperparameter in full-connected module, mainly the droposet veas applied to the random

search program within the specified range, as shownbieTal.

Table 8-5 Results of evaluation for the number of unitsili-connected layer

Number of Units 512 1024 (Default) 4096
Dropout Rate 0.5 (Default) 0.5 (Default) 0.5 (Default)
Testing Results Cu: 20/32 Cu: 29/32 Cu: 29/32
Fe: 35/36 Fe: 30/36 Fe: 24/36
SEN-Cu: 62.5% SEN-Cu: 90.6% SEN-Cu: 90.6%
Evaluation SEN-Fe: 97.2% SEN-Fe: 83.3% SEN-Fe: 66.7%
ACC: 80.9% ACC: 86.8% ACC: 77.9%

Table 8-6 Results of optimal setting and following evaduafor the dropout rate in full-
connected layer

Number of Units in Full-connected 1024 1024
Layer
Dropout Rate 0.25 (Optimal Value) 0.5 (Default)
Testing Results Cu: 29/32 Cu: 29/32
Fe: 28/36 Fe: 30/36
SEN-Cu: 90.6% SEN-Cu: 90.6%
Evaluation SEN-Fe: 77.8% SEN-Fe: 80.6%
ACC: 83.8% ACC: 86.8%

As shown by Table 8-6, the evaluation for the default vaheeoptimal value of dropout
rate demonstrated the same sensitivity of Cu. But thsitgaty of Fe decreased slightly. The
possible reason for this phenomenon could be attributed tapiheation and accumulation of
three additional dropout layers in convolutional moduleslifeato no obvious response for the
dropout layer in full-connected module. So default valuelfopout rate in full-connected module
was fixed for the following Bayesian optimization. Also detaresults for above random search

programs could be found in Appendix C.
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8.3.2 Bayesian Optimization

With the combination of three optimized convolutionaldules and one full-connected
module, the detailed configuration for the self-built CNish#ecture was framed by Figure 8-6
The last dense layer, which had 2 units in accordancethatmumber of assigned labels, and
activation function with softmax were necessary ferdlassification without the needs for further
optimization[108]. As a result, the last three hyperparameters, whigltraicial to a machine
learning process, were number of epochs, learning rate arfddietc These parameters not only
influence the training and testing accuracy, but also mheter the computational time. For
example, larger batch size could allow the speedup of tegginihile worse generalization could
be obtained. Increasing the number of epochs could béfgosiead to overfitting and make the
training time-consuming. Small value of learning rate couldlr@sa longer training, while large
value might cause quickly convergence to suboptimal modebi@idering the correlative among
them, Bayesian optimization was adopted to optimize tthese hyperparameters, since it could
bring down the optimizing time compared to grid search and béfeeer generalizing performance
with the pivot of Gaussian process (GP). Because Gaussiaspromuld evaluate the unobserved
combination of three hyperparameters through the resaltioigracy obtained from past evaluated

combinations, indicating a more efficient procg<39.

Flatten Layer

Conv: 3x3 Filter, 104

Conv: 5x5 Filter, 104

Conv: 3x3 Filter, 136

Activation- Relu

Activation- Relu

Activation- Relu

Full-connected

Photographs

Batch Normalization

Batch Normalization

Batch Normalization

Layer: 1024

Dense: 2

Max Pooling Layer

Max Pooling Layer

Max Pooling Layer

Activation- Relu

Activation- Softmax

Dropout: 0.1

Dropout: 0.5

Dropout: 0.55

Batch Normalization
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Figure 8-6 Details for the self-built CNN architecture

Detailed results for the Bayesian optimization withtrd&ls are demonstrated by Table 8-
7, as well as Figure 8-7 for the convergence plot of opimgiprocess. Trail 6 was identified as

the optimal combination of the three hyperparametersaliiee highest validating accuracy. Then
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all these optimal hyperparameters were adopted for duAvitraining and testing process.

Detailed testing result could be found in Table 8-8 withetreduation by three statistic metrics.

Table 8-7 Detailed results for the Bayesian optimization

Epochs Learning rate Batch size Validating Accuracy
127 2.40E-03 23 97.67
147 1.10E-02 52 99.75
172 6.60E-04 83 86.83
150 5.80E-02 109 75
78 8.70E-02 84 97.83
196 3.30E-02 76 99.83
56 6.50E-03 73 73.83
162 2.30E-02 118 98
71 1.70E-04 71 98.92
98 2.30E-02 108 96.58
181 2.50E-02 12 88.58
147 1.10E-02 53 96.58
147 1.10E-02 51 99.58
147 4.00E-02 42 99.75
146 1.10E-01 8 99.75

Convergence plot
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Figure 8-7 Convergence plot for the Bayesian optimizationgss
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Table 8-8 Final evaluation for architecture with all optzeal hyperparameters

Hyperparameter Range Algorithm
. . Number of Filter 104
First Convolutional - .

Module Filter Size (3,3
Dropout Rate 0.1

Second Convolutiona Num_ber Of Filter 104
Filter Size (5,5

Module
Dropout Rate 0.5
. Random Search
Third Convolutional Number of Filter 136
Module Filter Size (3,3
Dropout Rate 0.55
Number of Units in 1024
Full-connected Modulg Full-Connected Layer
Dropout Rate 0.5
Batch Size 76 Bavesian
Other Learning Rate 3.30E-02 o tin{ization
Epoch 196 P
. Cu: 28/32
Testing Results Fe: 30/36
SEN-Cu: 87.5%
Evaluation SEN-Fe: 83.3%
ACC: 85.3%

Table 8-9 Comparison of evaluating results before and Bétgesian optimization

Training with Self-built Architecture

Before Bayesian

After Bayesian

Training with Xception

Optimization Optimization Architecture
Testing Results Cu: 29/32 Cu: 28/32 Cu: 29/32
9 Fe: 30/36 Fe: 30/36 Fe: 28/36

Evaluation

SEN-Cu: 90.6%

SEN-Cu: 87.5%

SEN-Cu: 90.6%

SEN-Fe: 83.3%

SEN-Fe: 83.3%

SEN-Fe: 77.8%

ACC: 86.8%

ACC: 85.3%

ACC: 83.8%

As shown in Table 8-8 and 8-9WKH VHQVLWLYLW\ RI &X GLGQYIW JHW
optimization and overfitting problem could still be obsshin Figure 8-8. But it is not appropriate
to conclude that this process is ineffective or usetsse the difference for the number of Cu
impurities being recognized correctly was just 1 piece andedsing dataset with small scale had

to be applied for this work. Although Cu motors and wiresclssified as contaminants to limit
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the recycling of automobile scrap, the average contenisisgbout 0.25wt%, indicating the
difficulty to collect sufficient samples for acquigiiss many photographs as possible. Furthermore,
for the acquired photographs, distribution of a large nigjdo the training dataset could be
preferred for collecting more feature information and eahg a better training. From the aspect
of Cu removal, as estimated by Table 8-10, it is evidemtieaD.1wt% limitation for Cu content

could be still achieved with the consideration of Bagegiptimization.

For this self-built CNN architecture accomplished througlptioeess of hyperparameter
optimization, compared to the use of well-developed archites;tiegpecially for Xception
architecture, time-saving for training could be one advaniage the CNN architecture has been
simplified without other elaborated structures, though thmereains the overfitting problem.
Training with self-built CNN architecture could take about 420sepexch, while training with
Xception architecture could take about 840s per epoch. Onheeland, if considering that this
work is targeted to remove Cu impurities, sensitivity of Guld be one important standard for
evaluation. So as shown in Table 8-4, self-built CNN arctute with the setting of No. 2
experiment and other default hyperparameter could be decidbd fisal outcome without the
needs of further optimization due to the highest sertsitofiCu, leading to less time budget and

good Cu removal rate as shown in Table 8-10 for the early sgpppioptimization.

Table 8-10 Estimated Cu removal for improved optical recamgmitith machine learning

Trials Estimated Cu wt% befor| Estimated Cu wt% after
Optical Recognition Optical Recognition
Training Wlth Xception 0.087%
Architecture
Befor.e Baygsmn 0.085%
Training with Optimization
/ After Bayesian 0.272%[18] 0
Self-built Optimization 0.093%
Architecture
Early Stopping 0.077%
of Optimization

89



-
o

- —— Train_accuracy " ) 200- — Train_loss
—— Val_accuracy —— Val_loss
175 -
J
J 150 -
25 -

o
©

=}
o
-
u

Accuracy
o
3

=}
o
e
N
(<)

(=}
wn

25 -

0- MAJML A A M L A
0 25 50 75 100 125 150 175 200 0 25 50 75 100 125 150 17
Epoch Epoch

5 200

(a) (b)

Figure 8-8 Training with self-built CNN architecture includingyBsian optimization: (a)
Accuracy of training and validating; (b) Loss ofriiag and validating

8.4 Conclusion

In this chapter, we proposed the application of a self-&NN architecture on the
recognition of Cu impurities from collected automobile ss@ample through image classification
to further improve the recognizing accuracy. The self-blNINGrchitecture was realized by the
application of hyperparameter optimization, which utilizechdan search and Bayesian
optimization to optimize multiple crucial hyperparametdtsaluation for the self-built CNN
architecture with optimal hyperparameters has been comblweith three statistic metrics,
including the sensitivity of Cu, sensitivity of Fe, and olteaacuracy. The sensitivity of Cu and
Fe could be interpreted as the recognizing accuracy fom@urities and Fe shreds. As a result, a
Cu recognizing accuracy of 87.5% was achieved, resultingarathveduction in Cu content from
0.272wt% to 0.093wt%. Also balanced recognizing accuracy for hotim@urities and Fe shreds
would be obtained with this self-built architecture. If highagnizing accuracy of Cu impurities
would be preferred, this self-built CNN architecture could djested with the early stopping of
the performed optimization, indicating a recognizing acou 93.8% for Cu impurities. As a
result, an overall reduction of Cu impurities in stewap from 0.272wt% to 0.077wt% could be
estimated So we can conclude that self-built CNN architectbrough hyperparameter
optimization could be a viable way for customizing the machesning program to be

individualized for this work and has the potential to enhdneaecognizing performance on Cu
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impurities. Also we believe that the performance of this psedoself-built CNN architecture
could be further improved by other much dedicated optimiziggréhms, such as tree-structured

parzen estimators [110] and simulating annealing][111
8.5 Discussion

The purpose of this work is to improve the optical recogmitivough applying machine
learning such that Cu impurities could be sorted and removendgdilre physical separation.
Fundamentally, the system for optical recognition [11&jtains an array of digital cameras
positioned above the belt to acquire photographs for indivaees of shredded steel scrap, and
a control computer for receiving and analyzing each photodragpdd on a designed program to

identify the Cu impurities, as shown in Figure .8-9

Shredded Steel Scrap
Array of Digital Camera To Control Computer

-

VES
N

© (O

Vibrating Feeder \/\ )/
Conveyor Ejecting System = .
From Control Computer U

Figure 8-9 Schematic view for optical recognition system

By focusing on the essence of optical recognition, thentegprocess based on the
generated model in this work could be incorporated into ¢iméral computer as the designed
program, assuming the same recognizing accuracy could bevedtHa the system. Once a
photograph is tested and classified as label Cu, the porémg ejecting decision is transmitted
to the ejecting system, which activates selected airle@az the array mounted at the discharge

end of conveyor to blow the target out of the naturaldtajg, i.e. into the reject bin. Therefore
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the Cu content (wt%) after optical recognition could bleudated and the results are shown in

Table 8-11.

Table 8-11 Estimated Cu removal for improved optical recagniith machine learning

Estimated Cu| Estimated Cu
Experiments Testing | Recognizingl wt% before wit% after
P Results| Accuracy Optical Optical
Recognition Recognition
VGGNet and 2';/6:;6 75.0%
Original cu 0.193%
N Photographs 17/32 53.1%
Training Fe-
with Well- VGGNet and 22/?;6 61.1%
developed Cropped Cu- 0.191%
CNN Photographs 20/3;2 62.5%
Architecture Fo.
Xception and o8 /?;6 77.8%
Cropped cu 0.087%
Photographs 29/3;2 90.6%
Fe. 0.272%
) 0,
Early Stopping of| 29/36 80.6%
o _ 0.077%
Optimization Cu: 93.8%
30/32 o7
Training Fe: 0
with Self- Before Bayesian| 30/36 83.3%
) AR _ 0.085%
built CNN Optimization Cu: 90.6%
Architecture 29/32 70
Fe: o
After Bayesian | 30/36 83.3%
AP _ 0.093%
Optimization Cu: 87 50
28/32 70

It is evident that applying this improved optical recognition ddnd used to reduce the Cu
content of shredded steel scrap, achieving the 0.1wt% limitdtonCu content. Also as
demonstrated by Table 1-2 for the allowable limits of déffeisteel products, with applying optical
recognition improved by machine learning after the magnetmarstion, commercial and

structural steel product could be produced with charging 100% sartechobile scrap as feeding
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material to the EAF, indicating that the standard autmiascrap could be upgraded and value-
added to the level of those steel products.

Considering that scrap is currently blended with virgim,reo dilute the impurity
concentration, when manufacturing value-added steel pdsach as coated strips, the
improvement shown in Table 8-11, would reduce the needed leviggim iron, corresponding to
the energy saving, when accounting for the embedded eimecggl used to produce virgin iron,
as shown in Table 8-12.

Table 8-12 Detailed reduction of virgin iron and energy comsion

Reduction of| Energy-

Cu Cu wt% Cu Virgin Iron | saving per
: wit%
Experiments After Removal | per tonne of| tonne of
Before :
: Sorting Rate sorted steel| sorted steel
Sorting
scrap scrap [7]
VGGNet and
Original 0.193% | 0.079wt% 0.428t 5.4GJ
Training Photographs
with Well- | VGGNet and
developed Cropped 0.191% | 0.081wt% 0.443t 5.6GJ
CNN Photographs
Architecture| Xception and
Cropped 0.087% | 0.185wt% 2.222t 28.2GJ
Photographs| 0.272%
Early
Stopping of 0.077% | 0.195% 2.646t 32.3GJ
- Optimization
Training f
with seff- | Defore
) Bayesian 0.085% | 0.187% 2.298t 29.1GJ
built CNN AR
. Optimization
Architecture
After
Bayesian 0.093% | 0.179% 2.011t 25.4GJ
Optimization

Equation (1-1) can be used to calculate the required vimginfor diluting Cu content to
achieve the above removal rate, which could be eliminategpfying the improved optical
recognition with machine learning for sortation. Also, esponding energy-saving could be

achieved due to the reducing production of virgin iron [3].
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Referring to industrial application, the sorting speed coulddresidered for the optical
recognition. As mentioned in Chapter 2, the average gonv&peed for camera sensor based
sorting could be about 1 m/s, which could be further improveabtmt 4 m/s by applying high
speed line scan camera with short response time anddsglution. For the researched machine
learning program with self-built CNN architecture, althoughtitne for testing single photograph
was about 9s on a regular Linux server, it could be fughertened by utilizing computer with
high performance in the sorting system and modifying tbgram, which could achieve batch
processing for testing the acquired photographs from canmeliaating that it would not be a
limitation for sorting speed if the improvement by machireergng is applied to the optical

recognition for automobile scrap.
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CHAPTER 9
RESEARCH ON CHEMICAL REMOVAL TECHNOLOGIES

9.1 Candidate: Chlorination with Cl»-O2 gas at 800°C

9.1.1 Motivation

As discussed in Chapter 2 and Chapter 3, chlorination couddfeasible technology to
remove Cu considering that chlorine gas could be highivégcit elevating temperature. The
major inspiration for this method is that most of thetallic chloride could be volatile at high

temperature, as shown by Figure 9-1 for the vapor pressucermhon metallic chloride [113].
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Figure 9-1 Vapor pressure of common metallic chloride

It is evident that both Fe€and CuC have a higher vapor pressure and could be volatilized
at low temperature. However, Fe@emonstrates a highvolatility compared to Cu@l So if the
chlorination of Fe could be hindered or stopped, a seleajaration of Cu could be targeted

through volatilization in a specific temperature intervid mentioned in Chapter 2, based on
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thermodynamic analysis for the phase stability with@ gas system, £could be used to stop
the reaction between Fe and chlorine gas due to the fornwdtexide layer on the surface, while
for Cu the oxidation would not be obser@®]. So for the initial of this removal technology,
mixture of chlorine and oxygen gas will be used to conduct thimtory experiments. More
details for thermodynamic evaluation will be offered fiod the optimum temperature and

composition of reactants.
9.1.2 Thermodynamic Evaluation

Envisaged chemical reactions of metal Cu and Fe with chlandeoxygen gas could be
represented by Equation (9-1) through (9-8). The values odatrGibbs free energy change
0 *®) at different temperature are computed by HSC thermochésoétware and illustrated by

Figure 9-2

2Cu+Ch(g)=2CuCl(g) (9-1)
Cu+Chb(g)=CuCk(g) (92)
2Cu+Qy(g)=2Cu0 (9-3)

CuO+Cl2(g)=CuCh(g)+1/20x(9) 49-
Fe+Ch(g)=FeCk(g) (95)
2/3Fe+C(g)=2/3FeCd(g) (9-6)
2/3Fe+Q(g)=2/3Fa0s (9-7)
2/3Fe,03+Ch(g)=2/3FeCl3(g)+0x(q) (9-8)

As we can see, reactions from (9-1) to (9-7) all have a gloerinodynamic potential
Q HJ D W°Lat température higher than 7@ indicating a spontaneous process in the forward
direction. Only Reaction (9-8 GHP R Q VW U D W Hnth®tesnRevdtuielinterH/all That means
volatile CuC} could be the predominant phase under the atmosphere of cltdadrexygen gas,
while FeOs could be the stable phase. Based on the above theramitydata, it is desirable to

conduct the supposed experiments at €0
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In order to find the suitable molar ratio of chlorine amxlygen gas, equilibrium
composition will be computed by HSC at 8@ to make sure that only volatile CuClould be
obtained for Cu and E@3 could be the only product for Fe.
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Figure 9-3 Equilibrium Composition with Cu:3D,=1:2:20 (molar ratio)
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As shown by Figure 9-3 and Figure 9-4, if the molar ratidiafrine and oxygen gas could
be maintained as 1:10, only Cu€buld be found at 80 for Cu, while FgOs could be the major
product for Fe, in accordance with the prospect of exglorso based on these thermodynamic
evaluation, the following experiments could be designed andumbed at 806C with a molar

ratio of 1:10 for the chlorine and oxygen gas.
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Figure 9-4 Equilibrium Composition with Fe:8D,=1:2:20 (molar ratio)

9.1.3 Experimental Program

For the initial experiments, a horizontal tube furna@es used to carry out the reaction
between the sample and gas phase, as shown by Figure 9% 6Gafor the configuration
Controlling the molar ratio of chlorine and oxygen gas cowdabhieved by adjusting their
corresponding flowrates during the experiment. So multitobemeter was used to control the
flowrate of chlorine and oxygen gas and maintain a good mifanghe gas phase before
introducing into the furnace. Argon gas was used to purge tlmutaof the furnace before the
experiment and maintain protective atmosphere after tetioa with mixture gas of &lOx.

Scrubber with concentrated NaOH solution was used to neuttladizextra chlorine gas. Copper
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coil with cooling water was twined around the output end of ceréube to maintain a lower

temperature for the condensing of volatile product carrietthégas flowing.

Argon

Chlorine

Multitube NaOH

Rotameter Tube Furnace Scrubber

Oxygen

Figure 9-5 Schematic view of chlorination experiment

duﬂ' MM.‘ 11

- l (]

NaOH
Scrubber

|

Figure 9-6 Practical configuration of chlorination experiment

As characterized physically and chemically in Chapter 5, tharcence of Cu impurities
in collected automobile scrap sample is the combinatiesotEted Cu impurities and Cu alloyed
in Fe shreds. Since this removal technology will bedoated at 800C, which is lower than the
médting point of Cu and Fe, so its feasibility should beeased for both two types of Cu impurities.

Based on this concern, pure Cu sheet sample was usegréseart the type of isolated Cu
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impurities and Fe-Cu alloy sample collected from the mgkxperiment for Cu motor and wire-
entangled piece was used to represent the type of alloyddetailed experimental programs are
listed by Table 9-1.

Table 9-1 Details for chlorination experiments

Experiment Sample Gas Temperaturg Dwelling Time
) gg 2222?3333 Chlorine | 800°C 20min
Fe sheet: 1.10 and Oxygen|  890°C 60min

Fe-Cu alloy from melting
experiment for wire-entangled
3) piece: 0.59

Fe-Cu alloy from melting
experiment for Cu motor: 0.7¢

Chlorine

o )
and Oxygen 800°C 60min

9.1.4 Results
(1) Initial experiment with chlorine gas at 88D

To have a better understanding for reactions among matah@ Fe with chlorine gas,
only chlorine gas was introduced to the tube furnace whenstramped up to the designed
temperature 808C without controlling the flowrate. Within about 5 minutes iisiroducing the
chlorine gasa sudden increase of gas bubbling was observed in the scrutibBla®H solution
as well as a color changing, indicating that the whedeting process finished rapidly in a short
time and part of the volatile product, which was carried byflgasng, dissolved into the NaOH
solution As shown in Figure 9-7, Cu and Fe sheet were both totally inaddt after the
experiment. Most of the volatile product was collected froendbtput end of tube furnace, as
shown by Figure 9-8. A very small amount of solid substav&e found in the scrubber after

filtration, which could be the precipitate of Fe(QH3ee Figure 9-9 on page 102).
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Before

Figure 9-8 Volatile product collected from the output end cdréc tube

(2) Initial experiment with the mixture of chlorine and gey gas at 808C

As proved by the result of experiment (1), chlorine gasdcoat be used directly for the

removal of Cu impurities due the rapid reactions witthbBe and Cu. Based on above
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thermodynamic analysis, with the mixture of oxygen gag)fcould be gradually formed to stop
the further reaction with gas phase for Fe sheeth&dlowrate ratio of chlorine and oxygen gas
was maintained at 1:10 according to analysis of equilibriunposition, since the molar ratio is
equal to volume ratio for gases. This experiment was coedweith pure Cu and Fe sheet, as
shown by Figure 9-10, through introducing the mixture gas abouti2@tes after achieving the

temperature of 808C to explore the feasibility to remove isolated Cu impesit

h

Figure 9-9 NaOH solution in scrubber after the experiment

Oxidation of Fe sheet could be observed, while no obviousioaaitr Cu sheet with
chlorine gas could be inspected, as shown in Figure 9-11. Wéswetight of Fe sheet only had
0.01g increase and there is no distinct change of thentvafigcu sheet. The possible reason could
be the insufficient introducing time of mixture gas, esgbcfor chlorine gas, considering that

the majority of mixture gas was oxygen.
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Figure 9-10 Sample before chlorination experiment with@lgas (20 minutes)

r m—

A v

Figure 9-11 Sample after chlorination experiment with@ gas (20 minutes)

Based on above concern, another experiment was condirmiéad as experiment (2) with
introducing the mixture gas about 60 minutes. Oxidation ofHiéetscould be observed, while

0.95g Cu sheet got totally volatilized after the experimerghawn in Figure 9-12.
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After i

Jnhlthh

Figure 9-12 Cu and Fe sheet sample before and after chioniexiperiment with GO, gas

Solid substance could be collected from the output end afitetube and the rubber tube
connecting the furnace and scrubber. Through dissoivingl water, blue solution could be
observed with the adding of NaOH, as shown in Figure 9-1RBaitidg the existence of Euion.
Due to the adding of high concengdtNaOH, formed Cu(OH)precipitate could further dissolve
into the solution. We can still conclude that volatileGE was collected as product, though no

precipitate could be observed

E
[
&

Dissolving in Water | | After Adding NaOH

Figure 9-13 Solution: dissolving collected solid in Water & agdiaOH
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For Fe sheet, the weight changed from 1.10g to 0.9g aftexpeeiment. Besides of the
oxidation, part of the weight loss could be attributed tanimr reaction with chlorine gas. This
could also be proved by the reddish-brown precipitate fomrile solution with DI water after
enough standing time, as shown in Figure 9-14. The possié®m could be attributed to the
inaccurate controlling of flowrate, which fluctuated during theis experiment and was hard to
maintain a stable controlling for the designed ratio.

Figure 9-14 Water dissolved solution of collected solid afterugh standing time

(3) Initial experiment with Fe-Cu alloy collected fronetbompleted melting experiment

Similar operation as the above second experiment witmixteire of chlorine and oxygen
gas, twoFeCu alloy samples collected from the melting experimfentCu motor and wire-
entangled piece were applied to explore the feasibilingtaove alloyed Cu. After experiment,
layer of oxidation could be observed, as shown in Figure. 9-ién these two samples were
digested entirely by aqua regia to facilitate the AAS amal{BEetailed results of AAS analysis are
shown in Table 9-2 with the calculation of Cu losss highly possible that the loss of Cu could
be just attributed to the minor reaction on the surfidoesignificant Cu removal could be observed

for alloy sample.
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Figure 9-15~e-Cu alloy sample before and after chlorination experimsitit Cl>-O> gas

Table 9-2 Detailed results of AAS analysis for experimettt we-Cu alloy sample

Sampl Before I(Ej);perlmené - After E(;(lﬁ)erlmentC - Weight | Weight
Weight/ . Weight . Loss of | Loss of
e Content | weight Content| weight cu/ /
g Wt% Iq o e | 1 wg | Felg
#1 059 | 4.44wt% | 0.0222g| 0.3g 4.Z/Z.Wt 0.03413 0.08808 0.13587
29.01wt | 0.20307 30.1wt 0.05257
#2 0.79 % g 0.5¢g % 0.1505g g 0.147¢g

9.1.5 Conclusion

Based on above experimental results and further anatlgssnethod demonstrates good
feasibility to remove isolated pieces of Cu impurities, whibéential for removing alloyed Cu
from steel scrap could still need to be discussed. Maybeasing the processing time with
chlorine and oxygen gas could further improve the remotalafalloyed Cu, since diffusion of
Cu element to the surface could be the controlling steghdéoreaction with chlorine gas. However,
considering the corrosive property of chlorine gas anda$® of Fe due to oxidation, it is not
desirable for the further improvement. Also its econdiedsibility could be subject to the using

of chlorine gas and flowrate controlling of mixture gas.
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9.2 Candidate: Slagging with FeO-Si@-CaCl, at 1600°C

9.2.1 Motivation

As demonstrated by the research on the first candiditteciMorination technology, for
the removal of alloyed Cu, mass diffusion in solidesfar Cu could be slower and not favorable
for further chemical reaction compared to the diffusiomaiten statgindicating the limitation of
this technology. Also considering the well-developed steeimgaiocess, preparation of molten
Fe metal from EAF is indispensable for the furtherttnemt to produce steel product with high
grade. Based on these factors, it is highly possible to cosgacific chemical reactions between
the molten metal and slag phase to achieve the rertangmt of Cu impurities, similar as the
removal of other impurities in steelmakinglag-metal reaction at high temperature has been
commonly used to remove impurities from the molten metedugih applying appropriate
chemicals as slag phase [114]. For example, this typeaofion has been applied for the process
of desulfurization and dephosphorization for steelmaking ing{&s15], as well as the purification
of silicon[116]. Also slag phase is of great importance to the secondpper smelting and entire

production loop.

As discussed in Chapter 2, different types of slag have tesearched for removing Cu
impurities. Besides of the consideration for extra eneogygumption, FeO-SgECaCh slag could
be a more desirable option to remove the Cu impuritiesu& rough multiple continuous
reactions [54]. Furthermore, CuCl could become volatilegit temperature, considering that its

boiling point is 149€C.

Table 9-3 Composition of common EAF slag [117]

Chemical Composition (wt%)
FeO 10-40%
CaO 22-60%
SiOz 6-34%
Al203 3-14%
MgO 3-13%

Also the common chemicals of industrial EAF slag inclegd®, SiQ and CaO, as shown

by Table 9-3 for the corresponding composition, indicative possibility of incorporating this
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removal technology to the EAF smelting process. So thraddimg CaClto the slag phase during
EAF smelting, the removal of Cu might be targeted if tachnology could be proved with good
feasibility. Also the charging of Cagmight not affect the basicity of slag phase signifiban
since it could be consumed mostly with the happening dhelsupposed reactions. More details

for the involved reactions will be offered with the tmexdynamic evaluation.

9.2.2 Thermodynamic Evaluation

At molten state, liquid metal and slag phase could béettess solution, referring to the
application of solution thermodynamics. As shown by Fig@4E5 for the activity of Cu in the
binary Fe-Cu system at 160Q [118], the Cu solute exhibits positive deviation from Raaulti
behavior, indicating that the Fe-Cu bond energy is hegative than the Cu-Cu and Fe-Fe bond
energies. So the existence ©f in the molten steel could be treated as immiscible .sBaie
considering the average low content of Cu in steel scrap, difficult to achieve the phase
separation with two immiscible metal. Also it is evidémt this binary solution could be treated

as infinite dilution for the Cu solute, leading to low Cunaigt

AN OFe yd
\ /GCu
_’Blg’_o:[z\ - /7
: ) /
6 N yd
>0 N /
YA \)x/
< N
- 4 N
/
e N
- s \
7/ N
02 s N
7 AN
/ N¢
7 o2 04 ’ 08 N

0.6
1 L 1 1 i 1 1

Copper (mole fraction)

Figure 9-16 Thermodynamic activity of Cu in the Cu binary system at 1600
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As shown by Figure 9-17 for the mechanism of this technolegyjsaged reactions
between the Cu impurity and slag phase could be representegubtida (9-9) through (9-13).
Their corresponding values of standard Gibbs free energy chdig®) at 1600C are computed

by HSC thermochemical software and demonstrated besideesstion.

4 * (1600C)
Cu + 0.5FeO = 06Gw0 + 0.5e 12.454 kcal/mol Cu (9-9)
CwO + CaCi = 2CuCl + CaO 1.971 kcal/mol CeO (9-10)
CuCl = CuCl(g) -1.108 kcal/mol CuCl (9-112)
CaO + SiQ = CaSiQ -21.809 kcal/mol Cao (9-12)
Cu + 0.5FeO + 0.5Cag+ 0.5SiQ = CuCl(g) +

0.5CaSiQ + 0.5Fe 1.427 kcal/mol Cu (9-13)

CuCl(g) Gas

Slag

Molten Bath
(1600 °C)

Figure 9-17 Schematic view of slagging experiment

Reaction (9-9) has a positivél * at 1600C, indicaing a less thermodynamically
feasibility in the forward directiarAlthough Reaction (9- KDV D OHV VaSBOOCWLYH O*
FRQVLGHULQJ WKH YRODWLOL]DWIHR &*IR00@& xnfl Could BeLrdfe KDV D
negative with the increasing of temperature, and the happerii Reaction (9-12) with high
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thermodynamically feasibility, the overall reaction18) of this removal technology could be
highly possible to proceed in the forward direction, whileilt showsaless SRVLWlarH 0*
1600°C. This could also be proved by the analysis of equilibriumpasition by HSC.
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Figure 9-18 Equilibrium Composition with Cu:FeO:CaSl0,=1:0.5:0.5:0.5 (molar ratio)
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Figure 9-19 Equilibrium Composition with Cu:FeO:CaSIl0,=1:1:1:1 (molar ratio)
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As shown by Figure 9-18, if the stoichiometric molar rafiohe reaction (9-13) could be
maintained, CuCl could be obtained as slag phase, imtictte removal of Cu. No GO is
identified in the product, indicating the rapid reacti@iween CpO and CaCGl However, the
volatilization of CuCl requires a higher temperature th@@C®C, which might pose a limitation

for the ongoing of this process and the final removaloateu.

If slag phase with excess FeO, Ca&id SiQ is applied for the computation, as shown by
Figure 9-19 the equilibrium composition of CuCl gets increased. Ba# htial of CuCl
volatilization GRHV Q TW JHNMa lbwes préssureGould be maintained, such as 0.1bar, a
shown by Figure 9-20, the volatilization of Cu@itiates at lower temperature, showing a higher

removal rate of Cu.
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Figure 9-20 Equilibrium Composition with Cu:FeO:CaSl0,=1:0.5:0.5:0.5 (molar ratio)
at 0.1bar

Based on above thermodynamic evaluation, it is recardekthat the composition of slag
phase should be excess to achieve a high removal rateugtithbe volatilization of CuCl could
further facilitate the removal rate, processing tempegatigher than 160C and the application
of reduced pressure are not desirable considering the enettgyaca complicated configuration

of industrial furnace, since Cu could be still removed as GuGlag phase. Considering the
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standard boiling point of CuCl is 149D, volatile CuCIl might be found with the experimental

exploration.
9.2.3 Experimental Program

FeCu alloy samples collected from the melting experimi@nt Cu motor and wire-
entangled piece, as shown in Figure 5-10, were adoptedef@xioratory experiments with a
box furnace. Slag phase was prepared in accordance with therai® of FeO, Si@and CaCGl
as 1:1.5:1.5, maintaining excess FeO for Reaction (9-9) bastw @stimated Cu content of the
sample through AAS analysis. Detailed weights of metapgaand slag are shown in Table 9-4
Also protective atmosphere with argon gas could be apfdiddnder the oxidation of Fe and

maintain a gas flowing in the furnace, which might be eidhéto the volatilization of CuCl.

Table 9-4 Detailed weights of metal sample and slag

Slag Composition
Sample Metal FeO CaCh Sio,
#1 14.1g 1.02g 2.369g 1.28g
#2 9.9¢9 2.01g 4.669 2.54¢g
9.2.4 Results

For the initial experiment, alumina crucible was used toanrthe metal sample and
chemicals prepared for the slag phase. The furnace wisihgato 1600C and dwelled at this
temperature for about 40 minutes with the flowing of argan géter cooling down, metal could

be collected from the crucible, as shown in Figure 9-21.
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Sample #1 Sample #2

Figure 9-21 Collected metal after slagging experiment

Then whole piece of collected metal was digested by amgia for AAS analysis. Detailed
results are shown in Table 9-5.

Table 9-5 Detailed results of AAS analysis for the codldanetal

Before Experiment After Experiment Weight Cu
Sample . Cu Cu . Cu Cu Loss of | Removal
Weight Content | weight Weight

Content | weight| Cu Rate
#1 14.1g | 4.41wt% | 0.622g| 3.6g | 11.24wt% | 0.405g| 0.217g| 34.89%
#2 9.99 29'022\'\"[ 2.952g| 3.4g | 65.49wt% | 2.227g| 0.725g | 24.56%

XRD analysis for the obtained slag phase after experimastconducted to confirm the
existence of CuCl. As shown by Figure 9-22, the corraipgnXRD pattern contained three
GLITUDFWLRQ SHDBSBBW, W 56.3 which could be indexed to CuCl [119]. Also

CaSIQ FRXOG EH GHWHFWHG ZLWK W°KR0]GTh¢ resDits 8§ XAD@NSWD N D W
could be consistent with the above thermodynamic etiafua
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Figure 9-22 Result of XRD analysis for the obtained slag

9.2.5 Conclusion

Based on above calculation with the results of AASyais this method demonstrates
good feasibility to remove Cu impurities. But due to the incigffit sealing and large space of the
furnace, it is difficult for the inputting Ar gas to maimtaadequate pressure as the protective
atmosphere. So the oxidation of Fe could be observedhwiele if volatile CuCl was produced,

the collection could be impossible with this furnace.

Also, as shown in Figure 9-23, alumina crucible reacted wi lbefore the melting of
FeCu alloy sample, considering the longer ramping up tih@ Kours), leading to the

impossibility of quantitative analysis for the collecteabsbhase.

All these factors could significantly affect the procegdof reactions, resulting in a lower
removal rate of Cu. We could still conclude that this tesmlild be further improved with good
atmosphere control, suitable crucible for the slag phasedesigned furnace for facilitate the

kinetic understanding.
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Figure 9-23 Reacted alumina crucible after experiment

9.3  Summary

For chlorination method, as one of identified chemieataval technologies, this method
demonstrates good feasibility to remove isolated pieceSuofmpurities, while potential for
removing alloyed Cu from steel scrap could still need to beiskstl considering that the diffusion
of alloyed Cu to the surface could be the controlling &ethe reaction with chlorine gas. On the
other hand, considering the corrosive property of chloriseagd the loss of Fe due to oxidation,
it is not desirable for the further improvement.

For slagging method, as another identified chemical remahinology, this method
demonstrates well technically viability to remove Cu impuritiiag. due to the insufficient sealing
and large space of applied furnace, the oxidation of Fealdmubbserved and the collection of
volatile CuCl could be impossible. Also suitable crucibleuth be selected based on the
composition and basicity of the slag phase. All theseofactould affect the proceeding of
reactions, leading to a lower removal rate of Cu. Soddiglidate will be identified to further
investigate and build the kinetic understanding. Then onbtses of theoretic analysis, an
apparatus to facilitate this technology will be proposed for futluoek to improve the removal

rate. More details will be presented in Chapter 10.
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CHAPTER 10
KINETIC UNDERSTANDING OF SLAGGING TECHNOLOGY WITH FeO-Cag&siO,

10.1 Introduction

As discussed in Chapter 9, this technology is aimed ativimgothe proceeding of
supposed pryometallurgical reactions between the metalamglsase at 1600 to achieve the
removal of Cu impurity. Since both metal and slag phatgsahigh temperature could be treated
as liquid solutionfor metal-slag reaction, this process could be integgrets two immiscible
liquid phases with an element M being transferred atnbtal-slag interfac§l21]. Then, to

proceed the interfacial chemical reaction, such as
[M] + (AOx) = (MOy) + [A] (1041)
three major steps need to take place, including:

(a) reactants transport separately from the metal @rabslag phase to the interface;

(b) heterogeneous liquid-liquid reactions occur at therfate; and

(c) products transport separately from the interfacedaoinresponding liquid phase.

Therefore, the kinetics of the overall metal-slag-tiea could be controlled and affected
by any one of those three steps, or there could be ttexlroontrol. The above three events could

be demonstrated schematically by Figure 10-1, as explaingek [@ouble-film theory [122].

On the other hand, liquid slag phase belongs to ionic metis bgiy nature, indicating that
the mechanism of metal-slag reaction could be explidayeithe principle of electrochemistry,
since the metal-slag reaction involves the transfeeleétrons during the process [123].rFo
example, from the electrochemical aspect, the sequden&eaction (10-1) could be explained as

follows:
(a) M transfers from the bulk of the metal phase tarttexface;
(b) AZ* transfers from the bulk of the slag phase to the mterf

(c) Interfacial reaction involves that M undergoes oxidatwvith the loss of electrons,

whereas A undergoes reduction with the obtaining of electrons; and
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(d) M>**transfers from the interface back to the bulk of tlag glhase, while A transfers

back to the bulk of metal phase.

Slag

Metal

Figure 10-1 Schematic of metal-slag reaction

Based on this theory, Guo et al. [124] has attempted to algolyahemical analysis to
build a kinetic model for metal-slag reaction. Theyaduced a parameter of driving force related
to the electrochemical potential of the metal-slagesysteading to the equation for the total mole
amount of transferred electrons and reacted reacthah they applied the kinetic model to the
desulfurization of iron melt, which showed a good agreemPButing the calculation, they
assumed that the interfacial chemical reaction coelthb rate controlling step. But considering
the high temperature, it is highly probable that the massfer from bulk phase to the interface

could be the controlling step.

Robertson et al. [125] researched the kinetic model foltipte reactions involving
multiple components. This coupled kinetic model was builtti@darly to evaluate the
dephosphorization and desulfurization processes for stk@glgn They assumed that the
interfacial chemical reaction achieved equilibrium andsgnaansfer from bulk phase to the
interface could be the rate controlling step. Fu et al.][applied and modified this model to the

dephosohorization of stainless steel through oxidatio
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As discussed in Chapter 2, sodium sulfide slag could be usethtwe Cu impurity from
steel scrap. Okazaki et al. [123] established a mathemauachd| for the decoppering with sodium
sulfide slag according to the basis of coupled model fRmipertson in the sense of both kinetic
and thermodynamic evaluation. He also included the gas pitasde model and suggested that
the comprehensive model he built could be possible to besdfpli the decopperization process

with sulfide and oxide slag.

For our work, as demonstrated by the experimental eesulthapter Sthe applied slag
phase could be treated as oxide slag since Cu got oxidizedRe#uation (9-9). If considering the
volatilization of CuCl, gas phase might also need tmbleide into this process. So it is viable to
conduct a kinetic analysis for the metal-slag reactipecisied to this work through some
modification to the calculation demonstrated by OkazaRB]. More details will be presented in

the following parts.
10.2 Assumption and Formulation

On the basis of the supposed reactions and thermodynamisianalyee phases are

involved in this metal-slag reaction, as shown by Table 10-1.

Table 10-1 Details for the three phases

Phase Element

Metal Fe, Cu

Slag FeO, CaC), Si0;, CaO, CuCl
Gas CuCl

The formulation is based on the general governing equatihsging chemical equilibria
at the metal and slag interface and mass balanceh&slay and gas phase, it is simply involved
the volatilization of CuCl, which might not be distiratt 1600C and could be rapid if it happens

Following assumptions are purposed for the formulation:

(a) Mass transfer in the boundary layer of metal-sltgyface is the rate controlling step.
(b) The bulk of metal and slag phase is mixed very weliouit gradient of concentration.
(c) Chemical equilibria with steady state are maimtaiat the metal-slag interface.

(d) There is no accumulation of reactants and prodidtee interface.
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(e) Volatile CuCl would not affect the composition of gas bulk phase.

Then based on above understanding of metal-slag reatid assumptions specified to
this work, the overall process of the slagging technologydcbe further divided into the following
eight steps:

(1) Transferring of Cu and FeO from the bulk of metal alag phase respectively to the

boundary layer of metal-slag interface

(2) Proceeding of reaction between Cu and FeO at thersddal interface

(3) Chemical equilibria of reaction between Cu and Fe@easlag-metal interface

(4) Transferring of Fe and @D back to the bulk of metal and slag phase respectively

(5) Proceeding of reactions among.OuCacC# and SiQ in the bulk of slag phase

(6) Transferring of CuCl from the bulk of slag phase ®dlag-gas interface

(7) Volatilization of CuCl at the slag-gas interface

(8) Transferring of volatile CuCl from the slag-gasnféce to the bulk of gas phase

Among these steps, the first four steps, which are of witglortance, could be

demonstrated by Figure 10-2 for the boundary layer of metglisterface [127].

Figure 10-2 Schematic diagram of boundary layer of thalrsédg interface
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The remaining steps are all dependent on the taking pldcstddur steps, especially for
the first and second steps. As discussed in ChaptertBefahermodynamic potential of related
chemical reactions, though the overall reaction stiff haless positived *°, the analysis of
equilibrium composition could prove the forwarding of suppasedtions at 160C. So we can
assume that the first step could be the rate coniyadliep of the overall process. Also in order to
support the assumption (e), if the volatilization ocatirvelatile CuCl could be transported by the
gas flowing with inert gas. Furthermore, a condensing apgmacatuld be applied to collect the

volatile for the accurate kinetic calculation.
10.2.1 Chemical Equilibria

At 1600°C, Reaction (9-9) between Cu and FeO has a pivotalrdteiinitial of the whole
removal process. Also as described above for step (4bana€ assume that only reaction (9-9)
happens at the metal-slag interface, indicating the legailibrium. So this reaction should be

given top priority for the analysis of chemical equilibria
For Reaction (9-9),
2[Cu]+(FeO)=(CuO)+[Fe]

It can be further explained as the oxidation of Cu. Tleenital equilibrium of this reaction
could be described by the equilibrium constant with the tbdymamic activity in Equation (10-
2).

Rex20l e

CAX T 102
&% D)2iDgy (102)

So for specific temperature, such as 1)@he equilibrium constant is also dependent on
the selected state of involved species for calculahagcttivities. So in this calculation, following

states are selected:
(a) Oxide in slag phase: Raoultian state
(b) Cu in the metal phase: 1wt% standard state as saR®¢ [

(c) Fe in the metal phase: Raoultian state as solvent
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Applying these selections for the state, the activityalbfthe species involved in the
Equation (10-2) could be expressed by Equation (10-3) to)(10-6

Dyh2 )HZT;)Hz (10-3)
Dex 2 &sz; & X2 (10-4)
Ryneyul: H (105)
Rex lexd> &X@ (10-6)

Then these expressions are substituted for activitiesgquation (10-2), the equilibrium

constant could be given by Equation (10-7

ex21iex2T ydi)H
X wdnndiled> &x@

(Ip-

On the other hand, the thermodynamic equilibrium could teegreted as the distribution
of Cu between the liquid Fe and molten slag. So distributamfficient Lcy is applied for the
Reaction(9-9), as expressed by Equation (1J38)9].

/ D &X
&X S e x?

(18)

where (%Cu) and [%Cu] represent the mass fraction ahGhe slag and metal phase after the

removing process, respectively.

Also, the distribution coefficient could be modified atefined as Equation (10-9

[ g x ~1&% (109)

Ao x?

where : [ x and J g xrepresent the mole fraction of Cu in the slag and nptate after the

removing process, respectively.

However, if considering to substitute the expression oflieguim constant into the
distribution coefficient for Cu, it is unable to olta meaningful expression oflwith just Kcy
and the activity coefficient for the calculation, ®nc> & X? ;is introduced in the equation for
Kcu. With this concern, in terms of mole fraction, etfee equilibrium constantl30] is applied
with the definition as Equation (10-10
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| s &x2Ti)H

,)H’j T & X

R (10-10)

Then this effective equilibrium constant could be furthgressed by the transformation
of Equation (10-7) for equilibrium constant, as demonstriagelquation (10-12), considering the
binary system of Fe-Cu solution.

> &x@}fi%iﬂ 10¢11)

)Hjl&xTOZ & X

CBX e (10-12)
&X2' )H"Y- )H

For effective equilibrium constant, the activity coe#nts for Cu at 1wt% standard state
and the activity coefficient for FeO, &b and Fe aRRapultian state could be calculated or

estimated with available thermodynamic date or liteest. Also ky is fixed at certain

temperature. That means the value §fitould be calculated at 16@WDfor this calculation.

10.2.2 Mass Balance

During the transferring process of Cu from the metal ptat®e slag, the molar flux from

the metal phase to the interface is:

ex N &x &x (10-13)
The molar flux from the interface to the slag phase
axz N, &x2 &xo (10y14
When the transferring of Cu achieves steady state,
“&X  &X2 (10-15)

Also the relation between the molar concentration ofiganents and their mass fraction
could be expressed by:

& ~ L_ZP (for metal phase) (10-16)
UL

& _LO‘I’ (for slag phase) (10-17)
. L
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So Equation (10-18) could be applied:

ax ) g &XE>&X?_ Jexalt &X2; 1 &X2;E_ (10-18)
N !
)ex Of’&x (10-19)
N/
)& x2 0:1X2 (10-20)

Similar as above, the molar flux of Fe could be ex@ess follows:

on yndt JH2ZED)H2 ) [>)H? >)HE (10-21)
MH N;!f’) g (10-22)
))H2 2” o (10-23)

From Equation (10-18); & X 2; could be calculated as follows:
L &X2; &XZ;E%[>&X'?>&X?_ (10-24)
According to Reaction (9-9) for every 2 mol Cu consunieahol Fe produced. Therefore,
&X )H (10-25)
So: )H 2 and >) H?could be calculated as follows:

S )YHZ )Hz;E%2[>&X’.E>&X?_ (10-26)
H
>)H? >)HE ’T&)X[>&x?ﬁ>&X?_ (10-27)
H

Those equations indicate that the interfacial conceotraof othe species could be
expressed as the function of corresponding bulk corat@nir mass transfer coefficients and the
interfacial concentration of Cu. For Equation (10-10) effective equilibrium constant,

considering the interfacial concentration, it could be tgmlas follows:

el (10-28)



Then we could transform Equation (10-28) as expressed byfraasen. For the binary
system of Fe-Cu solution, Equation (10-29) is applied f@ating the mole fraction and mass

fraction of Fe in metal phase.

>)HA0: gx

' JH o (10-29)

. )H
For slag phase, since it consists of three compon8otgyeneral Equation (10-30) is

applied for relating the mole fraction and mass fraxctio

Ly
D&y

(for slag phase) (10-30)

Equation (10-28) could be further manipulated as follows:

Hil @ &X2; T>)H? . 0: yHD: gx ~ yudlexT0: gx
C&X T — S : - & — (10-31)
C)H2 1 > & X7 0: &x20: yH &XZI)HIO' YH
HIl @ &X2; 1>)H? ~ ypdlex~ 01 &x20:)H
X - L - & X = I . . (10'32)
: )HZ, T >& X~ &XZI YH 0: )Hé) &X

X could be calculated at 16@Wfor this calculation.

That indicates that the value ofz

By substituting Equation (10-24), (10-27) and (10-28) into Equation (10t3&)possible
to obtain one algebraic equation in terms of just one umkrmarameter, namely the interfacial

concentration of Cu, as shown by Equation (1R-33

. )& X +
X 2;E > & XF > & X? HE )&X[ £

ax )Hz;E—;&X}>&X’}E>&X’? >&x?
)H -

~

(10-33)

The mass transfer coefficient related to metal and plaase could be calculated by
available thermodynamic data or found from related liteestuSo Equation (10-33) could be
solved by the computational software using the initial composof meal and slag phase. Also
as proved by analysis of equilibrium composition in Chapt@o3CwO could be observed in the
final product, indicating the rapid forwarding of Reacti®lQ). So the bulk composition of &

in slag phase could be treated as 0.

As a result, the interfacial concentration of Cu cdoddobtained from the solution of

Equation (10-33), as well as the interfacial concentratfdreO. It is then possible to estimate the
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new bulk concentration of components after a time inergnin accordance with following
Equation (10-34) and (10-35
For the mass transfer in metal phase:

G> 0@

- NagiP >0 E>0 ? (10-34)

For the mass transfer in slag phase:

G O $ E
“w Ny, O 0 (10-35)

Considering the weight change, the above equations caulfirther manipulated as

follows:
B-2C NnEE >0 EsQ 2 (10-36)
B—2.C N2 0F o (10-37)

For the removing of Cu, Equation (10-38) could be further illtestras follows:

G & X?
GW

NDI—(a k> & XE > & X?0 (10-38)

At a specific time t, [%Cu]=[%CU] So the above equation could be further integrated as

follows:

‘I> EX@G> &X @
> &X @ & X%0& X?

&X?>&X? $
’(gi&x@&x’? @NQ—PAW (10-40)

where [%Cu] is initial mass concentration of Cu in metal phaseriTtie relationship between

1 @N5 AW (10-39)

the experimental time and Cu removal rate could be built.
10.3 Determination of parameters

As shown in Table 10-2, the typical values of these appkedmeters for the calculation

should be estimated based on available thermodynamiodegkated researches.
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Table 10-2 Parameters required for the mathematic esitenl

Description Paprameters

Initial bulk composition of elements in the met] 0 To . o o
and slag phase [%Cu]’, [%Fep, [%CwO]°, [%FeOF

Density of the metal and slag phase Im
Mass transfer coefficient of metal and slag ph Km, Ks
Equilibrium constant of reaction (7-9) Kcu
Activity coefficient of elements feu, JH &X2 )H2

10.3.1 Equilibrium Constant

As demonstrated in Chapter the equilibrium constant of Reaction (9-9) could be
calculation based on the obtained value of Gibbs fneegy change at 1680 from HSC. But
since we apply 1wt% standard state to the solute Cu, the feélgbsnergy changesi* IURP & X
solution to 1wt% solution in liquid Fe must be consideredstown by Equation (10-%1

Cu = [Cu}iw) (10-41)
a* 7.999-0.0094T (kcal/mol Cu) (10-42)

Then the reaction between @ulwt% standard state and FeO could be expressed as follows:

2[Cuawss) + FEO = CrO + Fe (1606C) (10-43)
0* 34.515 kcal (10-44)
Kcu=9.38x10° (10-45)

10.3.2 Activity coefficient of metal components

For the solute Cu in binary Fe-Cu solution, due to low cardsrcharacterized in chapter
5, it could be classified as infinite dilution. Considgrihe application of 1wt% standard state, we
could treat the value of coHVSRQGLQJ DFWL¥LA4/ 1. BIR, Hrbhh Ehe tH<paut of
accuracy, as researched by UV Choudary et al. [131] foadtieity coefficient in the Fe-Cu

system at 160, the resulting equations are listed as follows:
1 Q&!( 1) H (46)

, Q YH & X (10-47)
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If scrap sample with average Cu content is appliedhercalculation, detailed estimation
could be found in Table 10-3. For solvent Fe at Raoultiae,ste¢ could assume the value of

corresponding activity coefficient) yas 1, in accordance with Equation (10-47).

Table 10-3 Estimated Cu and Fe activity

Weight . Activity Activity-infinite | Activity-1wt%
Element percent Mole fraction coefficient dilution state standard state
Cu 0.25wt% 0.0022 7.77 0.0171 0.25
Fe 99.75wt% 0.9978 1 0.9978 0.9978

The above results are only applicable to binary systemei@#y, other elements as dilute
solutes, such as Si, Mn, S, P, and C could be found stéképroduct. As a result, the calculation
of activity coefficient could be complicated with the atwing of the interaction parameters, as
shown by Equation (10-48) [132]

ORJIAHS W (10-48)

For solvent Fe, we can still estimate the activity doieifit as 1. Detailed interaction

parameters of Cu with other solutes are shown by Table 183t [

Table 10-4 Detailed interaction parameter of Cu with othleites®

Element Element (j)
(i) Cu Si Mn S P C
Cu -0.021 0 - -0.024 0.044 0.085

10.3.3 Activity of slag species

As researched by Federico Chavez et al. [134] for the tyctif/iFeO in the steelmaking
slag with adding Caglthey concluded that the effects of Ca@i the activity of FeO in the basic
FeO-CaO slag system was negligible. Based on this coasaterit is acceptable to simplify the
applied slag phase to FeO-S&ystem in order to evaluate the activity of FeO. As showigure
10-3 for binary FeO-Si@system, the activity of FeO could be estimated basetieadjusted
composition of slag phase without Caft33].
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Figure 10-3 Activity of FeO-Si@system

Figure 10-4 FeO activity in FeO-CaO-Si€ystem
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Also, if CaO is added to the slag phase to improve the propktiye slag phase, such as
the melting point and viscosity, Figure 10-4 could be applie@gtmating the activity of FeO in
FeO-CaO-Si@system [133].

Since no available thermodynamic data could be found ®retfects of CaGlon the
activity of CupO, only FeO-Si@slag system will be applied to evaluate the activity coeffit of
CwO. As researched by Hector Henao et al. [135] for th€®©c&eO-SiQ-CaO slag system, the
activity coefficient of CeO would not change significantly in this slag system withow |
concentration of CGO. Equation (10-49) was obtained to fit the experimental vaioleshe

temperature at 1280 without involving CaO in the slag.

YH2

& —l2 (10-49)

Also as proposed by Lumsden [136], it is reasonable toresthat the activity o€wO
could be described and evaluaetegular solution. So Equation (10-50) and (10-51) could be

applied to calculate the activity coefficient ofQuat different temperature.

57,Q 57.,Q (10-50)

g H e (10-51)

As a result, we could apply this equation for estimatingatttesity coefficient of CpO,

since Cu@s and CuO could be treated as one species.
10.3.4 Mass transfer coefficient of metal and slag phase

No available data for the mass transfer coefficientwirCsteel could be found from the
literatures. Also considering the relative lower contentCof it is reasonable to apply the
conventional mass transfer coefficient of the mptalse (Fe) for the calculation. As reported by
Masahiro Kawakami et al. [137] for the melting of steehpcin molten steel bath, the mass
transfer coefficient of the molten steel could bénested as about 2x¥@n/s. But this value could

be further affected by the pressure of system and sgtidue to gas flowing or injection.

For the mass transfer coefficient of slag phases@sted by Shin-ya et al. [138], Equation
(10-52) could be applied for the estimation.
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N, 2 (10-52)
So we could apply 2x10n/s as the mass transfer coefficient of slag phase.

10.3.5 Other parameters

As reported by Marek Warzecha et al. [139], the commonly apgéiesity of molten steel
is about 7000kg/fand the influence of Cu content could be neglected due toviheontent. For
the density of molten slag, Equation (10-53) could be appliethéocalculation [140

I A ;i0: L

R (10-53)

To calculate the partial molar volume of componentagkset al. [141] proposed Equation

(10-54) based on the experimental data.
8:7; &% %@7:7 5 (10-54)

As shown by Table 10-5, they estimated the partial molamvelfor FeO and SO

Table 10-5 Estimated partial molar volufd€ 1]

Component 9 9 EQT
: : G7
(cm?mol) (cm*mol) (el (motK)]
SiOz 26.91 26.90 0
FeO 13.97 14.23 2.92

For CaCl, no available research could be found for measuringdhigal molar volume of
molten CaCl at 1600C. Generally, we can assume that its partial molar veloould be
equivalent to the molar volume of pure melt, which couldsienated as 54.23n*/mol, reported

by K Igarashi [142]. As a result, the density of proposegl stease could be calculated.
10.4 Conclusion

To obtain a deep understanding for the kinetics of supposdédl-shay reaction,
mathematic equations have been established based on theallezuilibria and mass balance in

the discussion above to project the concentratioGwin molten steel with the application of
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removal technology. By determining the crucial parametg&ush as the equilibrium constant,
activity of involved components, and the mass transfefficeent, from available thermodynamic
data and related literatures, the interfacial conceotraf Cu could be solved numerically through

suitable computational program using the initial conditimingetal and slag phase.

Some limitations could be identified for the analysig. the above discussion of chemical
equilibria, only reaction between Cu and FeO is evaluatetbrims of importance. But the
following chemical reactions among £y CaCi and SiQ might also need to be included into
the kinetic analysis, indicating that it is possiltiattthe reaction rate of overall reaction might be
the controlling rate in combined with the mass trang¥so, for the metal phase, Fe-Cu binary
system is assumed to facilitate the calculation. Buthfe molten steel scrap, other elements, such
as Si, Mn, P, and S, could be represented with signif@anposition. During the experiment, the
oxidizing reactions of those elements, as well as eheduld not only make the kinetic analysis

more complicated, but also affect the removing of Cu.

Nonetheless, this mathematical analysis could be usadcd to assist the development
of future experiments for improving the removal rate ast &le referenced for other similar

metal-slag system for pyrometallurgical research.
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CHAPTER 11
CONCLUSIONS AND DIRECTIONS FOR FUTURE RESEARCH

This chapter consists of a set of conclusions concernagettmoving of Cu impurities
from steel scrap, especially for the automobile scraputir evaluating the identified candidates
of physical separation and chemical removal in suppdheamprovement of steel scrap recycling
and downstream manufacturing of valuable steel products. Alased on the obtained
experimental results and further analysis, directiongufture work are provided to improve the

performance of researched removal technologies.
11.1 Conclusions

(1) Based on the accomplished literature review, renteehhologies for impurities, such
as Cu, Sn and Zn, from steel scrap have been reseaoshalolt eight decades, which
could be generally classified into physical separation and chéremoval. Among these
impurities, Cu could be the priority area of our concemme it could significantly induce
the surface hot shortness at high content during the hddingoof final steel product,
considering that Cu is nobler than Fe and could accuendiating the recycling of steel
scrap. But no industrial implementation for the remagahnologies has been conducted

successfully.

(2) Due to the rapid increase of scrap availability, automaioilep has been the major
source of steel scrap during its recycling. For a scrap yastl, hammer shredding
combined with magnetic separating are applied to the regygrocess of obsolete
automobile, indicating an average Cu content of 0.25wt%, whidhigiser than the

allowable limits of most steel product. That means limitegsamption of steel scrap for
Fe production could be featured. As a result, dilutiopigyiron must be adopted for the
steelmaking industry, especially for the smelting in EAFatoid the negative influence
of high Cu content on the manufacturing certain gradeseet product which require high
surface quality. But the carbon-based reducing process cawuteth blast furnace to

produce pig iron consumes significant energy with @éneration. So if practical removal

technologies could be applied to increase the usage @habtle scrap as feedstock in
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EAF, low energy (and C£) production of high value steel products could be targeted,

benefiting the involved industries for steel recycling.

(3) Toward fundamental studies of the literature seanchystry survey for sensor-based
sorting technologiesnd the estimation of extra energy consumption folyagppotential

chemical removal methods, two physical removal techimedognd two chemical removal
technologies that appear to be economically viable arthieally suitable have been

identified respectively for initial exploration

For physical separation, considering the limitation of citiiregy and magnetic separating,
sensor-based sorting technology is mainly focused asasbfe way to remove Cu
impurities due to its capability of detecting and examining eadividual shred-piece
based on different mechanisnifie industry survey, which offers some basic information
for the general capital cost of equipment to apply dffersensors for sortation,
demonstrates that optical sensor is potentially ecoraiyiwiable, especially when
compared to other types of sensor. In terms of the extehermal conductivity and the
reddish-brown color of Cu, which could be applied as sortieghanism to achieve
efficient sortation of Cu impurities before smeltingmesa-based optical recognition and

blue laser sensor have been identified and focused fal iexgperiments.

For chemical removal, six potential methods, which weskecsed based upon the
description and collected experimental data in liteeattegview, have been further
understood and compared according to the fundamental cadoutstithe extra energy
consumption required for achieving the removal of Cu carfitem 0.4wt% to 0.1wt% for
commercial steel and 0.03wt% for IF steel. As a reshlgrination with CJl-O, gas at 800
°C and slagging method with FeO-Si0aCh at 1600°C have been identified and focused

for initial experiments.

(4) Physical characterization of collected automobilagancluding visual inspection and
size distribution test, has been completed to undersi@noiccurrence of Cu impurities in
steel scrap. With visual inspection, the occurrence oinQurities in automobile scrap
could be classified as isolated pieces, such as Cu matdnwiees, and Cu alloyed in Fe
shreds. For size distribution test, majority of Reegls appeadin the - ~ O 0’
and- 0° 0  VL]H IUD mwdt & e apparedtfCu motor material appear the
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-0 0Size fractions and Cu wire appedin the -%2 inch size fraction. Preferential
removal of scrap pieces distributed to the size fradéies than %2 inch may lower the Cu

content of automobile scrap without much material lossofdfues

(5) Chemical characterization of collected automobitescincluding handheld XRF and
melting experiments followed by AAS analysis, has been ceteglto understand the
composition of Cu as alloying element. As a resultctiaposition of identified Cu source
could be 0.212wt% based on the collected weight data. The ciiopas Cu alloyed in

steel could be 0.061wt%, which is in accordance with the igéscr in literature. For

removal candidates from physical separation, theynayee desirable for targeting the
isolated Cu impurities. For removal candidates from cbalnémoval, they can be applied

to target either the isolated Cu impurities or the Cu atloy Fe shreds.

(6) For blue laser sensor, as one of identified physiealowal technologies, initial
laboratory tests conducted with pure Cu and Fe sheets lfened its sorting
mechanism related to the difference of thermal condugwitl absorption, demonstrating
good sorting potential for Cu impurities. But the accessimlitypdustrial blue laser source
could be a limitation for conducting further laboratory expents with actual automobile

scrap sample.

For optical recognition, as another identified physicaiaeal technology, experiments
conducted with different well-developed CNN architectures angped dataset have
proved that it is highly possible to reduce Cu content to the 0.1wifation with the
improvement of machine learning. Also the machine learning pmograuld be further
optimized to improve the recognizing accuracy. So this catedids identified for further

research.

(7) A self-built CNN architecture was customized to be idiglized for this work by the
application of hyperparameter optimization, which utilizeddeem search and Bayesian
optimization to optimize multiple crucial hyperparametensd has been applied on the
recognition of Cu impurities to further improve the recogmjzccuracy. As a result, a Cu
recognizing accuracy of 87.5% was achieved, resulting in overhlttion in Cu content
from 0.272wt% to 0.093wt%. Also balanced recognizing accuradydibr Cu impurities
and Fe shreds would be obtained with this self-built arctite. If high recognizing
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accuracy of Cu impurities would be preferred, this self-BCNIN architecture could be
adjusted with the early stopping of the performed optitiura indicating a recognizing
accuracy of 93.8% for Cu impurities. As a result, an olvesdlction of Cu impurities in
steel scrap from 0.272wt% to 0.077wt% could be estimated.

(8) For chlorination method, as one of identified chemi@moval technologies, this
method demonstrates good feasibility to remove isolate@piet Cu impurities, while

potential for removing alloyed Cu from steel scrap could sgléd to be discussed
considering that the diffusion of Cu alloyed in steelhe surface could be the controlling
step for the reaction with chlorine gas. However, consigethe corrosive property of
chlorine gas and the loss of Fe due to oxidation, it isdesirable for the further

improvement. Also its economic feasibility could be sabje the using of chlorine gas

and flowrate controlling of mixture gas.

For slagging method, as another identified chemical rem@einology, this method
demonstrates good feasibility to remove Cu impurities. Butt@tlee insufficient sealing
and large space of applied furnace, the oxidation cbl&l be observed and the collection
of volatile CuCl could be impossible. Also suitable cruckieuld be selected based on
the composition and basicity of the slag phase. Alieliastors could affect the proceeding
of reactions, leading to a lower removal rate of Cutt#® candidate was identified to
further build the kinetic understanding. Then on theshaftheoretic analysis, an apparatus

to facilitate this technology will be proposed for future wirkmprove the removal rate.

(9) Mathematic equations have been established based dmetingcal equilibria and mass
balance of supposed chemical reaction to project the ctvatien of Cu in molten steel
with the application of FeO-SiaCaClb slag. By determining the crucial parameters, such
as the equilibrium constant, activity of involved componentsd the mass transfer
coefficient, from available thermodynamic data and rdlditeratures, the interfacial
concentration of Cu could be solved numerically througfialsie computational program
using the initial conditions of metal and slag phase. Thithematical analysis could be

used as a tool to assist the development of future expesment
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11.2 Future work
11.2.1 Further optimization of CNN architecture to improve the optical ecognition

The overfitting problem could be still observed for the Innae learning program with self-
built CNN architecture. Also small scale of dataset couldrtm¢her concern. So following further

works should be tried to eliminate these limitations:

(1) Investigation of other much dedicated optimizing athars, such as tree-structured
parzen estimators and simulating annealing to achieve a beyfsrparameter

optimization.

(2) Investigation of the optimization for hyperparametevbich have discussed in this

work, with setting a large optimizing range.

(3) Investigation of transfer learning with well-developed Caishitectures to eliminate

the influence from the scale of dataset.
(4) Investigation of other possible approaches to mitigateverfitting problem.

Also besides of the recognition of isolated Cu impuritigésis possible to build a
relationship between the shape of Fe shreds and theisponding Cu content with machine
learning progranachieving the sorting of Fe shreds with high Cu contemteshe use of different
steel products during the manufacturing of automobile coutdabked based on their properties.
So future work could be designed to analyze pieces of ledskwith handheld XRF for the Cu
content. Then acquired photographs which could be categamizedifferent labels for the range
of Cu content, such as 0.04-0.05wt%, 0.06-0.08wt%, and 0.08-04 0mtl be applied to the
suitable machine learning program to identify the potentitdtiomship. As a result, new
photographs of Fe shreds could be tested with the resbkiong classified into the projected

content range, which could be further validated by the addaiesult of handheld XRF analysis.
11.2.2 Slagging method using vertical crucible furnace

Additional experimental research should be tried to not ealidate the mathematic
calculation for kinetic understanding, but also achiaeetter controlling for the conducting of

experiments. The following works should be considered with grelatails:
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(1) Investigation of the basicity of applied slag phesaelect suitable crucible for the

experiment.

As mentioned before, ADs crucible gt reacted with the slag phase during the heating up,
indicating the slag phase could be basic. As a result, Mg@rweould be preferred for
the experiment. Considering the high cost for MgO crucibis,desirable to coat the fire
clay crucible with a layer of castable magnesiteastbry. After curing at 50C for 2

hours, the coating could be obtained individually as thaldejas shown in Figure 11-1.

Figure 11-1 Homemade magnesite crucible

The only concern is that the area of the reactingrfimce by using this crucible is not
constant, and exceedingly difficult to parameters foidatihg the kinetic calculation, as
well as the value of the mass-transfer coefficient, witichld depend on the system

geometry.
(2) Investigation of utilizing vertical crucible furnace tdleot the volatile CuCl

To facilitate the validation of kinetic calculation,pesially for the mass balance, the
collection of volatile CucCl could be achieved by the apion of cold finger with
cooling water, as shown by Figure 11-2 for the schematic gumatfiion of the crucible

furnace. Also in order to maintain an accurate timing comftrolhe initial of metal-slag
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reaction, the slag should be charged into the crucilbde #fe metal getting melted. As
shown in Figure 11-2, the ADs tube could be used for charging the slag, as well as the
sampling of hot metal in a predetermined time intervtarahe charging of slag to facilitate
the AAS analysis for recording the changing of Cu contentatal phase over time. After

the designed experiment, slag phase should be collectedrfpositional analysis.

Figure 11-2 Schematic configuration of vertical crucible faena

(3) Investigation of applying EAF slag to achieve the removal

As discussed in Chapter 9, adding GaGlthe formed EAF slag during smelting might be
possible to achieve the removal of Cu from molten steaherally, about 130kg EAF slag
could be generated for each tonne of steel produced [143ilddetomposition of EAF

slag for one tonnes of steel is shown by Table 11-1. Asguthe average Cu content of

138



steel scrap melted in EAF is 0.25wt%, so for one tonneeef ptoduced, the molar ratio

of Cu, FeO, Si@ and CaO should be about 1:8.3:8.3:22.6. Based on this estimation
corresponding analysis of equilibrium composition coulccbeducted to determine the
required usage of CafLlAs shown by Figure 11-3, a certain removal of Cu coeld b
projected with the adding of Cadhto the slag phase. For example, with the molao rati
of Cu and CaGlis 1:20, a removal rate of 50% could be maintained, indgaliat about

86.8kg CaCl should be added to the slag phase for one tonne of steel.

Table 11-1 Detailed composition of EAF slag for per tonnstexl|

Chemical Composition (wt%) Weight mole
FeO 18% 23.4kg 325mol
CaO 38% 49.4kg 882.1mol
SiIO, 15% 19.5kg 325mol
Al20s3 9% 11.7kg 114.7mol
MgO 9% 11.7kg 292.5mol

kmol File: C:\HSC5\Gibbs\GibbsIn.OGI
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Figure 11-3 Equilibrium Composition with Cu:Fe0:%i0a0=1:8.3:8.3:22.6 (molar
ratio) at 160CQ
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$OWKRXJK WKH DERYH WKHUPRG\QREL&EXDMAMLY LW \GRXH C
interaction with Fe as infinite dilution and the infleen of kinetic factors into
consideration, future experiments using actual EAF slag mixgdGaCh should be still

desirable to explore the feasibility and removal efficien
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APPENDIX A

ESTIMATION OF EXTRA ENERGY CONSUMPTION OF CHEMICAL REMOVAL TECHBILOGIES

Extra Energy

([vcv:tlg/Fj) (Heatin;rg?ocessing‘ Consumption
Method T(°C) (Ef/:tlg}]) 1 (kWhitonne) Secondary Effects
% | comm| IF Comm- Comm-
. . IF steel . IF steel
-ercial | steel| ercial ercial
Fluxing with 30 min 30 min co(nlt)aﬁ:ijr!f;trion
Solid matte: FeS and | 1000 | 0.4 0.1 | 0.03 +15min| +18 min 169.28 | 198.78 (2)SQ in the
Scrap NaS
exhausted gas
(before .
! (1)Fe partially
meltin Chlorination with 60 min 60 min oxidization
9) Cl-O2 gas 800 0.4 0.1 1003} | 4min | +6min 84 89.18 (2)Ck in the
exhausted gas
Vacuum Difficult to
. 25h 25h 3952.8 e
Evaporation 1600 | 0.4 0.1 0.03 +2567h +47.97h 4 7342.44 maintain lower
(50Pa) pressure
. 25h Additional
Blowing NHs 25h )
under 2000 Pa 1600 | 0.4 0.1 | 0.03| + 1'45 + 270 min 597.73| 1101.4 .degassl;].g dllje .to
Molten min nitrogen dissolution
Blowing Weak .
Scrap e 25h Adding carbon and
Oxidizing Powder| 4 oo | 54 | 01 |o003| +325 | 22N | 152901 555564 following
under Reduced min +10h ! decarburization
Pressure(130Pa
(1)Unclear
Slagging with 3h 3h+87 mechanism
FeO-Sia-CaCh 1600 | 0.4 01 | 003 50 min min 204.55 | 298.95 (2)May need
decarburization
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APPENDIX B
INDUSTRY SURVEY FOR SENSOR-BASED SORTING EQUIPMENT

1 Western Metals Recycling LLC

Introduction: Western Metals Recycling, LLC (WMR) is a Wyhowned venture of
Cincinnati-based, The David J. Joseph Company (DJJ). Foundi885nDJJ is one of the largest
scrap broker/processors in US providing scrap brokerage, regyatith transportation services.
'-- LV SDUW RI 1XFRU &RUSRUD WL ares! SiredivhaRscrapRie@D Q L H
recycling companies across the USA which includes a networkesf@b scrap metal facilities
with the capacity to recycle 5 million tons of ferroumsl &00 million pounds of nonferrous scrap
annually.:051V ODUJHVW FRQVXPHUV RI SUR@ XKW % MRJ HD QG $EX¥ R/ L
Mill in Plymouth UT.

General Manager: David Youngberg, with 25 years scrap indugberience, originally

served in Provo, UT, then moved to Englewood, CO in 2003.

Description: WMR processes automobiles through a hammerhredider and two drum
PDIJQHWLF VHSDUDWRUV WR SURGXHR WKW HBFREHOGE WHNUWKRKXY &I
any sorting method after magnetic separator. But mariaking up has been deployed to pick
motors from the product stream. The Cu content of finadshed product is below 0.25%. David
mentioned in some other yards, they apply Gamma Technédoggntrol the composition of
shredded scrap. Normally, the Cu content could be reduced to 0.16%hiwitechnology. But the
cost will increase and then influence the sale of finadlpch The flow sheet is as following. Also
this gamma technology utilized at their facilities only vaksathe chemistry of the processed

scrap. It has no sorting ability.

2 Gamma-tech

Introduction: Gamma-tech is a reseller for Thermo Fishelerific, who is the
manufacturer of the Cross Belt Analyzer (CBA). Gamheah customizes and calibrates the CBA
for the metals industry and try to market the equipnetite scrap recycling, metals, and steel

industries.

Product: Cross Belt Analyzer
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Description: It is a Prompt Gamma Neutron Activation Analy§?GNAA) system
designed to integrate into an existing conveyor belt litksenalyze, in real-time, the composition
of bulk materials being transported by the conveyor Bslthe material passes through the tunnel
of the analyzer, it is bombarded with neutrons fromaactive isotopes. The neutrons are captured
by the atoms of the material and produce a secondaryaeactthe form of gamma rays. This
secondary gamma ray spectrum is de-compiled and analyzed to pthewoenposite elemental
analysis of the material.

Clark Scott from Gamma-tech offers some information atlesitechnology used in scrap
yards. The analyzer is primarily used to provide a compobéenistry of a quantity of shredded
scrap, i.e. a barge or train shipment. However, for rabgiments, their contractual chemistry
must be achieved, typically copper content in ferrous sdrafhe case of a shredder supplying a
specified chemistry to a mill, the analyzer acts as a psowentrol tool allowing the processer to
monitor and control the quality of the shred. The quadityointrolled by either changing the infeed
material to the shredder, making adjustments to improvedoenstream processing, adding
pickers, or diverting outf-spec material away from the shipment. PGNAA providiedl atream

analysis of the shredded material on the conveyoribdies not sample the individual pieces.

The analyzer is used in the metal recycling applicatidrieroous scrap, aluminum, and
copper, as a quality control instrument to report the chgyrogta suite of elements specific to

each industry/application.

According to R. C. Woodward, from Thermo Electron Corpgomatthe capital cost for
PGNAA cross belt analyzer could be estimated as $500,00000%, depending upon the
complexity of the installation. (QIRUPDWLRQ IURP 3$ ODMRUInéWddlS YRUZD
$QDO\WLV" 5 & :RRGZDUG 0 3 (ADQUHEFWHURESEFRUBRHDWLR

3 SciAps Inc.

Introduction: SciAps, Inc., is a Boston-based instrumematompany specializing in
portable analytical instruments. They provide durable, tietded, portable instruments to identify
any compound, any mineral and any element, such as HandheldndRfaadheld LIBS, which

can be applied to scrap processing, geochemical and foodrinddsre than 90% of all alloys
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can be identified in 1 second with excellent precisiangughe Alloy Model, which includes a

large composition library for 500 metal and alloys.

David Walter, a local representative, said that theyas#lt of these instrument to scrap
yards. The way they use them is to sort the metals pr&hréalding. Prior to shredding, a fender,
or an axel can be tested easily. But after shredtisging every shredded piece will be too time
consuming. Also he mentioned that XRF sensor above theygor belt has been used in industry.
Considering the distance between conveyor and sensareaimtense beam must be applied to
avoid the drop off of its intensity. Otherwise it wouldluence the result of detector. As a result,

millions dollar investment would be required for this typaserfisor sorting.

LIBS has been used for more than 30 years as a labotatbiyique, capable of analyzing
any element in the periodic table. Recently, the techriigisebeen miniaturized into a handheld
device (HH LIBS), capable of analyze all elements, dependirthe spectrometer range chosen
for the device. But David thought LIBS may not be suitabtectmveyor belt due to the small

laser spot used to create plasma around the area struck.

4 Eriez Manufacturing Co.

Introduction: Eriez involves in the design and manufaabfiseparation, material handling
and inspection equipment used throughout the process industueh as food, plastics and

chemical, mining, metalworking and recycling.
Product: Eriez Shred™ Ballistic Metal Separator

Description: Shred1 from Eriez uses ballistics to efficiesgiparate iron-rich ferrous from
much of the mixed metals post-drum magnet flow. This segradalivers two distinct fractions:
a premium low-copper ferrous product (in the range of 0.2699.Cu) and a traditional #2 shred
(over 0.20% Cu).

The Shredl ballistic separator combined with a PokerSorkttace long, troublesome
pokers,anda BPH[E SHUPDQHQW UDUH HDUWK PRUQH V8 UR BHN\X\P 11RSA
GRHV WKLY QHZ &OHDQ6WUHDPE @G FRHMH Q WRIDY\HitUNP RRIIHW K k
magnet flow into a low-copper premium shred, but it altuces the hand picking and helps

increase recovery of copper bearing materials.
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Table B-1 Details for ballistic metal separator

Model Feed Width Approx. Weight Capital Cost
Shred1-60 60 inches 26,000 Ibs $187,200
Note: Price information from an Area Sales Manager

5 Tomra

Introduction: TOMRA mainly offers suitable sorting soluticies the waste and metal

recycling industries and continues to result in relatechinas and exceptional service.
Product: XRT Sensor Sorting

Description: High resolution X-ray (XRT), coupled with nikdensity-channel
capabilities, enhance the precision of sorting even tist pomplicated material mixing across a
wide variety of metal applications. Their field-proven DBeocessing Technology, coupled with
7205%1TV H|[Fiwateevelopment, means that the X-TRACT enalffestiee sorting
of the highest throughput with reliable top-quality yield. Now ppad with the new intuitive
ACT user interface, X-TRACT operators can easily sdeatisorting information and real-time

process data at a glance.

Harold Cline, area sales manager, offers some basieratmn about the price of XRT

Sensor.
Table B-2 Estimated capital cost for XRT sensor
XRT + Electromagnetic Sensor Estimated Capital Cost
Width of Conveyor: 1.2m $550k
Width of Conveyor: 2.4m $1.1M

6 REDWAVE

Introduction: REDWAVE offers advanced sorting solution hie tecycling and mining
industry. Advanced optical sorting machines and completd pations have been applied to
sort glass, paper, plastics and scrap metal, including @amased, Near Infra-Red (NIR) based,

Induction based and XRF based sensor technology.
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Product: REDWAVE XRF Chute Design

Description: a high level of detection is guaranteed evémeipresence of material which
is dirty or otherwise contaminated. Energy dispersiMayXFluorescence Spectrometer is used to
generate elemental analysis of the feed materials. UpAo &fpacity can be achieved depending

on the sorting width.

Considering the cost, a sales manager presents a padiaglation for REDWAVE XRF
1370 used to sort ZORBA, which is a mixture of aluminum, copper dr&t nbn-ferrous metals
produced with the recycling of automobiles. The estimated atapitst could be $504,874.
(,QIRUPDW LRQnteth&ibndl RetFOHG $OXPLQXP &RQIHUHQFH ~ 0DGUL
by Manuela Suttnig, Sales Manager from REDWAVE)

7 UHV Technologies, Inc.

Introduction: UHV Technologies, Inc. involves the develophagd commercialization of
advanced materials and devices. Their high throughput IL-XB&Nscrap Sorter is designed for

commercial scale aluminum scrap sorting.

Description: Linear x-ray tube for parallel elemental position measurement is applied

on a fast moving conveyor belt.

Table B-3 Details for UHV IL-XRF

Metric UHV IL-XRF
, . “ 10 tons/hr
Sorting Capacity “ 100 M pieces/yr
Cost < $0.03/kg
Accuracy “99%
Sort Time/Piece <100 ms

8 Optical Sorting

(1) MSS: based in Nashville, TN. Its Aladdin system procespe® 4,000kg/hour and
uses an integrated color sensor to differentiate betalean and green PET bottle or transparent

and opaque, plus colored and natural HDPE bottles; able tifydsamd separate two eject streams
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from one pass stream; also counts bottles separatedelgrslzype; approximate capital cost for
the equipment is US$185,000. Latest generation sensor teghinsldhe MultiWave.

(2) S&S Separation and Sorting Technology GmbH: based in &wtnbut has joint
venture with California Company called Tectron Engineeringisde optical sorting equipment
is produced for whole bottle sorting, which accommodateerdiit sensors to achieve 99.5
percent purity. The mass-sort system works with diffepaiymer types, colors and metals, as
well as a commingled stream of mixed plastics. Unit capaibetween 500 kg/hr to 6,000 kg/hr
and comes in four different belt widths from 500 to 2000 mapit@l costs range from US$50,000
to US$250,000. S&S also offers SPECTRUM color sorters and PEI M#etal separation

systems.

(3) Pellenc Selective Technologies: based in FranaaMiktral is a multimaterial sorting
system that uses NIR (near infrared spectroscopy) technddentify all materials in one pass.
The Sirocco uses Vision (sorting of hollow bodies blocwision) to identify each object by
location, shape, transparency and color. The equipnffsns gandom speeds of 2.5 to 2.8 m/s.
Models range from 800mm to 2400mm belt widths, varying in ougpadty from 900 kilograms
to 3 t/hour to 8 to 10 t/hour. Purity levels of 90 to 98 percent dmiead. Efficiency is 90 to 96
percent. Approximate capital cost of the equipment is US$1000008$250,000, depending on

sizes and options (binary, ternary).
9 STEINERT

Introduction: STEINERT manufactures a complete line afjnetic and sensor-sorting
equipment designed to recover a wide range of materials andderdifferent separation

technology solutions for the scrap, waste, recyclirdyraming industries.
Product: STEINERT LSS LIBS with line sorting system

Description: It is additionally equipped with #D detection andser induced breakdown
spectroscopy unit (LIBS). They have developed this efficsenting machine especially for use
in the sorting of aluminum scrap. But according to its meisina, it could also be used for sorting
steel scrap. It is ideally suited for stamping waste rizt20 to 60 mm wide and 60 to 150 mm

long.
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7KH XQLW RIIHUHG E\ 67(,1(57 DFKLB@HV BBURKRISX W <RHW
with an output of just one tonne per hour, with 300 eur@&lditional proceeds and an operating
time of 8,000 hours per year the additional proceeds anm@n million euros, comparing to the
VRUWLQJ FRVWYV RI WR HXURV&S AU WIRQYEHY HDPODFXOB W B ¢

the unit would pay for itself in around half a year.
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APPENDIX C

RESULTS OF HYPERPARAMETERS OPTIMIZATION

Table C-1 Detailed results of random search for the nuoitfdters and filter size in the first
convolutional module

Number of Filters Filter size Validating Loss Validating Accuracy
8 3 0.4835 0.9933
16 7 0.5342 0.98
24 3 0.4573 0.9917
24 5 0.3547 0.9883
32 3 0.2443 0.995
32 7 0.713 0.95
40 5 0.3982 0.9833
40 7 0.5024 0.9767
48 3 0.1522 0.9958
48 5 0.4148 0.9883
48 7 0.5138 0.9858
56 3 0.1426 0.9967
64 7 0.5654 0.9392
80 7 0.5125 0.9575
96 7 0.4196 0.9783
104 3 0.1375 0.9975
104 5 0.3542 0.9725
104 7 0.415 0.9692
112 3 0.1139 0.9967
112 5 0.2354 0.9867
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Table C-2 Detailed results of random search for the nuoiftfdters and filter size in the second
convolutional module

Number of Filters Filter size Validating Loss Validating Accuracy
104 3 0.2469 0.99
104 5 0.1524 0.99
104 7 0.5514 0.9892
112 3 0.2289 0.9933
112 5 0.3296 0.9808
112 7 0.2563 0.99
120 3 0.3973 0.9858
120 5 0.3688 0.9892
120 7 0.4119 0.9917
128 3 0.1615 0.9892
128 5 0.5117 0.9867
128 7 0.2771 0.9825
136 3 0.1812 0.9925
136 5 0.3698 0.9817
136 7 0.3098 0.9892
144 5 0.2138 0.9925
144 7 0.42 0.99
152 3 0.2098 0.9883
152 5 0.2251 0.99
152 7 0.4516 0.9908
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Table C-3 Detailed results of random search for the nugfddters and filter size in the third
convolutional module

Number of Filters Filter size Validating Loss Validating Accuracy
104 3 0.5097 0.9925
104 5 0.2528 0.9933
104 7 0.2656 0.995
112 3 0.3324 0.995
112 5 0.2601 0.9958
112 7 0.2018 0.995
120 3 1.975 0.9942
120 5 0.3487 0.9892
120 7 0.4941 0.9925
128 3 0.7892 0.99
128 5 0.3508 0.9917
128 7 0.6056 0.9942
136 3 0.1801 0.995
136 5 0.2421 0.9933
136 7 0.4182 0.99
144 5 0.1954 0.9917
144 7 0.5945 0.9942
152 3 0.2197 0.9908
152 5 0.3482 0.9917
152 7 0.265 0.9942
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Table C-4 Detailed results of random search for the nuoitfdters and filter size in the fourth
convolutional module

Number of Filters Filter size Validating Loss Validating Accuracy
168 7 0.4546 0.9967
176 5 0.2902 0.9958
136 3 0.2371 0.9933
184 3 0.2137 0.9942
152 7 0.35 0.9958
160 7 0.6813 0.9975
160 5 0.5842 0.9942
184 5 0.5778 0.9917
144 7 0.4066 0.9967
144 5 0.3701 0.9975
176 7 0.3787 0.9967
144 3 0.4423 0.9975
152 5 0.2749 0.9933
160 3 0.1942 0.9975
136 7 0.3056 0.995
152 3 0.4589 0.9967
184 7 0.6837 0.9967
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Table C-5 Detailed results of random search for theadrogate in the first
convolutional module

Dropout Rate Validating Loss Validating Accuracy
0.55 4.6469 0.9933
0.5 4.5482 0.9925
0.7 7.9643 0.9958
0.05 22.854 0.9958
0.4 6.6106 0.99
0.15 6.8617 0.9967
0.95 8.2146 0.9499
0.45 5.4867 0.9983
0.85 8.1014 0.9958
0.3 8.2357 0.9975
0.75 5.6705 0.995
0.35 5.0061 0.9942
0.2 8.1671 0.995
0.6 5.7046 0.9983
0.25 7.5628 0.9942
0.1 3.8142 0.995
0.8 8.3683 0.9942

162




Table C-6 Detailed results of random search for the ditojade in the second
convolutional module

Dropout Rate Validating Loss Validating Accuracy
0.6 7.1592 0.9975
0.15 10.1883 0.9958
0.4 7.3771 0.995
0.55 10.0339 0.9925
0.85 7.9593 0.9942
0.5 8.7939 0.9983
0.3 10.1103 0.9958
0.75 13.5049 0.9942
0.05 5.7391 0.9958
0.2 4.4099 0.9967
0.7 3.8218 0.9958
0.25 5.4022 0.9942
0.8 14.2896 0.9958
0.1 8.0904 0.9958
0.95 3.6573 0.9792
0.45 10.9543 0.9975
0.9 8.4638 0.9917
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Table C-7 Detailed results of random search for the ditoade in the third

convolutional module

Dropout Rate

Validating Loss

Validating Accuracy

0.35

5.1001

0.99

0.05 4.8517 0.9958
0.2 8.9534 0.9983
0.25 6.6087 0.9958
0.4 14.3691 0.995
0.55 4.192 0.995
0.5 8.4065 0.9981
0.1 8.7893 0.995
0.15 4.6387 0.9998
0.45 9.614 0.9958

Table C-8 Detailed results of random search for the drtoade in the full-connected module

Dropout Rate

Validating Loss

Validating Accuracy

0.05 145.1776 0.9983
0.35 130.1044 0.9983
0.15 31.2446 0.9983
0.55 454.4276 0.9967
0.25 6.8287 0.9983
0.2 218.2415 0.9983
0.45 210.917 0.9975
0.4 51.2922 0.9983
0.5 32.1511 0.9967
0.1 615.3541 0.9983
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