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ABSTRACT 

Steel scrap, especially for automobile scrap, being the most recycled material in the world, 

is facing the problem of limited consumption due to the contamination of impurities, such as Cu, 

Sn and Zn. Among these impurities, Cu could be the priority area of concern, which could be 

classified as isolated Cu impurities and alloyed Cu, leading to the inducing of surface hot shortness 

during hot working due to high Cu content (above 0.1wt%). To eliminate this issue and develop a 

circular economy with energy efficiency, various removal technologies have been researched. 

With the access to actual automobile scrap and following characterization, this research is aimed 

at carrying out a fundamental study to pursue feasible methods, including physical separation and 

chemical removal, to overcome the existed technical gaps.   

For physical separation, considering the distinct color difference between metal Cu and Fe, 

optical recognition was explored as a candidate for sorting Cu impurities with the improvement of 

machine learning. With further research of hyperparameter optimization, Cu recognizing accuracy 

of 87.5% was achieved, resulting in overall reduction in Cu content from 0.272wt% to 0.093wt%, 

indicating good feasibility to reduce Cu content to the 0.1wt% limitation. For blue laser sensor, as 

another candidate, initial laboratory tests conducted with pure Cu and Fe sheets have confirmed 

its sorting mechanism related to the difference of thermal conductivity and absorption. But the 

accessibility of industrial blue laser source could be a limitation for conducting further laboratory 

experiments with actual automobile scrap. 

For chemical removal, chlorination with Cl2-O2 gas at 800 oC and slagging method with 

FeO-SiO2-CaCl2 at 1600 oC have been identified and focused for initial experiments. For 

chlorination method, it demonstrates good feasibility to remove isolated Cu impurities, while 

potential for removing alloyed Cu in steel scrap could still need to be discussed. For slagging 

method, it demonstrates good feasibility to remove Cu impurities. Then mathematic equations 

have been established based on the chemical equilibria and mass balance of chemical reaction to 

project Cu concentration in molten steel with the application of this technology to build the kinetic 

understanding. 
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CHAPTER 1 

INTRODUCTION 

Steel recycling can be treated as a full-developed industry in the world, including scrap 

collecting, processing and utilizing [1]. Due to the energy and raw materials intensive nature of 

the industry and strict environmental policies, steel practitioners must take energy costs and 

environment protection into consideration during steelmaking, promoting the recycling of waste 

and by-products. When considering the industry beyond primary steelmaking, steel scrap has 

become indispensable as a valuable secondary resource and has long been known as the most 

recycled material in the world. For world steel recycling, the average usage of steel scrap for crude 

steel production is about 70% in US and about 30% in the world [2], which could be predicted to 

maintain a stable trend in the near future. This limited consumption could be attributed to the 

contamination of impurities accumulated during the recycling process. As a result, the pig iron 

would remain as a dominant feedstock for steelmaking. Traditional large integrated steel plants 

mainly use coke as the reductant. The major source of energy in iron and steelmaking is the 

embedded energy in coal, used for reducing iron ore. So this carbon-based reducing process, 

carried out in the blast furnace, consumes significant energy (16 GJ/ton steel) and produces vast 

amounts of  CO2 (1560kg/ton steel) [3]. Ideally, increasing the usage of steel scrap as feedstock in 

the Electric Arc Furnace (EAF) would significantly eliminate the energy consumption and CO2 

emission, which could be essential for the sustainable development and circular economy of 

steelmaking industry.  

Generally, steel scrap could be gathered from steelmaking plants, manufacturing plants, 

and end consumers. Based on these sources, steel scrap can be further subdivided into three 

categories, home, process and old scrap. In steelmaking plants, metal can be collected from the 

surrounding of furnaces, ladles, slags, and casting molds as home scrap. In manufacturing plants, 

process scrap can be produced during cutting, drawing, rolling, or shaping [4]. These two types of 

steel scrap have high purity and can be directly recycled to the BOF or EAF units. Old scrap, also 

called obsolete scrap, mainly originates from discarded consumer (end-of-life) products. Due to 

the complicated and advanced assembly and integration, this type of scrap contains components 

or materials that make up the major source of impurities and can downgrade the recycling value 
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[5]. According to the up-to-date statistics from U.S. Geological Survey [6], old scrap can account 

for 58% of recycled steel scrap in United State, along with 24% process scrap and 18% home 

scrap. 

As estimated by Hiroki Hatayama [7], steel stock consumed by three major end users could 

rise from 25,000 billion kg in 2020 to 55,000 billion kg in 2050, which consists of approximately 

55% building, 33% civil engineering and 12% vehicles [8]. Among these applications, vehicles or 

automobiles, which could get obsoleted with the average lifetime of about 14 years compared to 

the 60 years for steel products applied to construction and engineering industries, have been the 

major source of old scrap [9]. On the other hand, the worldwide production of automobiles 

demonstrates a fast growth from 2001 [10], so it is foreseeable that there will be a notable increase 

of automobile scrap availability in the long term, along with the limited consumption, as shown 

by Figure 1-1 for the global scrap availability, especially for obsolete scrap. 

 

 

Figure 1-1 Demonstration and projection of global scrap availability [11] 

 
The commonly mentioned impurities in steel scraps include Cu, Sn and Zn. Among these 

contaminating elements, Cu and Sn are the primary concern relating to “hot shortness”. Volume 5 

of the Metals handbook [12] gives the following definition of hot shortness: “Hot brittleness in 

metal in the hot forging range”. It is a phenomenon that occurs commonly on the surface of steel, 

whenever it is exposed to oxidizing conditions and some form of mechanical deformation, e.g. 

cooling from the continuous casting and re-heating followed by hot-rolling. The preferential 
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oxidation of iron leaves the more noble elements, Cu and Sn, as a separate molten phase which 

causes embrittlement in the underlying steel [13]. At 0.1wt% Cu content and 0.04wt% Sn content 

or above [14], a Cu-enriched phase can be formed which could penetrate into grain boundaries 

under the forging force, causing cracking, as shown by Figure 1-2. The role of Sn in this 

phenomenon is to lower the solubility of Cu in the γ-Fe austenite phase and the melting point of 

the Cu-rich phase. Studies on the use of high Zn content scrap show no adverse effect on the 

mechanical properties of the produced steel, however dust emissions are problematic relative to 

environment control.  

 

 

Figure 1-2 Mechanism of surface hot shortness 

 

For automobile scrap, Cu impurity could be the major reason for the limited consumption, 

compared to other impurities. Generally, the occurrence of Cu in automobile scrap could be 

classified into two categories: isolated Cu impurities and Cu alloyed in the steel. Based on statistic 

data [15], about 23kg of copper could be contained in a typical automobile. Due to the continuing 

addition of electric components and vehicle electrification, an average of 1500 copper wires 

totaling about 1.6km in length is expected [16]. The iron outer-shell of Cu motors and elongated 

shapes of Cu wires both pose challenges to the efficiency and cost of regular liberation and 

separation in a scrap yard for processing obsolete automobiles. The challenges are analogous to 
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those related to mineral processing in the mining industry, wherein decreases in particle size result 

in the liberation and following separation becoming more costly. 

For further understanding, the composition of different types of scrap and allowable limits 

of scrap residuals in the manufacture of steel products are demonstrated in Table 1-1 and Table 1-

2 [17]. As shown in Table 1-1, comparing to Table 1-2, only reinforcing bar, which has a higher 

tolerance, can be produced using old scrap directly. For producing interstitial free (IF) steel, which 

is mainly sourced into automotive production, the use of only common scrap is unacceptable.  

 

Table 1-1 Composition of different types of steel scrap 

Scrap Category 
Chemical composition, wt% 

Cu Sn Ni Cr Zn 

Obsolete 
Shredded car scrap 0.230 0.052 0.069 0.123 0.05 

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 
Steel 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 the manufacture of steel product and 
     required virgin iron for dilution 

Steel 
Product 

Allowable 
Limit of Cu 

wt% 

Estimated Cu wt% 
of Steel Product 

Average Fe wt% 
of Virgin Iron 

Blending Virgin Iron 
per tonne of Steel 

Scrap (kg) 
IF 0.03wt% 

0.25wt% [18] 

94wt% 
(95.7wt% for pig 
iron, 93wt% for 
HBI, and 94wt% 

for DRI) [19] 

7,801 kg 

DDQ 0.04wt% 5,585 kg 
Drawing 0.06wt% 3,369 kg 

Commercial 0.10wt% 1,596 kg 

Structural 0.12wt% 1,152 kg 
Fine-wire 0.07wt% 2,736 kg 

Rebar 0.4wt% No need for dilution 

 

As a result, dilution with virgin iron in EAF has been the most practical method. The 

required virgin iron for diluting Cu content to achieve the allowable limits is also shown in Table 

1-2, according to the Equation (1-1). Apparently, impurities have been an important barrier 

limiting the use of recycled scrap. 
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Required virgin iron= 

Cuwt% of steel scrap-Cuwt% of steel product
Cuwt% of steel product Weight of Steel Scrap

Average Fe wt% of virgin iron ×100           (1-1) 

Thus, if recycled automobile scrap with less contamination could be supplied through 

applying removal technologies, this would allow for low energy (and CO2) production of high 

value steel components. Besides of steelmaking industry, the automotive and construction sectors 

would also benefit since commercially viable sources of metal components/assemblies could be 

identified. Therefore, various removal technologies have been investigated to overcome the 

impurity problem, as will be described in Chapter 2. 
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CHAPTER 2 

REVIEW OF IMPURITY REMOVAL TECHNOLOGIES 

2.1  Physical Separation 

Physical separation is the first and primary technology of impurity removal in the scrap 

recycling facilities. Whether this process is efficient and useful, or not, depends on the nature of 

feed materials and the extent of liberation, such as dismantling and size reduction (shredding). For 

certain materials, for example to liberate metallic Sn and Zn from tinplate and galvanized steel 

scrap, normal shredding is ineffective, since these elements are either dissolved inside or strongly 

bonded to the steel. Therefore, chemical treatment is preferred for the removal of Sn and Zn. So 

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

Obsolete automobiles contribute to the majority of processed materials in the scrap yard. 

Other post-consumer products, such as refrigerators and washers, are also recycled with significant 

proportions. For these sources of steel scrap, before processing, the dismantling of Cu motors and 

wires, as the major source of Cu contamination, would be limited to those units with larger size 

when considering the costs and benefits. The problem is compounded during hammer shredding 

when smaller copper motors and wires become enmeshed and entangled within the Fe shreds. 

Therefore, during the subsequent magnetic separation, this lack of practical liberation results in a 

reduced separation efficiency, perhaps 80% or less, for the Cu contaminants [14]. This situation is 

also the obstacle to the application of eddy current separation. As a result, shredded pieces 

containing metallic Cu separate to the stream of Fe shred. 

Generally, shredding plants can maintain the final Cu content in steel scrap between 0.2-

0.3wt% with 70-80% Cu removal rate, which is still unneglectable referring to the strictly 

allowable limits for Cu residual in common steel products [18]. If handpicking was incorporated 

after shredding and magnetic separating, the final Cu content could reach 0.1wt% [20]. However, 

handpicking could be labor intensive and can only be cost-balanced if the copper price is high. On 

the other hand, sophisticated shredding, such as high density shredding and cryogenic shredding, 

could be applied to obtain a better liberation, improving the efficiency of subsequent magnetic 

separation. Sicon [21], a recycling company, focuses on high density shredding, which can reduce 

the size of shredded scrap to 40-50 mm, contributing to the effective removal of Cu to about 
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0.1wt% [14]. However, lower processing rate and high cost would be a concern. Cryogenic 

shredding, via cooling the feeding material in liquid nitrogen, results in the improved liberation 

with particle size below 10mm. This cryogenic shredding has been shown to produce a product 

containing a lowered Cu content of 0.04-0.06wt% after magnetic separation. However, 500-

1,000kg liquid nitrogen is consumed for cooling 1,000 kg of scraps, resulting in high capital and 

operating costs [22].  

Due to the limitations of shredding and magnetic separation, more and more sensor-based 

sorting technologies have been investigated to support sortation as a method for Cu rejection from 

Fe shreds. With the capability of detecting and examining each individual shred-piece based on 

different mechanisms, corresponding signals could be generated by the sensor and transmitted to 

the analysis system, i.e., the controlling computer. Through analyzing signals based on customized 

sorting standards, this system can derive a yes/no decision for actuating the ejection system 

positioned at the end of the conveyor.  

 

 

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

 

As a result, the unwanted pieces can be ejected by an amplified mechanical, hydraulic or 

pneumatic, equipment. The basic configuration of sensor-based sorting technology is showed by 

Figure 2-1 [23]. Identifying and utilizing the difference in physical and/or chemical properties 
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between Cu and Fe can be the key factor to build a suitable sorting standard. The most obvious 

characteristics of Cu are its excellent electrical and thermal conductivity and the reddish brown 

color. There are other spectrums, such as X-ray, gamma ray and lasers that may be adopted as 

feasible technologies to distinguish Cu pieces mixed in Fe sheds. More details will be offered and 

discussed in the following section with reference to different types of sensors. 

2.1.1  Color Sensor 

  RGB (red green blue) line scan cameras are commonly equipped as the color sensor to 

distinguish different color values. Many researchers also combine 3D detection with RGB data to 

produce shape information. By the analysis and integration of designed program, topographical 

color images of each shredded piece on the conveyor can be generated. Based on customized 

sorting criteria, an individual object, which has a certain percent of specific color in the image, 

such as reddish brown, can be recognized, classified and ejected. High resolution cameras can 

efficiently increase the quality of images and decrease the time of analysis. However, a high level 

of surface cleanliness would be required to obtain efficient scanning, posing an obvious problem 

for steel scrap. Additional washing and cleaning might be needed before sortation. But the 

development and application of machine learning for image classification might eliminate this 

disadvantage and improve the result of sortation, since the analysis program can be trained ahead 

with the same condition of cleanliness as sorting. 

Fumio Tanaka et al. [24] applied the TV camera to image individual pieces of shredded 

scrap, including their position data, and analyzed the hue angle and saturation value of every point 

in the image. Then Cu was labeled and discriminated with the range of saturation value (0.3≤ S ≤ 

1.0) and hue angle (0o≤ H ≤52o and 329o ≤ H ≤360o). By calculating the ratio of the area 

discriminated to be Cu to the total area in each image as a standard, pieces identified as copper-

containing were separated at the end of the conveyor. The speed of conveyor was 1 m/s due to the 

processing time of controlling system. The removal rate could be 100% for the scale of 1,000 kg 

scraps.  

2.1.2  XRT & XRF 

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

nm, has been widely used in the laboratory and industry [25]. Based on different working 
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mechanisms, X-ray fluorescence (XRF) and X-ray transmittance (XRT) can both be applied as a 

type of sensor. 

When the incident primary X-ray radiation from the X-ray tube above the conveyor 

penetrates into shredded pieces of steel scrap, excitation and emission of electrons can be detected 

due to high radiation energy. Vacancies created by this process could be refilled by the transferring 

of electrons from the outer shell. The refilling and transferring of electrons could lead to energy 

emitting as the secondary fluorescence radiation, which is a key characteristic for differentiating 

elements. Detectors, positioned around the conveyor, can capture the emitted secondary radiation 

as the transmitted signal, which can be analyzed into the elemental composition of each piece. 

Then ejection criteria for one element Cu or a ratio of Cu and Fe could be set to achieve the 

sortation. This is the mechanism of XRF sorting. 

Another commercial sensor is based on X-ray transmission (XRT) where the excitation 

and emission of electrons can be understood as energy absorption of primary radiation. This 

absorption information, which is distinct for each element relating to the atomic weight of element, 

is collected by detectors under the conveyor and then processed into a detailed “density image”.  

The area of Cu reflects a deeper color than that of Fe in the “density image” due to their differences 

in atomic weight. Moreover, dual energy XRT system comprising two channels has been adopted 

to eliminate the deviation through capturing the absorption information from different X-ray 

energy level. The produced “density image” demonstrates different shades of gray with higher 

accuracy. 

Attributing to the ability of non-destructive penetration, the application of X-ray 

technologies shows good performance without considering the color, or the presence of labels or 

other impurities. However, XRT sorting can be complicated by the thickness of shredded pieces, 

i.e., absorption information could also vary with the different thickness of shreds/particle. As a 

result, the area with deeper color in the “density image” may be affected by thickness but not the 

higher atomic weight. So appropriate shredding must be achieved to obtain a uniform shape. This 

would mean that a sophisticated feeding system is required, such as a vibrating feeder, to facilitate 

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

Günter Buzanich [26] studied a new XRF sorting system from LLA Instruments GnbH 

with more complicated algorithms to distinguish the copper-containing particles. Compositional 
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data could be obtained with the measuring time of 0.001 s and 25 mm resolution corresponding to 

the belt velocity of 2.5 m/s. 

2.1.3  PGNAA 

Another type of electromagnetic radiation, gamma rays, can also be used to simultaneously 

indicate the presence and composition of different elements. As shown in Figure 2-2, neutrons 

emitted by the source can penetrate into the target medium of materials and interact with the nuclei 

of elements present. During this interaction, nuclei will be excited to a high energy level by 

consuming the energy of neutron. Subsequent return to the original level will rapidly produce 

gamma rays that could be recognized as a key characteristic of elements present in the target 

material. 

 

 

Figure 2-2 Mechanism of gamma ray generation 

 

Based on this mechanism, Prompt Gamma Neutron Activation Analysis (PGNAA) has 

been applied to measure the elemental composition of bulk materials. During the analysis, 

Californium-252 (Cf-252) is adopted as a reliable neutron source with lower cost and higher safety 

than other sources [27]. The emitted gamma rays are captured by detectors and then analyzed by 

a multi-channel system in the form of spectral energy peaks. Gamma rays with certain energy are 

used for qualitative analysis and the corresponding intensity is used for quantitative analysis. 

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

Like X-ray, PGNAA can adopted to achieve a real-time analysis without being influenced 

by the surface cleanliness of steel scrap. Because of the complex spectrum, which may contain 

hundreds of energy peaks, a calibration must be performed to eliminate the significant unwanted 
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“noise/disturbance” from the environment. Meanwhile safety factors and maintenance costs must 

be considered for the use of selected radioisotope.  

More importantly, PGNAA is not suitable for piece-by-piece analysis. Alvin D, Shulman 

[28] proposed that shredded scrap stream could be divided into increments and then analyzed by 

PGNAA to obtain the composition of the bulk.  He suggested PGNAA should be used as a real-

time composition analyzer combined with a bulk sorting system. The bulk, which did not conform 

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

2.1.4  LIBS 

With respect to compositional analysis, Laser Induced Breakdown Spectroscopy (LIBS) 

has become an applicable method to quickly identify the elemental composition of materials [29]. 

A pulsed laser beam with high energy is generated to spot the surface of shredded pieces. When 

this irradiated laser reaches a certain threshold level, optical breakdown could be observed as laser 

ablation. Ablated atoms from different elements on the surface interact with the pulsed laser to 

generate a highly energetic plasma, including released electrons, excited atoms and ions. With the 

pause of the laser pulse, the excited electrons return to a neutral state which results in the emitting 

of light with different frequencies. Then the emitted light could be detected by optical emission 

spectrograph detectors and analyzed by the supporting analysis system to produce a diagram with 

characteristic spectral peaks. With identification and interpretation, the elemental composition of 

the target could be determined. Similar to PGNAA, calibration is also required in order to obtain 

high accuracy. Shunsuke Kashiwakura et al. [30] applied JISF FXS 350-352, which were a series 

of Fe-Cu binary alloy with certified Cu content, as standard reference materials to optimize 

calibration lines. Parameters of the pulse laser, such as energy and duration, were 80 MJ/pulse and 

16-18 ns, respectively. They found Cu-I with the wavelength of 327.396 nm performed better as 

the calibration line, due to less spectral interference. In addition, multiple pulsed laser shots (200) 

offered a precise detection of 0.004wt% Cu. 

The most significant restriction of LIBS is that the obtained results only demonstrate the 

condition of the surface. This could lead to deviation in heterogeneous materials, especially for 

steel scrap with inappropriate liberation and surface condition. This could, however, be mitigated 

by repeatedly spotting the laser in the same position to measure the depth profile of materials.  
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2.1.5  Discussion 

Although the incorporating of sensor-based sorting technology could improve the impurity 

removal in steel scrap recycling, the decision whether this new technology could be accepted by 

shredding plants or not mainly depends on the economic consideration, especially for the capital 

and operating cost. For LIBS, PGNAA, XRF and XRT, capital investment would be very high for 

plants with large capacity. Accessory equipment, such as multi-channel conveyors and washing 

and ejection systems, could also be a major part of the cost. Besides of electricity and labor, the 

majority of the operating cost is the consumption of compressed air, which is widely used in sorting 

system as a method to blast the unwanted piece. Generally, in USA, the cost of compressed air is 

about $ 0.3-0.7 per tonne of feed [23]. Maintenance cost could depend on the techniques applied 

for sorting, such as LIBS and PGNAA, which would be treated as high maintenance-intensive.  

2.2  Chemical Removal 

It is evident that the efficiency of physical separation is subject to the geometry features 

and properties of shredded steel scrap, i.e., liberation. One way to overcome the issue with 

insufficient physical liberation is to consider the chemical treatment through the diffusion of 

impurities into other phase or chemical reactions without the loss of Fe. Chemical removal can be 

classified into two categories, either as a pretreatment or during smelting.     

2.2.1  Impurity removal during pretreatment  

Impurities, such as Cu, Sn and Zn, all have a lower melting point compared to Fe. But from 

a thermodynamic point of view, Cu and Sn are nobler than Fe. Under this circumstance, with the 

application of proper chemicals and temperature, there is a possibility of achieving preferential 

dissolution or reaction for impurities, while Fe (steel) could be maintained in a solid state. 

Technologies under this category are further classified according to the presented state of applied 

chemicals for removing, including solution, slag, metal, and gas states.   

A. Aqueous solution 

The process involved can be treated as a hydrometallurgical method, including leaching 

and electrochemical extracting. The most widely used reagent to leach Cu is ammonia solution, 

because of the competitive advantage that it doesn’t react with Fe. Hirokazu Konishi et al. [31] 
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studied the dissolution of Cu in an ammonia solution and found that a copper sheet with the size 

of 20×20×10 mm3 totally dissolved after 12 min at 353 K. Different acid solutions, such as HCl 

and H2SO4, could also be used to leach Cu, Sn and Zn from steel scrap. However, one significant 

restriction of this process is that the acid would also be corrosive to Fe. Sedar Aktas et al. [32] 

stripped and recovered Zn from galvanized scraps using sulfuric acid with a pH value of 0.2 and 

found that the obtained solution contained 0.2 g/l Fe. Although a 100% removal rate of impurities 

could be obtained, the leaching processes was time-consuming, placing a restriction on the 

realization of industrial scale up. 

The reversing of the electroplating process for tinplate and galvanized steel could be a 

possible way for removing Sn and Zn. It might be applied to remove Cu, even if Cu is not presented 

as a coating material. Baled or bundled scrap from shredding plants is used as the anode and 

immersed into the electrolyte to achieve this reversed process. Der-Tau Chin [33] studied different 

electrolytes, such as ammoniacal carbonate and alkaline cyanide solution, to dissolve Cu 

anodically from steel scrap at room temperature. He found, using an alkaline cyanide solution, the 

Cu content of anode (60 g of scrap) could be reduced to 0.06wt% in 7 hours with a cell current of 

200 mA. As studied by D. Janke et al. [5], electrolytic detinning has already been applied with 

industrial scale. Bundles of tinplate scrap, as the anode, were immersed into a hot caustic soda bath 

(358 K). This process could reduce the tin content to 0.02wt%, and be economically efficient with 

an annual capacity of 3× 107 kg. Also by immersing tinplate bundles, 40×60×60 cm (about 160 

kg), into 11% NaOH bath at 353 K, Hendrik Giezen et al. [34] reached the same tin content by 

maintaining 1800 A current about 8 hours. The same electrolytic process of detinning can be 

adopted to dezinc. Frederick J. Dudek et al. [35] investigated this process in hot NaOH solution 

(343-363 K) and scaled up to 1×106 kg pilot test. The zinc content could be reduced to below 

0.01wt% with an estimated cost in the $0.025-0.050/kg range, over 6-24 hours.  

Based on above analysis, higher impurity removal rate could be achieved with the use of 

aqueous solution. However, this hydrometallurgical process could be impacted by the extent of 

impurity exposing to the solution, becoming time-consuming. 

B. Slag 

Under specific temperature, molten slag could be used as a flux to induce a surface reaction 

with impurities, while iron scrap (steel) in solid state could be maintained. The exposure of 
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impurities to the surface could be a limitation on the reacting rate and removal rate. R. J. Fruehan 

et al. [36] investigated Cu removal using sulfur matte containing FeS and Na2S. The adding of 

Na2S could decrease the melting point of the matte and the activity coefficient of Cu2S. Reaction 

(2-1) was carried out at 1273 K in a rotary kiln with 6kg of matte per ton of scrap. This reaction 

could be rapid (5 min) compared to the forming time of molten matte (30-40 min), as shown by 

Figure 2-3 for the implementation of experiment.  

FeS + 2Cu = Cu2S + Fe ΔGo= -13.64 kJ/mol                                 (2-1) 

 

 

Figure 2-3 Implementation of slagging with FeS and Na2S 

 

For this process, the removal rate of Cu could reach 90%.  However, there are some 

limitations. Firstly, in order to avoid SO2 off gas and the oxidation of Fe, the atmosphere in the 

rotary kiln must be controlled. Secondly, an additional cleaning step would be required before 

delivering the pretreated scrap into the EAF due to the adhesion of molten matte. Also during the 

reaction, dissolution of [S] from molten matte into metal might be possible to induce sulfur 

contamination in the downstream steelmaking. Based on the thermodynamic analysis, Reaction 2-

3 does not have the potential to move forward at this temperature, while Reaction 2-2 demonstrates 

a good potential. No detailed literatures related to remove Zn by this matte could be found. A 

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

FeS + Zn = ZnS + Fe ΔGo= -59.40 kJ/mol (T=1273 K)                          (2-2) 
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FeS + Sn = SnS + Fe ΔGo= 20.82 kJ/mol (T=1273 K)                            (2-3) 

C. Metal 

No chemical reaction is involved in this process. The mechanism is simply based on the 

thermodynamic activity of impurities behaving differently in the Fe scrap and in a chosen metal 

solvent, such as Al, Mg, or their alloys. Normally, Cu, Sn and Zn all have lower activity in molten 

aluminum compared to the unit activity in Fe. Therefore, diffusion into molten aluminum could 

be predicted at the interface. Masanori Iwse et al. [37] conducted the diffusion in a rotary kiln at 

1073 K, mainly focusing on Cu removal. As a result, the Cu content of 1kg of scrap fluxed with 

100 g of alloy, which contained 20-30wt% Al/Mg, could be reduced from 0.6 to 0.1wt%. A higher 

removal rate could be reached by repeating this process. However, repeating could lead to 

unacceptable level of Fe loss in the molten aluminum. Due to the diffusion and dissolution of Cu 

and the higher melting point of Fe, maintaining molten state of aluminum at 1073 K could be so 

affected that it would be difficult to peel the metal solvent from scrap after the whole process.  

D. Gas 

Although Cu and Sn both have a lower oxygen affinity than Fe, oxidation could still be a 

possible way for impurity removal at a certain temperature, especially for Zn with lower melting 

point and higher oxidation potential. The main reason is that the formed oxidation layer of Fe could 

be dense and prevent a further reaction between Fe and oxygen. For Cu, continuous oxidation 

could be observed due to the spallation of formed oxidation layer. However, this method could be 

only applied to Cu impurities exposed to the surface or existed independently. Otherwise, the 

formed oxidation layer of Fe could also inhibit the further oxidation of Cu impurities occurred as 

alloying element or inclusion. In Weol Dong Cho’s study [38], this process was carried out at 673-

973 K with an atmosphere of 40% oxygen and 60% Ar. As described in the research, copper in the 

ferrous scrap sample could be considered as independent occurrence. After about 4-6 hours of 

oxidation, most of the copper oxide could be removed by simple impacting. In addition, a 

CaO/Na2O-SiO2-B2O3-based slag was used to flux the oxidized scrap at a temperature of 1000-

1473 K. During this fluxing, copper oxide could be totally dissolved into the molten slag in about 

100 minutes. Therefore, the removal rate approached 99% in his laboratory test. K. Ogawa and H. 

Matsumoto [22] studied the oxidation of tin coating at 1223 K in a rotary furnace containing 
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tungsten balls. The removal rate approached 40% for 2 kg scrap in about 15 minutes. Based on the 

thermodynamic analysis at 773 K, it is evident that Cu, Sn and Zn all have a good potential to react 

2Cu + S(g) = Cu2S        ΔGo= -277.49 kJ/mol                                   (2-4) 

Sn + S(g) = SnS           ΔGo= -273.30 kJ/mol                                   (2-5) 

Zn + S(g) = ZnS          ΔGo= -362.42 kJ/mol                                   (2-6) 

with sulfur gas, as well as Fe. Similar to oxidation, the formed iron sulfide layer could not only 

stop the further reaction between Fe and sulfur gas, but also limit the impurity removal. K. Onuki 

and T. Tokumitsu [22] investigated the removal of tin coating using sulfur-containing gas at 773 

K. The formed brittle stannous sulfide (SnS) could be peeled by impacting, resulting in a 70% 

removal efficiency. In addition, due to the toxicity of sulfur, careful atmosphere control was 

required during the reaction. These limitations would increase the difficulty for any industrial 

application. Researchers have speculated that ASR combustion gas from the EAF could be 

recycled and used as the source of sulfur-containing gas to pretreat the steel scrap.  

 

 

Figure 2-4 Phase stability diagram for (a) Fe-O2-Cl2 and (b) Cu-O2-Cl2 at 1100 K 

 
Chlorine gas could be another possible option for the removal of Cu, Sn and Zn.  It is 

inexpensive and readily available, as compared to sulfur gas. Additionally, the use of PVC 

combustion gas as the source of chlorine has been investigated to increase energy efficiency and 
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decrease costs. Based on the phase stability diagram of Fe-O2-Cl2, Cu-O2-Cl2 and Zn-O2-Cl2 

systems, for Cu and Zn, the prevailing phase is chloride, while ferric oxide is formed for Fe to stop 

the further reaction, as shown in Figure 2-4 and Figure 2-5. Temperature applied in these diagrams 

are referenced from related literatures. 

 

 

Figure 2-5 Phase stability diagram for (a) Fe-O2-Cl2 and (b) Zn-O2-Cl2 at 1073 K 

 
Koji Matsumaru et al. [39] applied this process to an iron sheet (10mm×10mm×1mm) 

twined with copper wire (1mm diameter) at 1100 K with the gas composition of O2-10%Cl2. They 

found that the copper wire could be totally volatilized in 30 minutes. A. D. Hartman, et al. [40] 

used chlorine, hydrogen and air to remove Cu. For 3.5 kg scraps, the removal rate could be 74% 

within 90 mins. 

F. Tailoka, R. V. Kumar & D. J. Fray [41] applied this process to remove Sn from tinplate 

at 403-473 K with the volume ratio of air and chlorine gas maintaining at 10:1. Large scale test 

with 1kg baled tinplate scraps was carried out. The tin content could be reduced from 0.25wt% to 

0.078wt% in 41 hours and to 0.039wt% in 81 hours. According to the phase stability diagram of 

Sn-O2-Cl2 system, as shown in Figure 2-6, tin oxide should be the prevailing phase at this range 

of temperature. But stannic chloride could be collected as SnCl4
.5H2O in their research. More 

analysis would be needed referring to the equilibrium composition and thermodynamic data of 

related reactions. 
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J. K. S. Tee and D. J. Fray [42, 43] also investigated this process to remove Cu and Zn at 

1073 K with the air/chlorine flowrate of 400/40 cm3min-1.  The Cu content could be reduced from 

about 1wt% to 0.05wt% after 10 minutes, using an iron sheet (23 g) wound with copper windings 

(225 mg) as sample. Also the removal rate of Zn could be 97% in 10 minutes, using galvanized 

steel sheet (10 mm×5 mm) as sample.  

 

 

Figure 2-6 Phase stability diagram for (a) Fe-O2-Cl2 and (b) Sn-O2-Cl2 at 430 K 

 
For Zn, the increasing of temperature can easily enhance its evaporation. Bahri ozturk and 

R. J. Fruehan [44] studied zinc vaporization of galvanized scrap under different atmospheres. At 

1123 K, they found that under N2 atmosphere the removal rate of Zn could be 70% in the first 3 

minutes and reach 97% in 50 minutes. Under CO atmosphere, the same removal rate could be 

reached in 10 minutes with the same temperature.  

We can conclude that pretreatment with different types of chemicals is subject to the extent 

of impurities exposure or their diffusion rate to the surface, correlating with the removal rate and 

time. Especially for the use of gas, the formed protective layer could not only reduce the loss of 

Fe, but also hinder the further reaction for impurity removal. As a result, pretreatment involving 

solid steel scrap could be a diffusion controlled process and may 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 separation and pretreatment demonstrate 

good removal performance or not, the smelting of steel scrap is an essential step for the recycling. 

In steelmaking plants, the electric arc furnace (EAF) is commonly used for the smelting. During 

the transferring of molten metal in ladles, degassing, decarbonizing, and desulfurizing are 

conducted for the preparation of final steel products. In order to have a better understanding for 

the distribution of elements during the process of steelmaking, Kenichi Nakajima et al. [45] applied 

thermodynamic analysis to illustrate the distributing tendency of elements among the metal, slag 

and gas phases, as shown in Figure 2-7.  

 

 

Figure 2-7 Distributing tendency of elements among metal, slag and gas phase 

 
Based on their methodology, the distribution ratio could be calculated with thermodynamic 

data from published literatures and following assumptions: xm=0.01(mol fraction), PO2=1.9×10-5 

Pa, PFe=8.5 Pa and T=1873 K. It is evident that Zn can be easily vaporized into the gas phase 

during smelting and removed as fume. However, the Zn content in the fume may not be high 

enough to promote effective recovery. Also landfill disposal of collected fume has gradually been 

restricted due to the environmental regulations. Certainly, Cu and Sn remain stable in the metal 
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phase during smelting. Therefore, the target for different technologies in this category is to 

facilitate the volatilization or diffusion of Cu and Sn, either 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 vapor pressures for pure Cu and Sn 

are 123 and 121 Pa, respectively, at a temperature of 1873 K, while the vapor pressure for pure Fe 

is 80 Pa. Thus, the higher vapor pressure could be applied to facilitate the volatilization of Cu and 

Sn into the gas phase. However, the pressure difference between impurities and Fe is not sufficient 

to achieve a significant removal. Alternative atmospheres have been investigated to promote and 

improve the volatilization of Cu and Sn, such as vacuum, blowing NH3 and Ar-H2 plasma.  

Luben Savov and Dieter Janke [47] investigated the evaporation of Cu and Sn from 20kg 

iron-based molten bath at reduced pressure in a laboratory-scale vacuum induction melting 

furnace. They confirmed that the evaporation of Cu and Sn could be classified as a first order 

reaction at 1873 K. The rate of evaporation increased with a decrease of pressure, especially at 

10Pa. However, the removal rate of Cu and Sn were only about 75% and 43% in 60 minutes, 

respectively, which could be inadequate for the industrial consideration. Sung-hoon Jung and 

Youn-bae Kang [48] found that the evaporation of Cu and Sn from molten Fe could be accelerated 

by high S content at 1873 K, due to the formation of volatile CuS and SnS. 

Meanwhile, Janke [47] mentioned that higher temperature could further improve the 

volatilization rate of Cu and Sn. So plasma could be a viable way to provide sufficient heat. Tohru 

Matsuo [49] adopted Ar-H2 plasma at 105 Pa to remove Cu and Sn from 1.5 kg of molten Fe. The 

temperature at the hot spot could be 2323 K. Maximum removal rate of Cu and Sn were about 

90% and 60%, respectively, in 2 hours. Also reduced pressure, such as 1.3×104 - 2.0×104 Pa, and 

higher H2 content and gas flow rate could increase the removal rate. One significant disadvantage 

of this technology is the high cost of plasma generation, especially for industrial capacity. 

Other than pressure and temperature, another factor that could control the volatilization 

rate of Cu and Sn from Fe is the specific surface area of the molten bath, described as the ratio of 

surface area to the volume. Generally, gas blowing has been applied to increase the specific surface 

area, which could facilitate the volatilization, through inducing turbulence in the molten bath. R.O. 
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Suzuki and K. Ono [50] improved the volatilization of Cu by blowing NH3 gas in a laboratory test 

at 1900 K, as shown by Figure 2-8 for the implementation of supposed experiment.  

 

 

Figure 2-8 Implementation of blowing NH3 to molten steel 

 
Under a 2000 Pa pressure, the Cu content of 1kg molten Fe was reduced from 0.2wt% to 

0.0002wt% in about 100 minutes. They suggested that the formation of unstable and volatile 

compounds, CuNx or CuH, could be beneficial for increasing the volatilization rate. Later, Naotaka 

Sasahi et al. [51] developed a similar fundamental study to remove Sn at 1723 K and 2000 Pa. 

During the blowing, NH3 gas decomposed into N2 and H2, which bubbled and agitated the molten 

bath. They believed that SnS would be the major volatilized species, rather than Sn-nitride or Sn-

hydride. For a plant scale of 1×105 kg hot metal with 0.05wt% dissolved sulfur [S], the removal 

rate could be 40% in 20 minutes. After this process, desulfurization would 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 scale by blowing weak oxidizing 

powder, which could also be used for decarburization, to remove Cu and Sn from molten Fe (1923 

K) under reduced pressure of about 130 Pa, as shown by Figure 2-9 for the implementation.  

The oxidizing powder, such as SiO2, was decomposed to form dissolved oxygen [O], which 

could further induce fine CO bubbles to agitate the surface due to the presence of dissolved carbon 

[C] in molten Fe. However, a removal rate of only 30% for both Cu and Sn could be obtained in 2 

hours. The removal rate of Sn could reach 80% with a high [S] content (0.1wt%) in feed stock. 
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Also combining this process with plasma heating could increase the removal rate of Cu and Sn by 

2-3 times. 

 

 

Figure 2-9 Implementation of blowing SiO2 to molten steel 

 
For the direct volatilization of Cu and Sn, the surface of the molten bath must be free from 

blocking by slag formation and reacting products. However, during the normal steelmaking 

process, slags are widely used to protect the oxidation of molten Fe. In addition, maintaining high 

vacuum and different atmosphere in the industrial furnace for steelmaking 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 slags during pretreatment. 

Diffusion of Cu and Sn into the slag phase through chemical reactions with key components results 

in their removal as part of the slag during tapping.  

Dinabandhu Ghosh [53] tried to use Al2O3-saturated Ca-CaCl2 slag to remove Cu and Sn 

from molten Fe-Cu and Fe-Sn alloys in alumina crucibles at 1448 to 1648 K. The initial weight 

ratio of slag to metal was 600 mg: 600 mg. The metal and slag were melted together in the alumina 

crucible.  

Based on their analysis, Cu and Sn could distribute from the metal phase into the slag phase 

at molten state to achieve the removal due to the difference of corresponding thermodynamic 

activity. It took almost 20 hours to reach equilibrium between the slag and metal phase. The 
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measured removal rate could be 50% for Cu and 37% for Sn. He suggested that the inefficient 

removal could result from the preferential dissolving of alumina 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 molten steel using FeO-SiO2-CaCl2 

slag at 1873 K. The following reactions were proposed for this process: 

2[Cu]in steel + FeO = Cu2O + Fe(l)                                           (2-7) 

Cu2O + CaCl2(l) = 2CuCl(g) + CaO                                         (2-8) 

Eventually Cu was removed through the volatilization of CuCl into a gas phase. The weight 

ratio of metal to slag phase used in their experiments was 100g: 15g. Within 10 minutes, the 

removal rate of Cu was determined to be about 40%. They proposed that the removal rate would 

be increased with longer experimental time. 

As mentioned earlier, ferrous sulfide slag could be suitable to remove Cu. Adam Cohen 

and Milton Blander [55] researched this process in molten carbon-saturated Fe at 1638 K. They 

found that a binary slag of ferrous sulfide and aluminum sulfide could increase the distribution 

coefficient of Cu between the metal and slag phase. The Cu content could be reduced from 0.4wt% 

to 0.07wt% in about 3 hours by keeping the weight ratio of metal to slag as 90g: 22.5g. 

Chao Wang et al. [56] also studied the distribution of Cu and Sn between FeS-NaS0.5 slag 

and molten Fe at 1673 K. They found that the distribution of Cu could be enhanced with the 

addition of sodium sulfide. Therefore, this slag composition could be used to remove Cu, but 

would be ineffective for the removal of Sn. 

In 1949, James Fernando Jordan [57] patented a method of Cu removal (decopperization) 

using sodium sulfide, potassium sulfide, aluminum sulfide or their mixtures. At 1644 K, sufficient 

sulfur was added to the molten Cu-containing metal to further convert Cu into cuprous sulfide, 

which demonstrated a high distribution potential into the sulfide slag phase. In his test, about 450g 

sulfide slag was used for 450g metal to reduce the Cu content from 0.3wt% to 0.04wt%. 

Deep injection of calcium into the molten bath while maintaining a reducing top-slag was 

applied to remove Sn in the research of S. Street, K. S. Coley and G. A. Irons [58]. The removal 

rate of Sn was 50% in the laboratory test. However, no reduction of Sn content during full-scale 



 

24 

 

trial was observed. They believed that being unable to maintain a high calcium activity in the 

molten bath might be the reason. 

In order to accelerate the distribution of impurities from molten metal phase to slag phase, 

the metal Ag and Pb have been researched and applied based on the property of liquid immiscibility 

with Fe and good affinity to Cu and Sn. Katsuhiro Yamaguchi and Hideki Ono [59] carried out 

experiments to diffuse Cu from molten carbon-saturated Fe into sodium sulfide/B2O3 slag via Ag 

phase. With sodium sulfide slag, at 1473 K, the Cu content could be reduced from 0.1wt% to 

0.068wt% in about 4 hours. With a B2O3 slag, at 1523 K, Cu could be oxidized firstly under an 

oxygen partial pressure of 0.6atm after diffusing into the Ag phase and then removed as Cu2O due 

to the strong affinity with B2O3 slag. As a result, the oxidative removal of Cu could be achieved 

with a decrease of Cu content from 4wt% to below 0.2wt% in about 3 hours. Also Katsuhiro 

Yamaguchi and Yoichi Takeda [60] investigated the removal of Cu and Sn using liquid lead 

solvent at 1453 K. Through maintaining the same amount of lead solvent and scrap, a clear phase 

separation could be observed between the top layer of liquid carbon-saturated Fe phase and the 

bottom layer of liquid lead phase considering the difference in density. After about 60 minutes of 

heating, 70% of the Cu and Sn could be removed by diffusing into the lead layer. A higher removal 

rate was obtained with multiple stages of phase separation. However, considering the required 

amounts and costs of Ag and Pb solvents and the complexity of operation, the industrial feasibility 

of this technology would be discussed.  

2.2.3  Other methods 

Instead of removing the impurities, such as Cu, Zhongzhu Liu et al. [61] studied the 

utilization of Cu and S in steel. Through a rapid solidification, the precipitation of nanosized 

copper sulfide was detected in ɑ-Fe phase at low temperature, showing the potential to improve 

the strength and work hardening ability of steel.  

In addition, alloying with other elements could be favorable to suppress the surface hot 

shortness. Koji Shibata et al. [62] studied the effect of Si, Mn, S, B, P and Ni. They found that P, 

Si, B and C could restrain the penetration of a Cu-enriched liquid phase into grain boundaries. For 

example, the internal oxidation of Si could cause the occlusion of a Cu-enrich liquid phase into Fe 

scale. Ni could promote the dissolving of Cu into steel and increase the melting point of a Cu-

enriched phase. However, the high price of Ni must be considered for this application. 
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I. N. Zigalo et al. [63] investigated the filtration of Cu from molten steel using Al2O3-ZrO3 

ceramic, which was chosen due to the small wetting angle with molten Cu (θ<90o) and large 

wetting angle with molten Fe (θ>90o). Thus Cu could be absorbed on the surface of ceramic 

particle, achieving a 30% removal rate.  Liansheng Li et al. [64] added ZnO and C to the 

decopperizing agents to improve this method. At 1873 K, due to the reducing reaction between 

ZnO and C, a Cu-Zn alloy could be formed to further reduce the surface wetting angle between Cu 

and Al2O3 for better absorption performance. In their experiments, 0.23g Cu could be remove by 

1g of reagents within 3 minutes.  

Jianjun Wang et al. [65] studied the enrichment of Cu by exerting a negative electric field 

(-30 ~ 0 V) to the molten steel. Enrichment of Cu around the cathode could be observed in the test 

due to the positive standard electrode potential of Cu based on their analysis. Then by separating 

the molten steel containing enriched Cu around the cathode with silica 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 technologies have been proposed and 

researched for impurity removal from steel scrap. Among these impurities, Cu could be the priority 

area of our concern for removal to significantly improve the quality of recycled steel scrap. So 

comparison of different Cu removal technologies has been carried out, as shown in Figure 2-10. 

The Cu content of typical steel scrap can be assumed to be about 0.25wt% considering the removal 

efficiency of regular shredding and magnetic separation in recycling plants [18]. With this starting 

point, the expected Cu content of scrap subjected to differing technologies has been calculated in 

accordance with the removal rate illustrated in literatures. Since experimental data was barely 

available for sensor-based sorting of steel scrap, a 60% removal rate is adopted by referencing 

sorting efficiency for other applications, such as 60%-90% for plastics sortation. The accuracy of 

prediction for final Cu content demonstrated in Figure 2-10 should be weighed since they were 

estimated and compared based on laboratory experiments without uniform scale and industrial 

reference. Furthermore, the time budget and energy consumption for these technologies have not 

been fully considered in the comparison. Still the results illustrate past works done on impurity 

removal and could suggest directions and areas for future research. In particular, the sensor-based 

sorting technology is just beginning and the knowledge and understanding of Cu occurrence in 
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steel scrap will be the key to improve the recycling, and consequently to the realization of full 

commercial application for the value of recycled steel scrap.   

 

  

Figure 2-10 Comparison of different removal technologies for Cu impurity 

 
Furthermore, incorporating one or more of these removal technologies into the existing 

steelmaking process would be helpful for their realization. N. A. Warner [66] modeled the 

continuous desorption of Cu, Sn and Zn in molten scrap. In the melting loop of scrap, the radiant 

heat of combustion gases from the ironmaking loop was utilized to melt the preheated scraps. Also 

stannous sulfide, which could be removed by vacuum desorption before entering the steelmaking 

loop, was produced by the reaction between molten scrap and sulfur-containing gas derived from 

the ironmaking loop. Desorption of Zn and Cu could be physically achieved under atmospheric 

pressure and reduced pressure respectively in the open-channel decarburization loop. After this 

process, the molten scrap could be introduced into the steelmaking loop. A vacuum desorber 
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system containing a recirculating degasser and a Kawasaki top-blowing (KTB) lance has been 

proposed in his assessment for feasibility. Finally, for proposed 0.5 Million Tonnes Per Annum 

(Mtpa) facilities, the Cu content was projected to be reduced from 0.5wt% to 0.05wt% at 250 Pa 

pressure; the Sn content could be reduced from 0.4wt% to 0.02wt% at 250 Pa pressure; and the Zn 

content could be reduced from 1.0wt% to 5ppm at atmospheric pressure. Warner confirmed that it 

should be feasible to apply this fully incorporated system into engineering steelworks. 
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CHAPTER 3 

RESEARCH METHODOLOGY 

Based on above literature review and discussions with EAF based steelmakers, there is no 

current industrially implemented technologies for removing impurities from steel scrap processed 

by auto shredder to the levels required for manufacturing value added products such as automotive 

sheet steel. Among these impurities, Cu could be the major issue of concern to the steel scrap 

recycling.  As a result, this research is aimed at carrying out a preliminary study to pursue feasible 

technologies, including physical separation and chemical removal, to overcome the existed 

technical gaps that would weaken the use of recycled steel scrap due to Cu contaminant that 

downgrades the value of the steel by limiting the range of products in which the recycled steel 

could be used. It is linked to the use of scrap in EAF steelmaking, but with the intention to enable 

more value-added products.  

The chief impacted industries could be steelmaking industry and downstream 

manufacturing industries. As shown by Figure 3-1 for the steel recycling [67], each participant 

could be of benefit if Cu impurity could be reduced or removed.  

 

 

Figure 3-1 Schematic of steel recycling 

 
For example, steel scrap recycling industries could further improve the quality of final steel 

scrap products and utilize the economic value of removed Cu; steelmaking industries could 

increase the percentage of steel scrap present in the charge of EAF for energy saving and 
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environmental friendliness and optimize the following quality control process; manufacturing 

industries could promote the manufacturing of value-added steel products. Toward fundamental 

studies of the literature review, industry survey for sensor-based sorting technologies (Appendix 

B) and the estimation of extra energy consumption for applying selected chemical removal 

technologies (Appendix A), two physical removal technologies and two chemical removal 

technologies that appear to be economically viable and technically suitable for Cu removal have 

been identified separately for initial exploration with collected automobile scrap, as shown by 

Figure 3-2. 

 

 

Figure 3-2 Researched technologies for Cu removal 

 
              For physical removal of Cu, considering the limitation of shredding and magnetic 

separating, sensor-based sorting technology could be a feasible way to identify and sort Cu 

impurities from steel scrap. Also based on the industry survey, which offers some basic 

information for the general capital cost of equipment involving different sensors for sortation, we 

could conclude that optical sensor is potentially economically viable, especially when compared 

to other types of sensor, though the listed equipment in the survey is not applied for steel scrap 

recycling, as shown by Table 3-1. The most known characteristics of Cu are its excellent electrical 

and thermal conductivity and the reddish-brown color. So it is particularly desirable to achieve 

efficient sortation of Cu impurities before smelting if these characteristics could be considered and 

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

and focused for initial experiments. 

 
Table 3-1 Details for Industry Survey 

Technologies Product Company 
Estimated Capital 
Cost of Equipment 

Note 

Gamma 
Sensor 

Cross Belt 
Analyzer 

Thermo Fisher 
Scientific 

$500,000 [68] No sorting ability 

Magnetic 
Separating 

Shred 1TM 
Ballistic Metal 

Separator 
Eriez 

$187,200 (60inch 
Feeding) [69] 

Price information 
from Area Sales 

Manager 

XRT Sensor COM XRT Tomra 
$550,000 (1.2m 
Feeding) [70] 

Price information 
from Area Sales 

Manager 

XRF Sensor 

REDWAVE 
XRF 1370 

REDWAVE 
$504,874 (1.37m 

Feeding) [71] 
Sorting of 
ZORBA 

UHV IL-XRF 
UHV 

Technologies 

No available 
industrial equipment 

[72] 
Al Alloy Scrap 

Optical 
Sensor 

MultiWave MSS 
$185,000 (4,000 

kg/hr)[73] 

Mainly used for 
sorting plastics 

Varisort S&S 
$150,000 (0.5 to 2m 

Feeding) [73] 

Sirocco 
Pellenc 

Selective 
Technologies 

$175,000 (0.8 to 
2.4m Feeding) [73] 

STEINERT 
LSS LIBS 

STEINERT 
$286,000 (8000 
tonne/yr) [74] 

Mainly used for 
sorting of Al 

Scrap 

 

Among them, camera-based optical recognition could possibly be applied to recognize Cu 

impurities considering the distinct color difference between metal Cu and Fe, the regular shape of 

Cu motor, and the linear shape of Cu wire. Although the cleanliness of steel scrap may weaken the 

efficiency of identification, new technology of image classification using machine learning could 

potentially be involved to eliminate this effect. For blue laser, which is commonly adopted for 

welding Cu due to its good thermal absorption and conductivity, it is highly desirable to conduct 

initial laboratory exploration for deeply understanding its feasibility, since this type of laser could 

be specifically correlated to metal Cu. Also, unlike LIBS, no ablation is needed for blue laser. The 
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cost would likely be acceptable because of lower beam intensity, though no available product that 

applies blue laser as a type of sensor could be found. For chemical removal of Cu, Appendix A 

offers detailed estimation of extra energy consumption for applying six chemical removal 

technologies, which were chosen based upon the description and comparison in Chapter 2. 

Fundamental calculation for the extra energy consumption needed to achieve the removal of Cu 

content from 0.4wt% to 0.1wt% for commercial steel and 0.03wt% for IF steel has been conducted. 

As a result, chlorination with Cl2-O2 gas at 800 oC and slagging with FeO-SiO2-CaCl2 at 1600 oC 

could be desirable for initial exploration referring to the lower energy consumption. Also, from 

the aspect of industrial application, unreacted Cl2 gas could be recycled back to the furnace for the 

chlorination technology. Slagging with FeO-SiO2-CaCl2 could likely be carried out in the EAF 

furnace as compared to other methods using reduced pressure or other strict conditions. 

Then based on obtained results for characterization and initial experiments of above 

selected technologies, one candidate with better removal feasibility will be identified respectively 

for further research. For physical separation, improvement of removal rate could be the objective. 

For chemical removal, besides of the improvement of removal rate, building the thermodynamic 

and kinetic understanding of proposed technology could also be the objective. Finally, evaluation 

of two identified candidates will be summarized and concluded based on the results of further 

research. Schematic diagram of the research methodology is demonstrated by Figure 3-3. 

 

 

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 recycling of steel scrap, namely automobile 

scrap, and understand the reason for Cu accumulation and contamination. This includes the 

characterization of collected automobile scrap sample, considering the occurrence of Cu impurities 

and corresponding compositional analysis. Then, referring to the identified technologies of 

physical separation and chemical removal, trials and experiments are scheduled to delve into their 

removal mechanism and evaluate their feasibility. The experimental program is systemized in the 

following outline: 

(1) Automobile Scrap Sample 

 Collection 

 Inspection 

(2) Physical characterization 

 Weighing and handpicking 

 Size Distribution Test 

(3) Chemical characterization  

 Melting Experiment 

 AAS Analysis 

 Handheld XRF 

 Portable LIBS 

(4) Initial Experiments for Candidates of Physical Separation  

 Optical Recognition Improved by Machine Learning 

 Blue Laser Sensor 
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(5) Application of Hyperparameter Optimization on Machine Learning Program to Further 

     Improve the Optical Recognition 

(6) Initial Experiments for Candidates of Chemical Removal  

 Chlorination with Cl2-O2 Gas at 800 oC 

 Slagging with FeO-CaCl2-SiO2 at 1600 oC 

 (7) Mathematic Calculation of Slagging Method to Build Kinetic Understanding 

4.2 Chemical Analysis Methods 

Since the occurrence of Cu impurities in automobile scrap could be classified into two 

categories: isolated pieces and alloyed Cu, it is crucial to establish accurate chemical analysis 

techniques to understand the content of alloyed Cu in collected automobile scrap sample. The 

chosen analytical technique for this study requires detection limits of Cu content in the range of 

0.03-0.1wt% in accordance with the tolerance level of common steel materials used for automobile 

manufacturing. To obtain such level of detection, a digestion technique with the Atomic 

Absorption Spectrometry (AAS) could be adopted for automobile scrap after 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) and Laser Induced Breakdown 

Spectroscopy (LIBS) have been widely used as standard techniques for compositional analyzing. 

In the last 20 years with the development of miniature X-ray tubes and laser generator, these 

techniques have been allowed to be assembled into a portable device for commercial application, 

such as in mining industry, recycling yard, and researching laboratory. Major advantages of 

handheld XRF and portable LIBS include their easier handling, fast testing and analyzing, and 

nondestructive to the sample. However, similar to their application on sorting system, the obtained 

compositional analysis could be accurate at a certain depth below the surface and might be subject 

to the contamination of surface.  

In this thesis, handheld XRF was used to test automobile scrap sample before the melting 

experiments and could be a backup technique to assist the AAS analysis. For the portable LIBS, 
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flat surface is required for the instrument. So this technique had to be conducted with the regular 

metal sample prepared after melting experiments. 

4.2.2 AAS Analysis 

Aqua regia digestion is a common approach to prepare solution for metal determination of 

most metals. The conventional procedure is the mixture of hydrochloric acid and nitric acid with 

a molar ratio of 3:1. Due to the oxidization, metal sample collected from melting experiments 

could be solubilized totally for further dilution. 

Atomic Adsorption Spectrometry (AAS) has been a very popular method of elemental 

analysis and been used for enormous applications. Aqueous solution of sample, which is prepared 

by the aqua regia digestion, can be converted into gaseous atoms through flame atomizer. Due to 

the atomic adsorption phenomenon, the reduction of intensity related to corresponding optical 

radiation could be detected and measured, achieving the target of compositional analysis. 

In this thesis, standard solutions for Cu element with different concentration, including 

5ppm, 10 ppm and 20ppm, have been prepared for calibration. Mixture of air and acetylene is used 

to generate flame. Wavelength of 216.5nm has been chosen as standard 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 separately from Western Metals 

Recycling (Sample 1) and SSAB-USA (Sample 2) and shipped to the laboratory in 55-gal steel 

drums. As described in Chapter 2, the regular recycling process for obsolete automobile in scrap 

yard is just the combination of shredding and magnetic separating. For Western Metals Recycling, 

besides of obsolete automobile, obsolete white appliances are also 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 magnetic separation, as shown by 

Figure 5-2 for the flowsheet of automobile scrap recycling in Western Metals Recycling and Figure 

5-3 for the final automobile scrap pile. 
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Figure 5-2 Flowsheet of automobile scrap recycling in Western Metals Recycling 

 

 

Figure 5-3 Final automobile scrap pile in Western Metals Recycling 

 
From the prospect of this research, the target is to improve the recycling of automobile 

scrap from auto shredder. So additional handpicking or sorting should be avoided for preparing 

the sample. Also obsolete automobile should be the exclusive feeding to the auto shredder. With 

the assistance of Western Metals Recycling, Sample 1, as shown by Figure 5-4, was collected 

directly after the processing of auto shredder and magnetic separator without handpicking and also 

didn’t contain any white appliances as feed stock to the auto shredder. For Sample 2, in addition 

to shredded automobile scrap, it appeared to also contain home scrap from manufacturing plant 

and white appliance scrap. SSAB-USA also informed that Sample 2 had already been handpicked 

for copper reduction before being shipped to the laboratory, as shown by Figure 5-5. 
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Figure 5-4 Automobile scrap sample collected from Western Metals Recycling 

 

 

Figure 5-5 Automobile scrap sample collected from SSAB-USA 

 

5.2 Sample Characterization 

Before conducting the identified removal technologies, physical and chemical 

characterization, including visual inspection, size distribution test, and compositional analysis 

using handheld XRF, portable LIBS and AAS analysis, have been completed 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 inspected to identify and establish the Cu-

rich pieces from the collected automobile scrap. Pieces, which have a similar color as Cu, have 

also been picked out as Cu source for further research, as shown in the Figure 5-6.  

 

 

Figure 5-6 Visually inspected Cu impurities 

 
Table 5-1 Results 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 434.68kg 

Mass Percent (wt%) 0.212 0.182 

 

Table 5-1 also demonstrates more details for the identified Cu impurities to understand the 

presence and weight distribution. Most of the visually sorted Cu-rich pieces were Cu wires and 

motors, including Cu wires observed which were entangled badly with 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 the entire Sample 1 and Sample 2 using 

Screen Shaker from Gilson. Standard sieves with the mesh size of 3”, 2”, 1½” and ½” have been 

adopted for screening. Then the resulting fractions were weighed 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 + 1½ 24.5 20.3 

-1½ + ½ 39.9 26.6 

-½  2.8 3.4 

Total Weight 1,337.96 kg 434.68kg 

 

 

Figure 5-7 Size distribution for Fe shred: (a) -3” + 2”, (b) -2” + 1½”, (c) -1½” + ½” 
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The majority of Fe shreds distributed to the -3 +½ inch size range, as shown by Figure 5-7 

(on page 39). Most of the apparent Cu motor material appeared in the -1½ + ½ inch size fractions 

and Cu wire appeared in the -½ inch size fraction. Preferential removal of scrap pieces distributed 

to the size fraction less than ½ inch may lower the Cu content of automobile scrap without much 

material loss of Fe values. 

5.2.3 Handheld XRD Analysis 

Identified Cu sources from Samples 1 have been subjected to scanning by handheld XRF. 

Copper motors with a metal shell, which could block the penetration of X-ray to a certain depth, 

could be difficult for copper detection. Copper wire was more easily detected by the scanning. 

More details could be found for identified Cu sources analyzed by handheld XRF in Table 5-3. 

 

Table 5-3 Handheld XRF analysis for identified Cu impurities 

Description Original Photographs Weight (g) 
Estimated Cu Content (wt%) 

by Handheld XRF 

Hand-picked 
visually-apparent 
Cu Shreds 

 

151 
60.52% 

 

 

2.30 47.52% 

 

20.0 
0.025%  

(Barely detection due to the 
blocking of steel shell) 
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For Fe shreds, one hundred pieces in total from different size distributions, including 

individual mass weight, have been analyzed for both Sample 1 and 2. Some examples are 

demonstrated in Table 5-4. Then the average Fe and Cu content of total 100 pieces could be 

calculated and shown in Table 5-5. 

 
Table 5-4 Handheld XRF analysis for Fe shreds 

Description Original Photographs Weight (g) 
Estimated Cu Content (wt%) 

by Handheld XRF 

Fe Shreds 

 

444 
0.13wt% 

 

 

201.0 0.04wt% 

 

139.4 0.05wt% 

 

140.6 0wt% 
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Table 5-5 Results of handheld XRF analysis 

 
Total Weight 
of 100 Pieces 

Fe Cu 

Weight Percent Weight Percent 

Sample 1 27,595.5g 22,238.7g 80.59% 19.453g 0.0705% 
Sample 2 21,474.1g 16,206.15g 75.47% 36.195g 0.168% 

 

The overall Cu content of samples could be obtained with the combination of results from 

visual inspection and handheld XRF analysis. Cu content of Sample 1 and 2 were estimated as 

0.283% and 0.35% respectively. Although these data might not be so accurate, it could offer some 

basic information for understanding the Cu composition of collected automobile scrap. 

Based on the visual inspection and analytical data in Table 5-1 and Table 5-5, Sample 1 

could be more representative considering the proposed definition for contaminated automobile 

scrap in this research. So, for the following compositional analysis with AAS and further 

exploration of proposed removal technologies, pieces from Sample 1 have been mainly adopted as 

experimental materials. 

5.3 Compositional Analysis with AAS 

5.3.1 Initial trial of Melting Scrap 

A sample (1,249.6g), assembled from random selection of Fe shreds in Sample 1 with the 

particle size less than ½ inch, was prepared for the melting procedure. No identified Cu sources 

were selected in order to understand the content of Cu alloyed in Fe shreds. The trial was conducted 

at 1600 oC in a resistance furnace with the flowing of protective gas (Ar-5%H2). After melting, the 

solidified metal (1,016.3g) was machined into regular blocks and sheets to facilitate AAS and 

LIBS analysis, as shown by Figure 5-8. 

For portable LIBS analyzer, with the calibration on the intensity of specific wavelength for 

Cu (324.75 nm), each sheet sample was struck 10 times by laser source and then the average Cu 

content was calculated, as shown in Table 5-6. Meanwhile same pieces of collected metal were 

digested by aqua regia to prepare the aqueous solution for AAS analysis. 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 samples for AAS and LIBS analysis  

 

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

Piece No. Weight (g) 
Cu wt% 

Handheld XRF 
Analysis 

LIBS 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 collected from initial melting 

Piece No. Weight (g) 
Cu wt% 

Handheld XRF Analysis 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 prepared by Fe shreds within minus 0.5inch 

size fraction, indicating that the obtained results of above chemical analysis would be not 

representative. 

5.3.2 Experiments of Melting Scrap 

Due to the limited capacity of the resistance furnace used for melting experiments, it is not 

feasible to produce a molten mixture of Fe shreds and identified Cu sources together from Sample 

1 with maintaining the particle size distribution. So pieces of Fe shreds from different size 

distributions and identified Cu sources, such as Cu motor and wire-entangled piece, were melted 

separately for further chemical analysis. Collected melts after 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 regia for AAS 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 size distribution and identified Cu sources 

Sample 

Before Melting After Melting 

Weight (g) 
Weight 

Distributions 
Weight 

(g) 

Metal 
Loss 
(g) 

Cu wt% 
(AAS 

Analysis)  

Cu wt%(3) 

(Calibrated)  

+3” 1084.4 3.9% 850.4 234 0.042% 0.033% 

-3”+2” 894.3 28.9% 743.7 150.6 0.045% 0.037% 

-2”+1½” 758 24.5% 621.2 136.8 0.060% 0.049% 
-1½”+½”  1234.2 39.9% 1013.6 220.6 0.152% 0.133% 

-½”  93 2.8% 50.8 42.2 0.127% 0.069% 
Wire-

entangled 
Piece 

240.2  
(Fe: 233.6g + 
Cu wire: 6.6g) 

/ 113.6 126.6 4.272% 2.020% 

Cu Motor 150.8 / 104.7 46.1 55.25% 38.36% 

 

Although protective argon gas was maintained during the melting process, it could not 

purge the air out of the furnace totally due to the large space and insufficient furnace sealing, which 

could contribute to the oxidization of Fe, leading to the metal loss. So, Cu content could be further 

calibrated considering the loss of Fe metal. As shown in Figure 5-11, four pieces of Fe shreds in 
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the -1½”+½” size fraction,  were identified by handheld XRF with containing significantly more 

copper, indicating the high value of Cu content in Table 5-8.  

So, the total background Cu content of Sample 1 could be estimated about 0.061wt%. 

Furthermore, randomly selected pieces (about 1,293.7g) from another container of Sample 1 were 

also melted to validate the estimated background Cu content. Based on AAS analysis, the resulting 

Cu content was found to be 0.033wt%, indicating a reasonable variation for the Cu content alloyed 

in Fe shreds. As a result, the total Cu content of Sample 1 could be calculated, as shown in Table 

5-9. 

 

 

Figure 5-11 Identified high Cu containing pieces for -1½”+½” fraction 

 

Table 5-9 Overall Cu content of Sample 1 

Total Weight 1,337.96 kg 

Weight of Fe Shreds (WFe Shreds) 1,335.129 kg 

Background (Alloyed) Cu Content (wt%) (CBackground Cu) 0.061% 

Identified Cu Sources Cu Motors and Wires 

Weight of Identified Cu Sources (WCu Sources) 2.831 kg 

Weight Percent of Identified Cu Sources (wt%) 0.212% 

Total Cu Content (wt%) 0.272% 
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5.4 Conclusions 

Based on physical characterization, the occurrence of Cu impurities in collected 

automobile scrap can be classified as isolated pieces, such as Cu motors and wires, and Cu alloyed 

in Fe shreds. Following chemical characterization offers fundamental understanding for the 

composition of identified Cu impurities (0.212wt%) and alloyed Cu (0.061wt%), which is in 

accordance with the description in Chapter 1.  

Referring to Sample 1, all the identified Cu impurities were picked out from the collected 

scrap pieces. For the Fe shreds, due to the large range of size distribution, as shown by Table 5-2 

for Sample 1, it is difficult to maintain a representative sampling for each size fraction during 

conducting the chemical characterization, though same weight distribution were maintained. Since 

this research demonstrates a more critical focus on the Cu impurities and the results of chemical 

characterization shows approximate Cu content with the available statistic data, the above 

characterization could be representative for the collected scrap pieces.  

For removal candidates from physical separation, they are more desirable for targeting the 

isolated Cu impurities. For removal candidates from chemical removal, they can be applied to 

target either the isolated Cu impurities or the Cu 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 infrared laser. Besides of that, other 

types of laser could be generated with adopting different medium as laser source. Their application 

could be determined by the wavelength, because different absorption rate for different wavelengths 

could be obtained for every materials [75]. When a specific type of laser is proposed as a sensor 

to scan steel scrap, it is necessary to consider the difference of corresponding absorption rate 

between Cu and Fe.  

 

 

Figure 6-1 Spectral absorption rate for different metals 

 
As shown by Figure 6-1 [76], for the range of wavelength between 360 and 480 nm, where 

blue light could be observed by human eyes, Cu demonstrates a higher absorption rate than Fe. 

For near infrared laser with the wavelength of 1070 nm, though the difference of absorption rate 

between Cu and Fe is distinct, it is not helpful to detect Cu since the absorption rate of Cu could 

be just about 5%, indicating no response to the laser spotting. As a result, blue laser, as a type of 

semiconductor laser, is widely used for the Cu welding due to the high absorption performance.   

Inspired by this application, blue laser could be capable of sorting Cu sources from steel 

scrap. When the blue laser beam generated from a blue laser diode scans the shredded pieces on 
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the conveyor linearly, high absorption rate of Cu can induce heat on the surface, which can make 

Cu-containing area have an instant higher temperature [77]. Then due to the good thermal 

conductivity of Cu, rapid temperature dropping could be projected after the exposure of laser beam. 

Thermal cameras could be assigned to detect the temperature distribution on the surface and 

produce corresponding thermal images of each piece.  

6.2 Experimental Program 

Considering the known difference of thermal conductivity and absorption for Cu and Fe 

within the wavelength of an excited blue laser, a testing system was designed for initial 

understanding of the feasibility of this technology, as shown by Figure 6-2 for the schematic view.  

 

 

Figure 6-2 Schematic overall view of blue laser testing system 

 
Laser source is excited to generate a plurality of blue laser beams. Assisted with focusing 

element, the incident laser is targeted to the surface of prepared sample fixed on the platform with 

suitable power density. The spot size and power density of laser beam could be adjusted in order 

to generate sufficient thermal response for further detection. Two thermocouples are attached on 

the surface with the distance 7.5mm and 15mm respectively away from the laser spot and 

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

process.  

Three samples are prepared for the testing system, as shown by Figure 6-2, including pure 

Fe sheet, pure Cu sheet and a composite (Fe sheet overlaid on Cu sheet). A single location on each 

sample is exposed to the blue laser twice with different spotting duration.  

 

 

Figure 6-3 Diagrammatic illustration of the prepared samples for blue laser test 

 
Based on above designed testing system, initial laboratory experiments have been 

conducted with the industrial blue laser source from NUBURU, which is a leading manufacturer 

in blue laser technology with high-power and high-performance. GaN (gallium nitride) diodes are 

used to by NUBURU generate blue laser [78]. The detailed configuration of experiments is 

demonstrated by Figure 6-4, as well as the prepared sample shown by Figure 6-5. The size of pure 

Fe and Cu sheet is 2”×2” with the thickness of about 1mm. 

As shown by Figure 6-4 and 6-5, a blue laser source with 500W power provided a nominal 

2mm diameter laser impact spot for specific time on the surface of pure Cu and Fe sheets, fixed 

on the platform. Real-time data from thermocouples attached to the sheets and a FLIR (Forward 

Looking Infrared Radar) camera were collected for the whole testing process. Detailed setting of 

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

For composite sample, since the thickness was doubled compared to the individual sheet 

sample and the laser beam was just spotted on the surface of Fe sheet, so the pulse duration was 
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also increased to make sure that distinct thermal response could be detected for the underlying Cu 

sheet. 10s was delayed between the first and second pulse duration to observe the thermal 

dissipation with the end of laser exposing. 

 

 

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 experiment 

 Parameter Setting 

Laser source Power 500W 

Spot size 2mm 
Power density 0.016 MW/cm2 

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 thermal conductivity and 

absorption rate for blue laser, Cu sheet sample showed a rapid and distinct temperature increase 

and drop compared with the Fe sheet sample.  

 

 

Figure 6-6 Temperature data collected by thermocouple for individual Cu sheet 

 
Generally, for both Fe sheet sample and Cu sheet sample, the temperature data collected 

by thermocouple with a 7.5mm distance was higher than that of with 15mm distance. But for Cu 

0

10

20

30

40

50

60

0 5 10 15 20 25 30 35

T
e

m
p

e
ra

tu
re

/o
C

Time/s

Cu 7.5mm

Cu 15mm



 

53 

 

sheet sample, the temperature difference between these two locations could be more obvious than 

that of Fe sheet sample. 

 

 

Figure 6-7 Temperature data collected by thermocouple for individual Fe sheet 

 
Furthermore, for the temperature data collected by thermocouple of 7.5mm away from the 

laser spot, the maximum temperature increase of individual Cu sheet sample within two exposures 

was 26.3 oC, and an instant drop was observed, while for individual Fe sheet sample, the maximum 

increase was just 7.6 oC with a delayed drop (about 17s). More details could be found in Table 6-

2 for the temperature increase of two individual sheet samples. 

 
Table 6-2 Details for temperature increase of two individual sheet samples 

Sample 
First pulse Second pulse 

Initial 
Maximum temperature 

increase 
Initial 

Maximum 
temperature increase 

Individual Cu 
sheet sample 

7.5mm 
at 6s 

10 oC (from 25.2 to 35.2 
oC in 4s) 

at 16s 

19.4 oC (from 32.1 
to 51.5 oC in 4s) 

15mm 
6.5 oC (from 25.2 to 31.7 

oC in 6s) 
14.2 oC (from 31.7 
to 45.9 oC in 12s) 

Individual Fe 
sheet sample 

7.5mm 
at 4s 

1.7 oC (from 26.7 to 28.4 
oC in 10s) 

at 14s 

5.9 oC (from 28.4 to 
34.3 oC in 29s) 

15mm 
1.5 oC (from 26.4 to 27.9 

oC in 10s) 
4.0 oC (from 27.9 to 

31.9 oC in 31s) 

 

0

5

10

15

20

25

30

35

40

0 10 20 30 40 50 60 70

T
e

m
p

e
ra

tu
re

/o
C

Time/s

Fe 7.5mm

Fe 15mm



 

54 

 

6.3.2 Composite Sample 

As shown by Figure 6-8 for the temperature data collected by thermocouple with 7.5 mm 

distance, due to the lower absorption rate of Fe and thermal distribution through underlying Cu 

sheet, the increasing of temperature for the Fe sheet in the composite sample was slower than that 

of individual Fe sheet. But the maximum temperature increase within two pulse duration was 8.0 

oC, which was higher than the 7.6 oC for individual Fe sheet sample. Considering that the pulse 

duration for composite sample was doubled, which meant more power was transmitted to the 

sample, the comparison for maximum temperature increase would not be reasonable.  

 

 

Figure 6-8 Temperature data collected by thermocouple with 7.5 mm distance 

 
We could still conclude that the existence of underlying Cu sheet could impose an influence 

on the temperature change of Fe sheet, as proved by Figure 6-9 for the temperature data collected 

by thermocouple with 15 mm distance. The increasing of temperature for the Fe sheet in the 

composite sample was rapid than that of individual Fe sheet.  

Also based on above analysis, for individual Fe sheet sample, the temperature increase of 

thermocouple with 7.5 mm distance could be mainly affected by the thermal generation due to the 
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absorption of blue laser since it was close enough to the laser impact spot to neglect the influence 

of thermal conduction, while the temperature increase of thermocouple with 15 mm distance could 

be affected by not only the thermal generation at the laser impact spot but also the thermal 

conduction from it. 

 

 

Figure 6-9 Temperature data collected by thermocouple with 15 mm distance 

 
Without the interference of Cu sheet, due to the lower absorption rate and thermal 

conductivity, the temperature difference between the two thermocouples was not distinct. But, for 

composite sample, the temperature increase of thermocouple with 7.5 mm distance was slowed by 

the additional thermal dissipation through Cu sheet, while the temperature increase of 

thermocouple with 15 mm distance was enhance by this additional thermal dissipation. 

Meanwhile, a lower temperature increase (8.5 oC) could be still observed within two 

exposures for Cu sheet in the composite sample, though no direct exposure of blue laser occurred, 

as shown by Figure 6-10. Detailed comparison for temperature increase between the composition 

sample and individual sample for Cu sheet can be found in Table 6-3.  
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Figure 6-10 Temperature data collected for Cu sheet in composite sample 

 
Table 6-3 Details for temperature increase of Cu sheet in composite and individual sheet sample 

Sample 
First pulse Second pulse 

Initial 
Maximum 

temperature increase 
Initial 

Maximum 
temperature increase 

Individual Cu 
sheet sample 

7.5mm 
at 6s 

10 oC (from 25.2 to 
35.2 oC in 4s) 

at 16s 

19.4 oC (from 32.1 
to 51.5 oC in 4s) 

15mm 
6.5 oC (from 25.2 to 

31.7 oC in 6s) 
14.2 oC (from 31.7 
to 45.9 oC in 12s) 

Cu sheet in 
composite 

sample 

7.5mm 
at 2s 

2.3 oC (from 23.4 to 
25.7 oC in 10s) 

at 12s 

6.2 oC (from 25.7 to 
31.9 oC in 11s) 

15mm 
2.0 oC (from 23.4 to 

25.4 oC in 10s) 
6.1 oC (from 25.4 to 

31.5 oC in 17s) 

 

These observation and comparison based on temperature data collected from 

thermocouples were consistent with the heat flow data from the FLIR camera, which demonstrated 

immediate differences in heat generation and dissipation. 
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Figure 6-11 Image from FLIR camera: (a) Individual Cu sheet, before the first exposure;  
(b) Individual Cu sheet, 1s after the exposure; (c) Individual Cu sheet, 8s after the exposure; 
(d) Individual Fe sheet, before the first exposure; (e) Individual  Fe sheet, 1s after the 
exposure; (f) Individual Fe sheet, 8s after the exposure; (g) Fe sheet in composite sample, 
before the first exposure; (h) Fe sheet in composite sample, 1s after the exposure; (i) Fe 
sheet in composite sample, 8s after the exposure; 

 
As shown by Figure 6-11, individual Cu sheet sample demonstrated a faster thermal 

distribution after the laser exposure, since no distinct red area could be observed. For individual 

Fe sheet sample, a lower thermal distribution was illustrated and the generated heat centered 

around the laser spot, as shown by the distinct red area. For Fe sheet in the composite sample, it is 

highly possible that thermal conduction by underlying Cu sheet could be the reason for the color 

difference between (e) and (h), (f) and (i). 

6.4 Conclusions 

The initial laboratory tests conducted with pure Cu and Fe sheets have confirmed its sorting 

mechanism related to the difference of thermal conductivity and absorption, demonstrating good 

sorting potential for Cu impurities. Further experiments for blue laser sensor should be planned 
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with scrap sample combined with identified Cu impurities to consider the industrial application. 

Designed sorting system, as shown by Figure 6-12, could have a blue laser that induces a thermal 

response on pieces of Fe or steel scrap where the thermal response for pure Fe or steel scrap is 

different from the thermal response for scrap with excessive Cu impurities due to Cu having a 

higher thermal absorption and conductivity.  

 

 

Figure 6-12 Schematic view for blue laser sorting system 

 
A scanning device with a focusing element is included for supplying the blue laser pulse 

with specific power density and two deflectors for directing the laser pulse on the conveyor. This 

sorting system further includes FLIR (forward-looking infrared) cameras positioned above the line 

scan area on the conveyor to record the heat flow data of each shredded piece as the blue laser 

scans the area on the conveyor. 

A control computer is provided for controlling the excitation of blue laser source and 

operating each of the components of the system to direct the laser pulse in a line scan, analyze the 

heat flow data collected and transmitted from FLIR cameras, generate discriminating decisions 

upon the analysis for each piece, and selectively activate the ejecting system based on the derived 

decisions. With designed analyzing logic and algorithm, the heat flow data can be interpreted into 

temperature distribution. If possible, a standard temperature distribution can be built through 

exposing blue laser to pure Fe shreds. Pieces showing quick temperature increasing and decreasing 
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could be classified and signaled as Cu containing. In order to improve the accuracy of 

classification, more detailed kinetic calculation related to the heat flow or the temperature 

increasing and decreasing rate can be employed to optimize the logic. Also neural network may 

be applied for recognizing the heat flow image from FLIR camera directly.  

The ejecting system may comprise an array of air nozzles that are mounted across a width 

of the conveyor at a discharge end of the conveyor. A discrimination decision is determined for 

each scrap piece where a positive discrimination decision means that the scrap piece has excessive 

impurities and is rejected, and a negative discrimination decision means that the scrap piece does 

not have excessive impurities. Once the positive discriminating decision is generated for a single 

scrap piece, selected air nozzles in the array are activated to produce a jet of air that contacts the 

single scrap piece with enough force to eject the scrap piece into the assigned bin. No jet of air is 

directed to scrap pieces that are not discriminated, i.e., no excessive impurities and a negative 

discriminating decision, and these pieces fall into a separate bin. To improve the accuracy of the 

ejecting system and ejecting timing, a position detector may be configured for detecting the 

movement of conveyor. 
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CHAPTER 7 

PHYSICAL SEPARATION: OPTICAL RECOGNITION IMPROVED BY  

MACHINE LEARNING 

7.1 Motivation 

The advent of sensor-based sorting technology exhibits an excellent potential to remove 

Cu impurities during physical separation, before being processed in the EAF plant. Among various 

types of sensors, Color sensors [79], using optical recognition to distinguish different color values, 

has been widely applied to many fields, including the mining industry for sorting impurities or 

certain minerals [80], agricultural industry for sorting grains [81], and recycling for sorting plastic 

bottles or flakes [82]. Considering the distinct color difference between metal Cu and Fe, it is 

particularly desirable to achieve sortation of Cu impurities with optical recognition in combination 

with shape detection, referring to the regular shape of Cu motors and linear shape of Cu wires. 

Other types of sensors, such as LIBS (Laser Induced Breakdown Spectroscopy) [30], XRT&XRF 

[83, 26], and PGNAA (Prompt Gamma Neutron Activation Analysis) [28], have also been 

discussed for their feasibility to sort Cu impurities from steel scrap. Considering that the target for 

sorting is to recognize Cu impurities, which just account for 0.25wt% of the steel scrap after 

magnetic separation [18], so the use of X-ray, laser and gamma source could not be energy efficient 

compared to the acquiring of photographs, since each piece on the belt must be analyzed. As a 

result, compared to other types of sensors, the low cost requirement could be satisfied by optical 

recognition. Although this approach could be subject to the inappropriate liberation and surface 

cleanliness of steel scrap, it is highly desirable for further improvement, backed by the rapid 

development of image classification using machine learning. 

With further understanding, the essence of optical recognition is the designed program for 

analyzing images and distinguishing different color values. It shares the same mechanism of image 

classification [84], which has become a common application for machine learning. The purpose of 

this initial study is to investigate and determine the feasibility of eliminating errors related to 

surface heterogeneities through applying machine learning to improve optical recognition of steel 

scrap for a better sorting efficiency of Cu impurities.  
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Convolutional Neural Networks (CNNs) have been commonly used as a deep learning 

algorithm for image differentiation and classification [85]. Like the regular neural network, they 

both have multiple hidden layers besides of the input and output layer. However, for the purpose 

of simplification and clarity, the neurons in one layer of CNNs will only be connected to a 

particular region of previous layer, involving 3 dimensions: width, height and depth, comparing to 

the regular neuron network, which could induce wasteful overfitting because of the full 

connectivity of each hidden layers and neurons [86]. Referring to the input images, the width and 

height would be the pixel dimensions of the image, and the depth would be 3 matching with the 

RGB channels. The simplest architecture of CNNs consists of input layer, convolutional layer for 

abstracting the input image into a feature map, pooling layer for streamlining the underlying 

computation and full-connected layer for computing the class score of further classification [87]. 

Therefore, image classification can be treated as the process of inputting image data and outputting 

the probability of a specific class. To solve the problem of image classification in different fields, 

various complicated architectures of CNNs, including AlexNet, VGGNet, GoogleNet, ResNet, 

etc., have been developed [88]. These architectures play the key role of understanding and 

memorizing features of input dataset during the training stage and recognizing and classifying new 

images during the test stage. In our initial experiments, VGGNet architecture is applied for training 

with the image dataset from shredded pieces of obsolete automobile 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 inspection, Cu impurities were identified 

and picked out, including Cu motors and wires. With sufficient illumination, a smartphone was 

used to acquire the photographs of identified Cu sources, as well as Fe shreds, placed on a black 

conveyor belt, which was adopted to simulate the real working condition for sorting system, as 

shown in Figure 7-1.  

No particular lighting was applied for acquiring the photographs. Considering the small 

amount of identified Cu sources, random rotations were manually operated to each piece of 

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

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

 

 

Figure 7-1 Acquired Photographs for shredded automobile scrap: (a) Shredded automobile scrap  
 in container; (b) Cu wire; (c) Cu motor rotor; (d) Cu motor with wire; (e) and (f) Fe shreds 

 

7.2.2 Methodology 

    

            

Figure 7-2 Implementation of experiment 

 
As shown in Figure 7-2, the whole process of experiments was spilt into 3 major parts: 

inputting dataset, training and testing. The first part was to input the prepared photographs of Fe 

shreds and identified Cu sources as two datasets, which were further labeled with Fe and Cu 

respectively from the prospect of sorting Cu impurities, for the following training with CNNs 

architecture. The next part was the training process using a CNNs architecture. In the initial trial, 
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architecture VGGNet was used to enable deep learning to be achieved with a relatively simple and 

linear structure [89]. When all the labeled photographs had been analyzed through the VGGNet 

architecture, a model file was generated, based on learned useful feature information related to two 

known labels, to classify new photographs. Then in the third part, the testing dataset, which 

consisted of new photographs for Fe shreds and identified Cu sources that had not been included 

in the training dataset, was tested and classified by the generated model. The detailed distribution 

of photographs to the training and testing parts as the dataset is shown in Figure 7-3.    

 

 

Figure 7-3 Dataset distribution for training and testing process 

 

7.2.3 VGGNet Architecture 

Normal VGGNet architecture contains convolutional layers, max pooling layers, activation 

layers and full-connected layers. Inspired by Adrian Rosebrock [90], who has successfully applied 

a smaller VGGNet architecture for image classification, modification based on his code was 

carried out to build a full VGGNet architecture for detailed configuration training, as shown in 

Figure 7-4. Considering the training time and computing performance of a personal computer, only 

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

               

 

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 chosen for training, while the rest 20% 

was applied for validation, which could provide an unbiased evaluation of the model fit on the 

training dataset for each training epoch. As shown in Figure 7-5, the accuracy of training and 

validating could be approximately 99% and the corresponding loss could be as low as 0.01 for the 

final epoch. 

 

 

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

 

7.2.5 Testing Results 

During the testing stage, the generated model tested 36 new photographs of Fe shreds and 

32 new photographs of identified Cu sources, as shown in Figure 7-3. The testing results were 

demonstrated with the possibility of being classified as label Fe and label Cu. For example, as 

shown in Figure 7-6, the obtained testing result for the upper right photograph from an identified 

Cu source was about 99.97% of being label Cu and 0.03% of being label Fe, indicating that this 

piece was recognized correctly. However, for the lower right photograph from the Fe shreds group, 

the obtained result was 99.81% of being label Cu, indicating that this piece was recognized 

incorrectly. 

For the whole testing dataset, Fe shreds parts in 27 of 36 photographs were recognized 

correctly, while 17 pieces among 32 photographs of identified Cu sources were recognized 
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correctly. Thus the accuracy for recognizing Cu impurities could be estimated as 53.1%. Compared 

with the high training and validating accuracy, overfitting could be the major concern for further 

optimization. 

 

 

Figure 7-6 Demonstration of testing results 

 

7.2.6 Overfitting 

Overfitting [91] happens when a model learns the detail and noise in the training dataset to 

the extent that it negatively impacts the performance of the model on new dataset, as shown in 

Figure 7-7.  

 

 

Figure 7-7 Explanation of overfitting problem 

 
One possible reason for overfitting could be that the supplying of dataset is not enough for 

the training to generalize well to make good prediction on new dataset. In other words, small scale 
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of dataset could be the major limitation for our research. Although Cu motors and wires are 

classified as contaminants to limit the recycling of automobile scrap, the average content is just 

about 0.25wt%, indicating the difficulty to collect enough samples for acquiring photographs as 

many as possible. 

Possible ways to reduce overfitting include: 

 Increasing training dataset 

 Reducing the features that could interfere the detecting of significant feature 
information 

 Applying different CNN architecture 

 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 chosen for training, indicating that 

feature information from the rest of dataset for validation could not be detected by the CNN 

architecture. To eliminate the possibility that the undetected feature information may be of vital 

importance for classification, cross validation could be the best option, which could be treated as 

a statistical method to evaluate the performance of machine learning program.  

 

 

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 whole dataset has the chance of 

appearing in training and validation to make sure the detection and extraction of all the available 

feature information.  

With the programming, the training dataset is spilt into K parts: one part is applied for 

validation, and the remaining K-1 parts are applied for the training to generate model file. Figure 

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

10-fold cross validation has been tried for VGGNet architecture with original photographs. 

Detailed testing results for each iteration with testing dataset are shown by Table 7-1. The average 

accuracy of validation could be 99%. However the highest recognizing accuracy of Cu during 

testing stage for the 10 iterations was just about 65%, still indicating an overfitting problem.  

 
Table 7-1 Detailed testing results of cross validation 

Cross Validation Testing Results Recognizing Accuracy 
Fe Cu Fe Cu 

 VGGNet 
with 

Original 
Photographs 

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% 

4 32/36 7/32 88.9% 21.9% 

5 31/36 9/32 86.1% 28.1% 

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 dataset, considering the existence of 

ineffective feature information, one possible reason for the low Cu recognizing accuracy and 

overfitting problem could be the interference from black background, which was dominant in most 

of the photographs compared to the shredded objects. During the training, this dominated area 

might be analyzed as the feature information, weakening the weight of other distinct colors, such 

as the reddish-brown of Cu metal in the motor rotor, the bright white of the motor shell, and the 
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red or blue insulation of Cu wire. As mentioned before, the regular shape geometry could be also 

treated as the feature information for recognizing identified Cu sources. In order to optimize the 

Cu recognizing accuracy, shape feature, as shown in Figure 7-9, was extracted individually from 

the prepared photographs as a new training dataset. 

 

 

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

The same process utilizing VGGNet architecture was applied to the new dataset of shape 

feature. After training, a new model file was generated for testing. As a result, 25 pieces among 

32 photographs of identified Cu sources were recognized correctly, while 20 pieces among 36 

photographs of Fe shreds were recognized correctly. So the accuracy for recognizing Cu impurities 

was improved to 78.1%, though the Fe recognizing accuracy decreased, which may be attributed 

to the light reflection. During the preparation of photographs, obvious light reflection could be 

observed for Fe shreds due to the irregular presentation and normal illumination, leading to the 

existence of redundant information that could disturb the recognition, as demonstrated by (d) and 

(e) in Figure 7-9.  

However, as shown in Figure 7-10, overfitting problem could be still observed for training 

with this new dataset, signifying that it is highly possible that, for the optimized dataset, the 

background could be learned and detected as a feature.  

To verify the above results for VGGNet architecture with original photographs and shape 

feature, the whole program, including training and testing, has been 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) Accuracy of training and validating;  
   (b) Loss of training and validating 

 

The detailed results are shown in Table 7-2. As mentioned before, during the training stage, 

80% of the dataset was randomly chosen for training by the program, while the rest 20% was 

applied for validation.  

 
Table 7-2 Detailed testing results for the repeated programs 

No. of experiments 

Training with Original 
Photographs 

Training with Shape Feature 

Testing Results Testing Results 

Fe Cu Fe Cu 

 
VGGNet 

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 

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 results of each repetition could be attributed to 

the random splitting of dataset for training and validation by programming. Also, as demonstrated 
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by the application of cross validation, it is possible that the random splitting of training dataset 

would not be the principal reason for the lower recognizing accuracy with VGGNet architecture. 

Meanwhile, we can conclude that only adopting shape feature as training dataset could not be 

feasible and feature information based on color difference could have a higher priority. 

7.3.3 Dataset: Cropped Photographs 

With the concern of interference from black background, photographs had been cropped 

by programming to remove the black background as much as possible and applied as new dataset, 

as shown in Figure 7-11. 

 

 

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

 

Deformation could be observed and acceptable to maintain the inputting size of 

photographs in accordance with the requirement of CNNs architecture. The same process utilizing 

VGGNet architecture was applied to the new cropped dataset. As a result, 20 pieces among 32 

photographs of identified Cu sources were recognized correctly, while 22 pieces among 36 

photographs of Fe shreds were recognized correctly. Thus the accuracy for recognizing Cu 

impurities could be estimated as 62.5%, while the accuracy for Fe shreds could be 61.1%. As 

shown in Figure 7-12, overfitting could be still a problem, nonetheless, dataset with cropped 

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

 

7.3.4 New Architecture 

Based on the above investigation and further analysis, it seems that initial VGGNet 

architecture might not be the suitable architecture, referring to the specific dataset. Other 

architectures, such as ReSNet, InceptionV3, Xception and Inception_ReSNet, have been tried with 

cropped photographs as dataset.  

ReSNet [93] is an architecture which can be able to have hundreds of convolutional layers. 

For VGGNet architecture, with the increase of convolutional layers, its effectiveness could get 

worse resulting in a degraded performance and longer training time, while ResNet can add a large 

number of layers with strong performance. Residual module is introduced to the structure in order 

to alleviate the explosion of parameters for computation. For Inception_V3 architecture [94], 

instead of going deeper, it has a more complicated design which applies filters with multiple size 

on the same convolutional level, showing a structure with 150 layers. Then the outputs are 

concatenated and sent to the next level. With this “wider” architecture, good performance could 

be hoped for. Xception [95] could be treated as the extension of Inception architecture with the 

involving of depthwise separable convolutions, which could be more efficient considering the 

computation time and memory requirements. 36 convolutional layers have been structured into 14 

modules to form the whole architecture. Inception_ReSNet [96] is the combination of Inception 

and ReSNet architecture. Inception module could acquire more information from the input dataset. 
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ReSNet module could make the training deeper with increased accuracy. This combination could 

be used to improve the performance of architecture. The testing results of applying these 

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

 
Table 7-3 Detailed testing results for training with different architectures 

No. 
of 

Tria
l 

Testing Testing Testing Testing 

Results Accuracy Results Accuracy Results Accuracy Results 
Accura

cy 

Architecture: 
ReSNet 

Architecture: 
InceptionV3 

Architecture: 
Xception 

Architecture: 
Inception_ReSNet 

#1 

Fe: 
28/36 

77.8% 
Fe: 

30/36 
83.3% 

Fe: 
35/36 

97.2% 
Fe: 

32/36 
88.9% 

Cu: 
26/32 

81.3% 
Cu: 

17/32 
53.1% 

Cu: 
24/32 

75.0% 
Cu: 

21/32 
65.6% 

#2 

Fe: 
19/36 

52.8% 
Fe: 

22/36 
61.1% 

Fe: 
34/36 

94.4% 
Fe: 

34/36 
94.4% 

Cu: 
19/32 

59.4% 
Cu: 

27/32 
84.4% 

Cu: 
26/32 

81.3% 
Cu: 

25/32 
78.1% 

#3 

Fe: 
23/36 

63.9% 
Fe: 

28/36 
77.8% 

Fe: 
35/36 

97.2% 
Fe: 

32/36 
88.9% 

Cu: 
25/32 

78.1% 
Cu: 

26/32 
81.3% 

Cu: 
25/32 

78.1% 
Cu: 

23/32 
71.9% 

#4 

Fe: 
33/36 

91.7% 
Fe: 

26/36 
72.2% 

Fe: 
28/36 

77.8% 
Fe: 

32/36 
88.9% 

Cu: 
16/32 

50.0% 
Cu: 

21/32 
65.6% 

Cu: 
29/32 

90.6% 
Cu: 

21/32 
65.6% 

#5 

Fe: 
30/36 

83.3% 
Fe: 

26/36 
72.2% 

Fe: 
21/36 

58.3% 
Fe: 

27/36 
75.0% 

Cu: 
19/32 

59.4% 
Cu: 

26/32 
81.3% 

Cu: 
29/32 

90.6% 
Cu: 

22/32 
68.9% 

 

The testing accuracy for Cu impurities and Fe shreds both got improved compared to the 

initial trials with VGGNet, especially for #4 training with Xception architecture. Meantime, to a 

certain extent, overfitting problem could be regarded as mitigation, though the accuracy of training 

and validating remained high, for example, as shown in Figure 7-13 for #4 training with 

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

 

7.4 Conclusion 

In this initial work, well-developed CNN architectures have been adopted for the image 

classification from machine learning, in order to improve the performance of optical recognition, 

which could be potentially viable for sort Cu impurities from automobile scrap. The proposed 

VGGNet architecture based CNN was initially adopted for the training process with real 

photographs of shredded automobile scrap, including identified Cu impurities and Fe shreds. Then 

the testing process was conducted based on the generated model file after training. From the 

experimental results, a Cu recognizing accuracy of 53.1% was achieved for the training with 

normal photographs. Further optimization has been attempted to delve into the overfitting 

phenomena through modifying the dataset and applying new architectures. In terms of better 

performance, optimized Cu recognizing accuracy of 90.6% was achieved for the training with 

Xception architecture and cropped photographs. It is therefore reasonable to say that this 

recognizing accuracy could bring the Cu content of steel scrap sorted by improved optical 

recognition below the problematic threshold of 0.1wt%, achieving a high grade, which is desired 

and preferred by steelmaking industry. Although overfitting problem could still be the concern, 

we believe that the proposed technique has the potential to further reduce the Cu content through 

future optimization. For example, considering the requirement of dataset scale for training, which 

would pose a challenge on collecting sufficient samples, self-built CNN architecture to be 
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individualized for this work through hyperparameter optimization [97] could be a feasible way for 

next step. 

7.5 Summary 

For blue laser sensor, as one of identified physical removal technologies, initial laboratory 

tests conducted with pure Cu and Fe sheets have confirmed its sorting mechanism related to the 

difference of thermal conductivity and absorption, demonstrating good sorting potential for Cu 

impurities. But the accessibility of industrial blue laser source could be a limitation for conducting 

further laboratory experiments with actual automobile scrap sample.  

For optical recognition, as another identified physical removal technology, experiments 

conducted with different well-developed CNN architectures and cropped dataset have proved that 

it is highly possible to reduce Cu content to the 0.1wt% limitation with the improvement of 

machine learning. Also the machine learning program could be further optimized to improve the 

recognizing accuracy. So this candidate is identified for further research. 

For industrial application, if neglecting the economic costs for utilizing different types of 

sensor, optical recognition improved by machine learning is more desirable and efficiency for 

sorting isolated Cu impurities and blue laser could be adopted as a supplementary sensor after 

optical recognition considering that the collecting of heat flow data is dynamic and might be time 

consuming for the derivation of sorting decision. Then for further sorting Fe shreds with high Cu 

content, XRF sensor could be applied to achieve compositional detection. As a result, a designed 

sorting order for above sensors could be demonstrated by Figure 7-14. 

 

 

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 optical recognition, which has potentially 

viability as one type of sensor-based sorting technology, could be improved by machine learning 

to sort the Cu impurities from automobile scrap. Image classification, which shares the same 

mechanism with optical recognition, was applied to enhance the performance for recognizing Cu 

impurities with the use of various well-developed CNN architectures, including VGGNet, ReSNet, 

Inception V3, Xception and Inception_ReSNet.  

The better recognizing accuracy for Cu was obtained by training with Xception 

architecture. Efforts have also been tried through modifying the photographs, overfitting problem, 

however, could still be observed, considering the higher training and validating accuracy. 

Therefore, it is possible that the training with above well-developed CNN architectures went too 

deep, leading to the learning of details and noise in the training dataset to the extent that it 

negatively impacted the performance of testing on new dataset, considering the limited scale of 

acquired dataset and sophisticated structure of well-developed CNN architectures. 

With this concern, hyperparameter optimization [97] will be adopted to build a particular 

CNN architecture to be individualized for this work, which could be feasible to enable better 

performance and avoid overfitting problem. It plays a crucial role in finding the perfect 

combination of different parameters to achieve the maximum predicting accuracy within an 

acceptable time range. Although available research for hyperparameter optimization applied to 

recognize Cu impurities with convolutional neural network could not be found, this approach has 

been one essential procedure for improving the performance of any machine learning technique 

applied to other fields. For example, Lucas Lima et al. [98] explored hyperparameter optimization 

to identify the best CCN architecture in order to recognize small pulmonary nodules in benign or 

malignant. Ramon Cabada et al. [99] applied hyperparameter optimization to improve the 

performance of CNN for emotion recognition. Renhong Xie et al. [100] built 1D-CNN and 
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optimized the hyperpaprameters to improve the classifier’s ability for analyzing image data from 

the low-resolution ground surveillance radar.  

Generally speaking, hyperparameters are classified as parameters that are designed to 

configure the architecture but could not be updated during the training process. For convolutional 

neuron network (CNN), they can be roughly divided into two broad categories according to their 

functional roles in the configuration [101]. The first one includes parameters which are involved 

in building the specific structure of the neural network and determining the accuracy of training 

model, such as the number of convolutional layers, the number and size of filters used in each 

convolutional layer, the activation function and dropout rate. The other one contains parameter 

which are involved in affecting both the efficiency and accuracy, such as the learning rate, batch 

size and epoch number. Hyperparameter optimization could be treated as the final part of designing 

a CNN architecture. 

Three popular and basic algorithms for hyperparameter optimization are introduced in this 

research, including grid search, random search and Bayesian optimization [102]. For grid search 

and random search, they can carry out an exhaustive search on the different value of 

hyperparameters specified by designer. Normally, a gird of different values for multiple 

hyperparameters will be set up, and then the grid search algorithm will try every possible 

combination of values for those hyperparameter [103]. For example, if searching 5 different values 

for each of 3 hyperparameters is prepared for optimization, 53 trials will be performed to find and 

identify the optimal combination. As a result, it might be time-consuming and computational 

dependence. Similar as grid search, the random search algorithm will try random combinations 

over the different values [104]. The number of combination could be controlled by the program 

considering the time budget. Although it is possible that random search might not pick the optimal 

value, its efficiency could be enhanced. 

For Bayesian optimization, it can be classified as a sequential search algorithm that could 

be much efficient, comparing to either grid search or random search. As explained by Equation 8-

1, the target of Bayesian optimization is to identify the hyperparameters h that could maximize the 

function f[h] through sampling from a feasible set H [102]. 

ĥ= max
h∈H

[f[h]]                                                            (8-1) 
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This process includes two main components: a surrogate model for the objective, which 

could be the accuracy for validation during training the dataset in machine learning, and an 

acquisition function for sampling [105]. The most popular way to model the objective is Gaussian 

process (GP) and common acquisition function is Expected improvement (EI). More details about 

Bayesian optimization could be found from the tutorial by Jasper Snoek [103]. In this work, 

Gaussian process (GP) combined with Expected improvement (EI) is adopted for optimization. 

8.2 Methodology 

8.2.1 Dataset 

An essential part of optical recognition improved by machine learning is the dataset 

prepared for training. In the work described in Chapter 7, about 2000 photographs for both 

identified Cu impurities and Fe shreds from collected automobile scrap sample were acquired for 

training. In order to eliminate the interference of black background dominated in the photograph, 

photographs were further cropped by programming as improved dataset. With the concern of small 

scale, new photographs of Cu motors and wires, which were picked out manually after the 

magnetic separation in Western Metals Recycling, were acquired 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 were applied in the following 

optimizing study. The detailed distribution of acquired photographs applied to the training and 

testing is shown in Figure 8-2, as well as the implementation of experiment.  

 

 

Figure 8-2 Details of the dataset and implementation 

 
Basically, prepared dataset, which is categorized into binary labels, namely Cu and Fe, will 

be applied for the training with CNN architecture. Then model file generated after the training will 

be applied for testing with new photographs. The testing result for individual photograph will be 

illustrated as the percentage of being recognized as label Cu and label Fe. As a result, the overall 

testing or recognizing accuracy could be estimated. Since labeled input data is supplied to the 

program, this process could be classified as supervised learning, which is good at image 

classification. 

8.2.2 Hyperparameter of CNN Architecture 

As a feed-forward type of neural network [106], the convolutional layer could extract the 

feature information from the input photographs. Then those extracted feature information could be 

reduced by the pooling layer, considering the amount of parameters and computation, such that 

the final classification could be finished by the fully-connected layer. Figure 8-3 shows the three 

basic layers of a CNN architecture. 

It is difficult to claim which of hyperparameter have the top priority. But more studies have 

been performed on those with significant importance. So the hyperparameters optimized in this 

work are explained as follows, considering the importance and effects on the training and final 

recognizing accuracy: 
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 Convolutional layers: Number of convolutional layers 

 Filters: Number of filters in each convolutional layer and the size applied to extract feature 

information 

 Dropout rate: Probability of ignoring randomly selected neurons connections between two 

layers 

 Batch size: Number of photographs passed through the neural network in a single batch 

 Learning rate: Length of step at each epoch 

 Epoch: Number of entire dataset passed through the neural network 

 

 

Figure 8-3 Three basic layers of a CNN architecture 

 
Based on the experience with well-developed CNN architectures, convolutional layer is 

suggested to be followed by the batch normalization function to avoid overfitting before the max-

pooling layer. So in order to demonstrate the self-built CNN architecture in a convenient way, as 

shown by Figure 8-4, a designed convolutional module in this work consists: one convolutional 

layer using multiple filters, activation function with Relu, batch normalization function, one max 

pooling layer and regularization function using dropout. A designed full-connected module 

consists: one flatten layer, one full-connected layer, corresponding activation function with Relu, 

batch normalization function and regularization function using dropout, as shown by Figure 8-5. 

Activation function with Relu is applied to output the weighted input from the neural nodes and 

has become default choice for CNN due to the benefit of faster learning and better performance. 

Batch normalization and regularization with dropout have been recognized as two well-known 
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approaches to short training time and mitigate overfitting problem. Generally, for CNN 

architecture, the minimum number of these two modules is 1 and they could be modified with 

flexible design. In this work, only one full-connected module was adopted considering the scale 

of dataset and time budget. 

 

 

Figure 8-4 Details for convolutional module 

 

 

Figure 8-5 Details for full-connected module 

 

8.2.3 Evaluation of Testing Results 

After the optimization, the best-fit hyperparameters will be identified and applied for an 

individual training process to generate the corresponding model file for further testing. The 

evaluation process will be performed based on the testing results. To evaluate the performance of 
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optimized hyperparameters, the following statistic metrics will be used, including sensitivity of Cu 

(SEN-Cu), sensitivity of Fe (SEN-Fe), overall accuracy (ACC). Sensitivity of Cu assesses the ratio 

of true Cu impurities, which are classified as label Cu correctly, to total Cu impurities in the testing 

dataset, sensitivity of Fe assesses the ratio of true Fe shreds, which are classified as label Fe 

correctly, to total Fe shreds in the testing dataset, and overall accuracy means the ratio of 

photographs classified correctly to the total photographs in the testing dataset. 

Sensitivity of Cu= TCu
TCu+FFe

                                                  (8-2) 

Sensitivity of Fe = TFe
TFe+FCu

                                                  (8-3) 

Accuracy = TCu+TFe
TCu+FFe+TFe+FCu

                                                 (8-4) 

where TCu is the number of true Cu impurities, FFe (false Fe shred) is the number of Cu impurities 

being classified as Fe shreds incorrectly, TFe is the number of true Fe shreds, FCu (False Cu 

impurities) is the number of Fe shreds being classified as Cu impurities 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 optimized and their corresponding 

range of values for searching program, three major hyperprameters, including the number of filters, 

filter size and dropout rate, were explored by the random search algorithm for each convolutional 

module. For activation function, batch normalization and max pooling layer in the convolutional 

module, the popular setting was chosen since it has been commonly used for image classification 

with good performance [107]. To determine the number of convolutional module in the self-built 

CNN architecture, the initial random search was perform with the architecture of one convolutional 

module and one full-connected module to explore the optimal value for the number of filters and 

filter size in first convolutional module. Then individual convolutional module was added one by 

one to the optimized first convolutional module continuously for the following random search 

programs. During those optimizing processes, default setting of the full-connected module and 
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other hyperparameters was adopted temporarily based on the work described in Chapter 7, as 

shown by Table 8-2. 

 
Table 8-1 Hyperparameters and corresponding range for optimization 

 Hyperparameter Range Algorithm 

First Convolutional 
Module 

Number of Filter [8, 128] 

Random Search 

Filter Size (3, 3), (4, 4) and (5, 5) 

Dropout Rate [0.05, 0.55] 

Second 
Convolutional 

Module 

Number of Filter [104, 256] 

Filter Size (3, 3), (4, 4) and (5, 5) 
Dropout Rate [0.05, 0.55] 

Third Convolutional 
Module 

Number of Filter [104, 256] 

Filter Size (3, 3), (4, 4) and (5, 5) 

Dropout Rate [0.05, 0.55] 

Fourth Convolutional 
Module 

Number of Filter [136, 256] 
Filter Size (3, 3), (4, 4) and (5, 5) 

Dropout Rate / 

Full-connected 
Module 

Number of Units in 
Full-Connected Layer 

512, 1024, 4096 

Dropout Rate [0.05, 0.55] 

Other 

Batch Size [8, 128] 
Bayesian 

optimization 
Learning Rate [1e-4, 1e-1]] 

Epoch [50, 200] 

 

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

 Hyperparameter Default Value 
Convolutional Module Dropout Rate 0.25 

Full-connected Module 
Number of Units in Full-Connected 

Layer 
1024 

Dropout Rate 0.5 

Other 
Batch Size 32 

Learning Rate 1e-3 

Epoch 100 

 

For the results of random search, combination of values for the number of filters and filter 

size having highest validating accuracy will be identified as the optimal setting. When the fourth 

convolutional module with optimal setting was added to the architecture, the testing result did not 
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get improved, especially for the sensitivity of Cu, as shown by Table 8-3 for details of optimal 

settings and following evaluation.   

 
Table 8-3 Details of optimal setting and following evaluation for the number of filters and filter  

  size in convolutional module 

 One Convolutional 
Module 

Two 
Convolutional 
Modules 

Three 
Convolutional 
Modules 

Four 
Convolutional 
Modules 

Optimal 
Setting 

1st:  
Number of filters: 
104 
Size of filter: 3×3 

1st:  
Number of 
filters: 104 
Size of filter: 
3×3 
2nd: 
Number of 
filters: 104 
Size of filter: 
5×5 

1st:  
Number of 
filters: 104 
Size of filter: 
3×3 
2nd: 
Number of 
filters: 104 
Size of filter: 
5×5 
3rd:  
Number of 
filters: 136 
Size of filter: 
3×3 

1st:  
Number of 
filters: 104 
Size of filter: 
3×3 
2nd: 
Number of 
filters: 104 
Size of filter: 
5×5 
3rd:  
Number of 
filters: 136 
Size of filter: 
3×3 
4th:  
Number of 
filters: 160 
Size of filter: 
3×3 

Testing 
Results 

Cu: 24/32 Cu: 24/32 Cu: 26/32 Cu: 23/32 
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 of the fourth convolutional module might 

make the learning process too deep, leading to the worse performance on recognizing Cu 

impurities. Also it could be possible that the optimal setting for the fourth convolutional module 

was not selected perfectly by the random search program. Large searching range could be feasible 

for a better result. But considering the time budget and further optimization of other 
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hypreparameters, the full CNN architecture was organized as the combination of three 

convolutional modules with one full-connected module. 

Then random search program was conducted for the optimization of dropout rate for each 

convolutional module separately and continuously. Details of optimal value and following 

evaluation are shown by Table 8-4. 

 
Table 8-4 Details of optimal value and following evaluation for the dropout rate of each  

        convolutional module 

No. 1 2 3 

Setting 

1st: 
Dropout rate: 0.1 

(Optimal) 
2nd: 

Dropout rate: 0.25 
(Default) 

3nd: 
Dropout rate: 0.25 

(Default) 

1st: 
Dropout rate: 0.1 

(Optimal) 
2nd: 

Dropout rate: 0.5 
(Optimal) 

3nd: 
Dropout rate: 0.25 

(Default) 

1st: 
Dropout rate: 0.1 

(Optimal) 
2nd: 

Dropout rate: 
0.5(Optimal) 

3nd: 
Dropout rate: 0.55 

(Optimal) 

Testing 
Results 

Cu: 29/32 Cu: 30/32 Cu: 29/32 

Fe: 26/36 Fe: 29/36 Fe: 30/36 

Evaluation 

SEN-Cu: 90.6% SEN-Cu: 93.8% SEN-Cu: 90.6% 

SEN-Fe: 72.2% SEN-Fe: 80.6% SEN-Fe: 83.3% 

ACC: 80.9% ACC: 86.8% ACC: 86.8% 

 

Although the optimization of dropout rate for third convolutional module didn’t improve 

the sensitivity of Cu, higher sensitivity of Fe was acceptable since balanced sensitivity for both Cu 

and Fe could be desirable for certifying the performance of machine learning program. So setting 

of No. 3 experiment was chosen for further optimization of other hyperparameters. 

(2) Full-connected module 

Flatten layer is a necessary procedure to unstack the obtained tensor from the convolutional 

modules into a vector for the full-connected layer without any needs for optimization. For 

activation function and batch normalization in the full-connected module, the popular setting was 

also chosen similar as them in convolutional modules. For the number of units in the full-connected 

layer, preliminary experiments were performed for the value of 512, 1024, and 4096, combined 
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with the optimized convolutional modules and default value of other hyperparameters from Table 

8-2. As shown in Table 8-5 for the results of evaluation, default 1024 units demonstrated a better 

testing result. So the number of units in full-connected layer was fixed as 1024. Then another 

hyperparameter in full-connected module, mainly the dropout rate, was applied to the random 

search program within the specified range, as shown in Table 8-1.   

 
Table 8-5 Results of evaluation for the number of units in full-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 

Evaluation 

SEN-Cu: 62.5% SEN-Cu: 90.6% SEN-Cu: 90.6% 

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 evaluation for the dropout rate in full- 
       connected layer 

Number of Units in Full-connected 
Layer 

1024 1024 

Dropout Rate 0.25 (Optimal Value) 0.5 (Default) 

Testing Results 
Cu: 29/32 Cu: 29/32 

Fe: 28/36 Fe: 30/36 

Evaluation 

SEN-Cu: 90.6% SEN-Cu: 90.6% 

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 value and optimal value of dropout 

rate demonstrated the same sensitivity of Cu. But the sensitivity of Fe decreased slightly. The 

possible reason for this phenomenon could be attributed to the application and accumulation of 

three additional dropout layers in convolutional modules, leading to no obvious response for the 

dropout layer in full-connected module. So default value for dropout rate in full-connected module 

was fixed for the following Bayesian optimization. Also detailed results 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 convolutional modules and one full-connected 

module, the detailed configuration for the self-built CNN architecture was framed by Figure 8-6. 

The last dense layer, which had 2 units in accordance with the number of assigned labels, and 

activation function with softmax were necessary for the classification without the needs for further 

optimization [108]. As a result, the last three hyperparameters, which are crucial to a machine 

learning process, were number of epochs, learning rate and batch size. These parameters not only 

influence the training and testing accuracy, but also determine the computational time. For 

example, larger batch size could allow the speedup of training, while worse generalization could 

be obtained. Increasing the number of epochs could be possible to lead to overfitting and make the 

training time-consuming. Small value of learning rate could result in a longer training, while large 

value might cause quickly convergence to suboptimal model. So considering the correlative among 

them, Bayesian optimization was adopted to optimize these three hyperparameters, since it could 

bring down the optimizing time compared to grid search and offer better generalizing performance 

with the pivot of Gaussian process (GP). Because Gaussian process could evaluate the unobserved 

combination of three hyperparameters through the resulting accuracy obtained from past evaluated 

combinations, indicating a more efficient process [109]. 

 

 

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

 
Detailed results for the Bayesian optimization with 15 trials are demonstrated by Table 8-

7, as well as Figure 8-7 for the convergence plot of optimizing process. Trail 6 was identified as 

the optimal combination of the three hyperparameters due to the highest validating accuracy. Then 
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all these optimal hyperparameters were adopted for individual training and testing process. 

Detailed testing result could be found in Table 8-8 with the evaluation 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 

 

 

Figure 8-7 Convergence plot for the Bayesian optimization process 
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Table 8-8 Final evaluation for architecture with all optimized hyperparameters 

 Hyperparameter Range Algorithm 

First Convolutional 
Module 

Number of Filter 104 

Random Search 

Filter Size (3, 3) 
Dropout Rate 0.1 

Second Convolutional 
Module 

Number of Filter 104 

Filter Size (5, 5) 
Dropout Rate 0.5 

Third Convolutional 
Module 

Number of Filter 136 
Filter Size (3, 3) 

Dropout Rate 0.55 

Full-connected Module 
Number of Units in 

Full-Connected Layer 
1024 

Dropout Rate 0.5 

Other 

Batch Size 76 
Bayesian 

optimization 
Learning Rate 3.30E-02 

Epoch 196 

Testing Results 
Cu: 28/32 
Fe: 30/36 

Evaluation 

SEN-Cu: 87.5% 

SEN-Fe: 83.3% 
ACC: 85.3% 

 

Table 8-9 Comparison of evaluating results before and after Bayesian optimization 

 
Training with Self-built Architecture 

Training with Xception 
Architecture 

Before Bayesian 
Optimization 

After Bayesian 
Optimization 

Testing Results 
Cu: 29/32 Cu: 28/32 Cu: 29/32 

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 8-9, the sensitivity of Cu didn’t get improved by the Bayesian 

optimization and overfitting problem could still be observed in Figure 8-8. But it is not appropriate 

to conclude that this process is ineffective or useless, since the difference for the number of Cu 

impurities being recognized correctly was just 1 piece and also testing dataset with small scale had 

to be applied for this work. Although Cu motors and wires are classified as contaminants to limit 
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the recycling of automobile scrap, the average content is just about 0.25wt%, indicating the 

difficulty to collect sufficient samples for acquiring as many photographs as possible. Furthermore, 

for the acquired photographs, distribution of a large majority to the training dataset could be 

preferred for collecting more feature information and achieving a better training. From the aspect 

of Cu removal, as estimated by Table 8-10, it is evident that the 0.1wt% limitation for Cu content 

could be still achieved with the consideration of Bayesian optimization. 

For this self-built CNN architecture accomplished through the process of hyperparameter 

optimization, compared to the use of well-developed architectures, especially for Xception 

architecture, time-saving for training could be one advantage since the CNN architecture has been 

simplified without other elaborated structures, though there remains the overfitting problem. 

Training with self-built CNN architecture could take about 420s per epoch, while training with 

Xception architecture could take about 840s per epoch. On the other hand, if considering that this 

work is targeted to remove Cu impurities, sensitivity of Cu could be one important standard for 

evaluation. So as shown in Table 8-4, self-built CNN architecture with the setting of No. 2 

experiment and other default hyperparameter could be decided as the final outcome without the 

needs of further optimization due to the highest sensitivity of Cu, leading to less time budget and 

good Cu removal rate as shown in Table 8-10 for the early stopping of optimization. 

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

Trials 
Estimated Cu wt% before 

Optical Recognition 
Estimated Cu wt% after 

Optical Recognition 

Training with Xception 
Architecture 

0.272% [18] 

0.087% 

Training with 
Self-built 

Architecture 
 

Before Bayesian 
Optimization 

0.085% 

After Bayesian 
Optimization 

0.093% 

Early Stopping 
of Optimization 

0.077% 
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Figure 8-8 Training with self-built CNN architecture including Bayesian optimization: (a)  
      Accuracy of training and validating; (b) Loss of training and validating 

 

8.4 Conclusion 

In this chapter, we proposed the application of a self-built CNN architecture on the 

recognition of Cu impurities from collected automobile scrap sample through image classification 

to further improve the recognizing accuracy. The self-built CNN architecture was realized by the 

application of hyperparameter optimization, which utilized random search and Bayesian 

optimization to optimize multiple crucial hyperparameters. Evaluation for the self-built CNN 

architecture with optimal hyperparameters has been conducted with three statistic metrics, 

including the sensitivity of Cu, sensitivity of Fe, and overall accuracy. The sensitivity of Cu and 

Fe could be interpreted as the recognizing accuracy for Cu impurities and Fe shreds. As a result, a 

Cu recognizing accuracy of 87.5% was achieved, resulting in overall reduction in Cu content from 

0.272wt% to 0.093wt%. Also balanced recognizing accuracy for both Cu impurities and Fe shreds 

would be obtained with this self-built architecture. If high recognizing accuracy of Cu impurities 

would be preferred, this self-built CNN architecture could be adjusted with the early stopping of 

the performed optimization, indicating a recognizing accuracy of 93.8% for Cu impurities. As a 

result, an overall reduction of Cu impurities in steel scrap from 0.272wt% to 0.077wt% could be 

estimated So we can conclude that self-built CNN architecture through hyperparameter 

optimization could be a viable way for customizing the machine learning program to be 

individualized for this work and has the potential to enhance the recognizing performance on Cu 
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impurities. Also we believe that the performance of this proposed self-built CNN architecture 

could be further improved by other much dedicated optimizing algorithms, such as tree-structured 

parzen estimators [110] and simulating annealing [111]. 

8.5 Discussion 

The purpose of this work is to improve the optical recognition through applying machine 

learning such that Cu impurities could be sorted and removed during the physical separation. 

Fundamentally, the system for optical recognition [112] contains an array of digital cameras 

positioned above the belt to acquire photographs for individual pieces of shredded steel scrap, and 

a control computer for receiving and analyzing each photograph based on a designed program to 

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

 

 

Figure 8-9 Schematic view for optical recognition system 

 
By focusing on the essence of optical recognition, the testing process based on the 

generated model in this work could be incorporated into the control computer as the designed 

program, assuming the same recognizing accuracy could be achieved for the system. Once a 

photograph is tested and classified as label Cu, the corresponding ejecting decision is transmitted 

to the ejecting system, which activates selected air nozzles in the array mounted at the discharge 

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

Table 8-11. 

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

Experiments 
Testing 
Results 

Recognizing 
Accuracy 

Estimated Cu 
wt% before 

Optical 
Recognition 

Estimated Cu 
wt% after 
Optical 

Recognition 

Training 
with Well-
developed 

CNN 
Architecture 

VGGNet and 
Original 

Photographs 

Fe: 
27/36 

75.0% 

0.272% 

0.193% 
Cu: 

17/32 
53.1% 

VGGNet and 
Cropped 

Photographs 

Fe: 
22/36 

61.1% 
0.191% 

Cu: 
20/32 

62.5% 

Xception and 
Cropped 

Photographs 

Fe: 
28/36 

77.8% 
0.087% 

Cu: 
29/32 

90.6% 

Training 
with Self-
built CNN 

Architecture 

Early Stopping of 
Optimization 

Fe: 
29/36 

80.6% 
0.077% 

Cu: 
30/32 

93.8% 

Before Bayesian 
Optimization 

Fe: 
30/36 

83.3% 
0.085% 

Cu: 
29/32 

90.6% 

After Bayesian 
Optimization 

Fe: 
30/36 

83.3% 
0.093% 

Cu: 
28/32 

87.5% 

 

It is evident that applying this improved optical recognition could be used to reduce the Cu 

content of shredded steel scrap, achieving the 0.1wt% limitation for Cu content. Also as 

demonstrated by Table 1-2 for the allowable limits of different steel products, with applying optical 

recognition improved by machine learning after the magnetic separation, commercial and 

structural steel product could be produced with charging 100% sorted automobile scrap as feeding 
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material to the EAF, indicating that the standard automobile scrap could be upgraded and value-

added to the level of those steel products. 

Considering that scrap is currently blended with virgin iron, to dilute the impurity 

concentration, when manufacturing value-added steel products, such as coated strips, the 

improvement shown in Table 8-11, would reduce the needed level of virgin iron, corresponding to 

the energy saving, when accounting for the embedded energy in coal used to produce virgin iron, 

as shown in Table 8-12. 

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

Experiments 

Cu 
wt% 

Before 
Sorting 

Cu wt% 
After 

Sorting 

Cu 
Removal 

Rate 

Reduction of 
Virgin Iron 
per tonne of 
sorted steel 

scrap 

Energy-
saving per 
tonne of 

sorted steel 
scrap [7] 

Training 
with Well-
developed 

CNN 
Architecture 

VGGNet and 
Original 

Photographs 

0.272% 
 

0.193% 0.079wt% 0.428t 5.4GJ 

VGGNet and 
Cropped 

Photographs 
0.191% 0.081wt% 0.443t 5.6GJ 

Xception and 
Cropped 

Photographs 
0.087% 0.185wt% 2.222t 28.2GJ 

Training 
with Self-
built CNN 

Architecture 

Early 
Stopping of 

Optimization 
0.077% 0.195% 2.646t 32.3GJ 

Before 
Bayesian 

Optimization 
0.085% 0.187% 2.298t 29.1GJ 

After 
Bayesian 

Optimization 
0.093% 0.179% 2.011t 25.4GJ 

 

Equation (1-1) can be used to calculate the required virgin iron for diluting Cu content to 

achieve the above removal rate, which could be eliminated if applying the improved optical 

recognition with machine learning for sortation. Also, corresponding 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 could be considered for the optical 

recognition. As mentioned in Chapter 2, the average conveyor speed for camera sensor based 

sorting could be about 1 m/s, which could be further improved to about 4 m/s by applying high 

speed line scan camera with short response time and high resolution. For the researched machine 

learning program with self-built CNN architecture, although the time for testing single photograph 

was about 9s on a regular Linux server, it could be further shortened by utilizing computer with 

high performance in the sorting system and modifying the program, which could achieve batch 

processing for testing the acquired photographs from camera, indicating that it would not be a 

limitation for sorting speed if the improvement by machine learning 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 Cl2-O2 gas at 800 oC 

9.1.1 Motivation 

As discussed in Chapter 2 and Chapter 3, chlorination could be a feasible technology to 

remove Cu considering that chlorine gas could be high reactivity at elevating temperature. The 

major inspiration for this method is that most of the metallic chloride could be volatile at high 

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

 

 

Figure 9-1 Vapor pressure of common metallic chloride 

 
It is evident that both FeCl3 and CuCl2 have a higher vapor pressure and could be volatilized 

at low temperature. However, FeCl3 demonstrates a higher volatility compared to CuCl2. So if the 

chlorination of Fe could be hindered or stopped, a selective separation of Cu could be targeted 

through volatilization in a specific temperature interval. As mentioned in Chapter 2, based on 
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thermodynamic analysis for the phase stability with Cl2-O2 gas system, O2 could be used to stop 

the reaction between Fe and chlorine gas due to the formation of oxide layer on the surface, while 

for Cu the oxidation would not be observed [39]. So for the initial of this removal technology, 

mixture of chlorine and oxygen gas will be used to conduct the exploratory experiments. More 

details for thermodynamic evaluation will be offered to find the optimum temperature and 

composition of reactants. 

9.1.2 Thermodynamic Evaluation 

Envisaged chemical reactions of metal Cu and Fe with chlorine and oxygen gas could be 

represented by Equation (9-1) through (9-8). The values of standard Gibbs free energy change 

(ΔGo) at different temperature are computed by HSC thermochemical software and illustrated by 

Figure 9-2.  

2Cu+Cl2(g)=2CuCl(g)                                                      (9-1)  

Cu+Cl2(g)=CuCl2(g)                                                       (9-2) 

2Cu+O2(g)=2CuO                                                          (9-3) 

CuO+Cl2(g)=CuCl2(g)+1/2O2(g)                                              (9-4) 

Fe+Cl2(g)=FeCl2(g)                                                        (9-5) 

2/3Fe+Cl2(g)=2/3FeCl3(g)                                                  (9-6) 

2/3Fe+O2(g)=2/3Fe2O3                                                     (9-7) 

2/3Fe2O3+Cl2(g)=2/3FeCl3(g)+O2(g)                                         (9-8) 

As we can see, reactions from (9-1) to (9-7) all have a good thermodynamic potential 

(negative ΔGo) at temperature higher than 700 oC, indicating a spontaneous process in the forward 

direction. Only Reaction (9-8) demonstrates a positive ΔGo in the temperature interval. That means 

volatile CuCl2 could be the predominant phase under the atmosphere of chlorine and oxygen gas, 

while Fe2O3 could be the stable phase. Based on the above thermodynamic data, it is desirable to 

conduct the supposed experiments at 800 oC.  
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In order to find the suitable molar ratio of chlorine and oxygen gas, equilibrium 

composition will be computed by HSC at 800 oC to make sure that only volatile CuCl2 could be 

obtained for Cu and Fe2O3 could be the only product for Fe. 

 

 

Figure 9-2 Standard Gibbs free energy change (ΔGo) at different temperature 

 

 

Figure 9-3 Equilibrium Composition with Cu:Cl2:O2=1:2:20 (molar ratio) 
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As shown by Figure 9-3 and Figure 9-4, if the molar ratio of chlorine and oxygen gas could 

be maintained as 1:10, only CuCl2 could be found at 800 oC for Cu, while Fe2O3 could be the major 

product for Fe, in accordance with the prospect of exploring. So based on these thermodynamic 

evaluation, the following experiments could be designed and conducted at 800 oC with a molar 

ratio of 1:10 for the chlorine and oxygen gas.  

 

 

Figure 9-4 Equilibrium Composition with Fe:Cl2:O2=1:2:20 (molar ratio) 

 
9.1.3 Experimental Program  

For the initial experiments, a horizontal tube furnace was used to carry out the reaction 

between the sample and gas phase, as shown by Figure 9-5 and 9-6 for the configuration. 

Controlling the molar ratio of chlorine and oxygen gas could be achieved by adjusting their 

corresponding flowrates during the experiment. So multitube rotameter was used to control the 

flowrate of chlorine and oxygen gas and maintain a good mixing for the gas phase before 

introducing into the furnace. Argon gas was used to purge the air out of the furnace before the 

experiment and maintain protective atmosphere after the reaction with mixture gas of Cl2-O2. 

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

temperature for the condensing of volatile product carried by the gas flowing. 

 

 

Figure 9-5 Schematic view of chlorination experiment 

 

 

Figure 9-6 Practical configuration of chlorination experiment 

 
As characterized physically and chemically in Chapter 5, the occurrence of Cu impurities 

in collected automobile scrap sample is the combination of isolated Cu impurities and Cu alloyed 

in Fe shreds. Since this removal technology will be conducted at 800 oC, which is lower than the 

melting point of Cu and Fe, so its feasibility should be assessed for both two types of Cu impurities. 

Based on this concern, pure Cu sheet sample was used to represent the type of isolated Cu 
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impurities and Fe-Cu alloy sample collected from the melting experiment for Cu motor and wire-

entangled piece was used to represent the type of alloyed Cu. Detailed experimental programs are 

listed by Table 9-1. 

 
Table 9-1 Details for chlorination experiments 

Experiment Sample Gas Temperature Dwelling Time 

(1) 
Cu sheet:0.94g 
Fe sheet:0.99g 

Chlorine 800 oC 20min 

(2) 

Cu sheet: 0.93g 
Fe sheet: 1.01g 

Chlorine 
and Oxygen 

800 oC 20min 

Cu sheet: 0.95g 
Fe sheet: 1.10g 

Chlorine 
and Oxygen 

800 oC 60min 

(3) 

Fe-Cu alloy from melting 
experiment for wire-entangled 

piece: 0.5g 
Fe-Cu alloy from melting 

experiment for Cu motor: 0.7g 

Chlorine 
and Oxygen 

800 oC 60min 

 

9.1.4 Results 

(1) Initial experiment with chlorine gas at 800 oC 

To have a better understanding for reactions among metal Cu and Fe with chlorine gas, 

only chlorine gas was introduced to the tube furnace when it was ramped up to the designed 

temperature 800 oC without controlling the flowrate. Within about 5 minutes for introducing the 

chlorine gas, a sudden increase of gas bubbling was observed in the scrubber with NaOH solution 

as well as a color changing, indicating that the whole reacting process finished rapidly in a short 

time and part of the volatile product, which was carried by gas flowing, dissolved into the NaOH 

solution. As shown in Figure 9-7, Cu and Fe sheet were both totally volatilized after the 

experiment. Most of the volatile product was collected from the output end of tube furnace, as 

shown by Figure 9-8. A very small amount of solid substance was found in the scrubber after 

filtration, which could be the precipitate of Fe(OH)3 (see Figure 9-9 on page 102). 
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Figure 9-7 Cu and Fe sheet sample before and after experiment with chlorine gas 

 

 

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

 

(2) Initial experiment with the mixture of chlorine and oxygen gas at 800 oC 

As proved by the result of experiment (1), chlorine gas could not be used directly for the 

removal of Cu impurities due the rapid reactions with both Fe and Cu. Based on above 
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thermodynamic analysis, with the mixture of oxygen gas, Fe2O3 could be gradually formed to stop 

the further reaction with gas phase for Fe sheet. So the flowrate ratio of chlorine and oxygen gas 

was maintained at 1:10 according to analysis of equilibrium composition, since the molar ratio is 

equal to volume ratio for gases. This experiment was conducted with pure Cu and Fe sheet, as 

shown by Figure 9-10, through introducing the mixture gas about 20 minutes after achieving the 

temperature of 800 oC to explore the feasibility to remove isolated Cu impurities.  

 

 

Figure 9-9 NaOH solution in scrubber after the experiment 

 

Oxidation of Fe sheet could be observed, while no obvious reaction for Cu sheet with 

chlorine gas could be inspected, as shown in Figure 9-11. Also the weight of Fe sheet only had 

0.01g increase and there is no distinct change of the weight of Cu sheet. The possible reason could 

be the insufficient introducing time of mixture gas, especially for chlorine gas, considering that 

the majority of mixture gas was oxygen.  
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Figure 9-10 Sample before chlorination experiment with Cl2-O2 gas (20 minutes) 

 

  

Figure 9-11 Sample after chlorination experiment with Cl2-O2 gas (20 minutes) 

 

Based on above concern, another experiment was conducted similar as experiment (2) with 

introducing the mixture gas about 60 minutes. Oxidation of Fe sheet could be observed, while 

0.95g Cu sheet got totally volatilized after the experiment, as shown in Figure 9-12. 
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Figure 9-12 Cu and Fe sheet sample before and after chlorination experiment with Cl2-O2 gas 

 

Solid substance could be collected from the output end of ceramic tube and the rubber tube 

connecting the furnace and scrubber. Through dissolving in DI water, blue solution could be 

observed with the adding of NaOH, as shown in Figure 9-13, indicating the existence of Cu2+ ion. 

Due to the adding of high concentrated NaOH, formed Cu(OH)2 precipitate could further dissolve 

into the solution. We can still conclude that volatile CuCl2 was collected as product, though no 

precipitate could be observed 

 

 

Figure 9-13 Solution: dissolving collected solid in Water & adding NaOH 
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For Fe sheet, the weight changed from 1.10g to 0.9g after the experiment. Besides of the 

oxidation, part of the weight loss could be attributed to the minor reaction with chlorine gas. This 

could also be proved by the reddish-brown precipitate found in the solution with DI water after 

enough standing time, as shown in Figure 9-14. The possible reason could be attributed to the 

inaccurate controlling of flowrate, which fluctuated during the whole experiment and was hard to 

maintain a stable controlling for the designed ratio. 

 

 

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

 
(3) Initial experiment with Fe-Cu alloy collected from the completed melting experiment 

Similar operation as the above second experiment with the mixture of chlorine and oxygen 

gas, two Fe-Cu alloy samples collected from the melting experiment for Cu motor and wire-

entangled piece were applied to explore the feasibility to remove alloyed Cu. After experiment, 

layer of oxidation could be observed, as shown in Figure 9-15. Then these two samples were 

digested entirely by aqua regia to facilitate the AAS analysis. Detailed results of AAS analysis are 

shown in Table 9-2 with the calculation of Cu loss. It is highly possible that the loss of Cu could 

be just attributed to the minor reaction on the surface. No significant Cu removal could be observed 

for alloy sample. 
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Figure 9-15 Fe-Cu alloy sample before and after chlorination experiment with Cl2-O2 gas 

 
Table 9-2 Detailed results of AAS analysis for experiment with Fe-Cu alloy sample 

Sampl
e 

Before Experiment After Experiment 
Weight 
Loss of 

Cu/g 

Weight 
Loss of 

Fe/g 
Weight/

g 

Cu 
Content 

/wt% 

Cu 
weight 

/g 

Weight 
/g 

Cu 
Content 

/wt% 

Cu 
weight 

/g 

#1 0.5g 4.44wt% 0.0222g 0.3g 
4.71wt

% 
0.01413

g 
0.00808

g 
0.18587

g 

#2 0.7g 
29.01wt

% 
0.20307

g 
0.5g 

30.1wt
% 

0.1505g 
0.05257

g 
0.147g 

 

9.1.5 Conclusion 

Based on above experimental results and further analysis, this method demonstrates good 

feasibility to remove isolated pieces of Cu impurities, while potential for removing alloyed Cu 

from steel scrap could still need to be discussed. Maybe increasing the processing time with 

chlorine and oxygen gas could further improve the removal rate of alloyed Cu, since diffusion of 

Cu element to the surface could be the controlling step for the reaction with chlorine gas. However, 

considering the corrosive property of chlorine gas and the loss of Fe due to oxidation, it is not 

desirable for the further improvement. Also its economic feasibility 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-SiO2-CaCl2 at 1600 oC 

9.2.1 Motivation 

As demonstrated by the research on the first candidate with chlorination technology, for 

the removal of alloyed Cu, mass diffusion in solid state for Cu could be slower and not favorable 

for further chemical reaction compared to the diffusion in molten state, indicating the limitation of 

this technology. Also considering the well-developed steelmaking process, preparation of molten 

Fe metal from EAF is indispensable for the further treatment to produce steel product with high 

grade. Based on these factors, it is highly possible to conduct specific chemical reactions between 

the molten metal and slag phase to achieve the removal target of Cu impurities, similar as the 

removal of other impurities in steelmaking. Slag-metal reaction at high temperature has been 

commonly used to remove impurities from the molten metal through applying appropriate 

chemicals as slag phase [114]. For example, this type of reaction has been applied for the process 

of desulfurization and dephosphorization for steelmaking industry [115], as well as the purification 

of silicon [116]. Also slag phase is of great importance to the secondary copper smelting and entire 

production loop.  

As discussed in Chapter 2, different types of slag have been researched for removing Cu 

impurities. Besides of the consideration for extra energy consumption, FeO-SiO2-CaCl2 slag could 

be a more desirable option to remove the Cu impurities as CuCl through multiple continuous 

reactions [54]. Furthermore, CuCl could become volatile at high temperature, considering that its 

boiling point is 1490oC.  

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

Chemical Composition (wt%) 

FeO 10-40% 
CaO 22-60% 

SiO2 6-34% 

Al2O3 3-14% 
MgO 3-13% 

 

Also the common chemicals of industrial EAF slag include FeO, SiO2 and CaO, as shown 

by Table 9-3 for the corresponding composition, indicating the possibility of incorporating this 
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removal technology to the EAF smelting process. So through adding CaCl2 to the slag phase during 

EAF smelting, the removal of Cu might be targeted if this technology could be proved with good 

feasibility. Also the charging of CaCl2 might not affect the basicity of slag phase significantly 

since it could be consumed mostly with the happening of all the supposed reactions. More details 

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

9.2.2 Thermodynamic Evaluation 

At molten state, liquid metal and slag phase could be treated as solution, referring to the 

application of solution thermodynamics. As shown by Figure 9-16 for the activity of Cu in the 

binary Fe-Cu system at 1600oC [118], the Cu solute exhibits positive deviation from Raoultian 

behavior, indicating that the Fe-Cu bond energy is less negative than the Cu-Cu and Fe-Fe bond 

energies. So the existence of Cu in the molten steel could be treated as immiscible state. But 

considering the average low content of Cu in steel scrap, it is difficult to achieve the phase 

separation with two immiscible metal. Also it is evident that this binary solution could be treated 

as infinite dilution for the Cu solute, leading to low Cu activity. 

 

 

Figure 9-16 Thermodynamic activity of Cu in the Fe-Cu binary system at 1600oC 
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As shown by Figure 9-17 for the mechanism of this technology, envisaged reactions 

between the Cu impurity and slag phase could be represented by Equation (9-9) through (9-13). 

Their corresponding values of standard Gibbs free energy changes (ΔGo) at 1600oC are computed 

by HSC thermochemical software and demonstrated beside each reaction. 

 ΔGo (1600oC)  

Cu + 0.5FeO = 0.5Cu2O + 0.5Fe 12.454 kcal/mol Cu (9-9) 

Cu2O + CaCl2 = 2CuCl + CaO 1.971 kcal/mol Cu2O (9-10) 

CuCl = CuCl(g) -1.108 kcal/mol CuCl (9-11) 

CaO + SiO2 =  CaSiO3 -21.809 kcal/mol Cao (9-12) 

Cu + 0.5FeO + 0.5CaCl2 + 0.5SiO2 = CuCl(g) + 
0.5CaSiO3 + 0.5Fe 

1.427 kcal/mol Cu  (9-13) 

 

 

Figure 9-17 Schematic view of slagging experiment 

 
Reaction (9-9) has a positive ΔGo at 1600oC, indicating a less thermodynamically 

feasibility in the forward direction. Although Reaction (9-10) has a less positive ΔGo at 1600oC, if 

considering the volatilization of CuCl, which has a negative ΔGo at 1600oC and could be more 

negative with the increasing of temperature, and the happening of Reaction (9-12) with high 
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thermodynamically feasibility, the overall reaction (9-13) of this removal technology could be 

highly possible to proceed in the forward direction, while it still shows a less positive ΔGo at 

1600oC. This could also be proved by the analysis of equilibrium composition by HSC. 

 

 

Figure 9-18 Equilibrium Composition with Cu:FeO:CaCl2:SiO2=1:0.5:0.5:0.5 (molar ratio) 

 

 

Figure 9-19 Equilibrium Composition with Cu:FeO:CaCl2:SiO2=1:1:1:1 (molar ratio) 

 

500 700 900 1100 1300 1500 1700 1900
0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0

        

File: C:\HSC5\Gibbs\GibbsIn.OGI

C

kmol

Temperature

Cu

CuCl(g)

CaCl2

FeO

SiO2
CuCl

Fe

CaSiO3

CaO

500 700 900 1100 1300 1500 1700 1900
0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0

        

File: C:\HSC5\Gibbs\GibbsIn.OGI

C

kmol

Temperature

CaCl2

FeO

SiO2

Cu

CuCl(g)

CuCl

Fe

CaSiO3

CaO



 

111 

 

As shown by Figure 9-18, if the stoichiometric molar ratio of the reaction (9-13) could be 

maintained, CuCl could be obtained as slag phase, indicating the removal of Cu. No Cu2O is 

identified in the product, indicating the rapid reaction between Cu2O and CaCl2. However, the 

volatilization of CuCl requires a higher temperature than 1600oC, which might pose a limitation 

for the ongoing of this process and the final removal rate of Cu.  

If slag phase with excess FeO, CaCl2 and SiO2 is applied for the computation, as shown by 

Figure 9-19, the equilibrium composition of CuCl gets increased. But the initial of CuCl 

volatilization doesn’t get improved. If a lower pressure could be maintained, such as 0.1bar, as 

shown by Figure 9-20, the volatilization of CuCl initiates at lower temperature, showing a higher 

removal rate of Cu.  

 

 

Figure 9-20 Equilibrium Composition with Cu:FeO:CaCl2:SiO2=1:0.5:0.5:0.5 (molar ratio)  
     at 0.1bar 
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standard boiling point of CuCl is 1490oC, volatile CuCl might be found with the experimental 

exploration. 

9.2.3 Experimental Program 

Fe-Cu alloy samples collected from the melting experiment for Cu motor and wire-

entangled piece, as shown in Figure 5-10, were adopted for the exploratory experiments with a 

box furnace. Slag phase was prepared in accordance with the molar ratio of FeO, SiO2 and CaCl2 

as 1:1.5:1.5, maintaining excess FeO for Reaction (9-9) based on the estimated Cu content of the 

sample through AAS analysis. Detailed weights of metal sample and slag are shown in Table 9-4. 

Also protective atmosphere with argon gas could be applied to hinder the oxidation of Fe and 

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

 
Table 9-4 Detailed weights of metal sample and slag 

Sample Metal 
Slag Composition 

FeO CaCl2 SiO2 

#1 14.1g 1.02g 2.36g 1.28g 

#2 9.9g 2.01g 4.66g 2.54g 

 

9.2.4 Results 

For the initial experiment, alumina crucible was used to contain the metal sample and 

chemicals prepared for the slag phase. The furnace was heated up to 1600 oC and dwelled at this 

temperature for about 40 minutes with the flowing of argon gas. After cooling down, metal could 

be collected from the crucible, as shown in Figure 9-21. 
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Figure 9-21 Collected metal after slagging experiment 

 
Then whole piece of collected metal was digested by aqua regia for AAS analysis. Detailed 

results are shown in Table 9-5. 

 
Table 9-5 Detailed results of AAS analysis for the collected metal 

Sample 
Before Experiment After Experiment Weight 

Loss of 
Cu 

Cu 
Removal 

Rate 
Weight 

Cu 
Content 

Cu 
weight 

Weight 
Cu 

Content 
Cu 

weight 

#1 14.1g 4.41wt% 0.622g 3.6g 11.24wt% 0.405g 0.217g 34.89% 

#2 9.9g 
29.82wt

% 
2.952g 3.4g 65.49wt% 2.227g 0.725g 24.56% 

  

XRD analysis for the obtained slag phase after experiment was conducted to confirm the 

existence of CuCl. As shown by Figure 9-22, the corresponding XRD pattern contained three 

diffraction peaks at 2θ = 28.5o, 33.1o, and 56.3o, which could be indexed to CuCl [119]. Also 

CaSiO3 could be detected with the diffraction peak at 2θ = 27.8o [120]. The results of XRD analysis 

could be consistent with the above thermodynamic evaluation. 
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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 AAS analysis, this method demonstrates 

good feasibility to remove Cu impurities. But due to the insufficient sealing and large space of the 

furnace, it is difficult for the inputting Ar gas to maintain adequate pressure as the protective 

atmosphere. So the oxidation of Fe could be observed. Meanwhile if volatile CuCl was produced, 

the collection could be impossible with this furnace.  

Also, as shown in Figure 9-23, alumina crucible reacted with FeO before the melting of 

Fe-Cu alloy sample, considering the longer ramping up time (13 hours), leading to the 

impossibility of quantitative analysis for the collected slag phase.  

All these factors could significantly affect the proceeding of reactions, resulting in a lower 

removal rate of Cu. We could still conclude that this result could be further improved with good 

atmosphere control, suitable crucible for the slag phase and designed 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 chemical removal technologies, this method 

demonstrates good feasibility to remove isolated pieces of Cu impurities, while potential for 

removing alloyed Cu from steel scrap could still need to be discussed considering that the diffusion 

of alloyed Cu to the surface could be the controlling step for the reaction with chlorine gas. On the 

other hand, considering the corrosive property of chlorine gas and the loss of Fe due to oxidation, 

it is not desirable for the further improvement.  

For slagging method, as another identified chemical removal technology, this method 

demonstrates well technically viability to remove Cu impurities. But due to the insufficient sealing 

and large space of applied furnace, the oxidation of Fe could be observed and the collection of 

volatile CuCl could be impossible. Also suitable crucible should be selected based on the 

composition and basicity of the slag phase. All these factors could affect the proceeding of 

reactions, leading to a lower removal rate of Cu. So this candidate will be identified to further 

investigate and build the kinetic understanding. Then on the basis of theoretic analysis, an 

apparatus to facilitate this technology will be proposed for future work 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-CaCl2-SiO2 

10.1 Introduction 

As discussed in Chapter 9, this technology is aimed at involving the proceeding of 

supposed pryometallurgical reactions between the metal and slag phase at 1600oC to achieve the 

removal of Cu impurity. Since both metal and slag phase at this high temperature could be treated 

as liquid solution, for metal-slag reaction, this process could be interpreted as two immiscible 

liquid phases with an element M being transferred at the metal-slag interface [121]. Then, to 

proceed the interfacial chemical reaction, such as 

[M] + (AOx) = (MOx) + [A]                                              (10-1) 

three major steps need to take place, including: 

(a) reactants transport separately from the metal phase and slag phase to the interface; 

(b) heterogeneous liquid-liquid reactions occur at the interface; and 

(c) products transport separately from the interface to the corresponding liquid phase. 

Therefore, the kinetics of the overall metal-slag reaction could be controlled and affected 

by any one of those three steps, or there could be the mixed control. The above three events could 

be demonstrated schematically by Figure 10-1, as explained by the double-film theory [122]. 

On the other hand, liquid slag phase belongs to ionic melt by its very nature, indicating that 

the mechanism of metal-slag reaction could be explicated by the principle of electrochemistry, 

since the metal-slag reaction involves the transfer of electrons during the process [123]. For 

example, from the electrochemical aspect, the sequence for Reaction (10-1) could be explained as 

follows: 

(a) M transfers from the bulk of the metal phase to the interface; 

(b) A2x+ transfers from the bulk of the slag phase to the interface; 

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

whereas A2x+ undergoes reduction with the obtaining of electrons; and 
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(d) M2x+ transfers from the interface back to the bulk of the slag phase, while A transfers 

back to the bulk of metal phase. 

 

 

Figure 10-1 Schematic of metal-slag reaction 

 
Based on this theory, Guo et al. [124] has attempted to apply electrochemical analysis to 

build a kinetic model for metal-slag reaction. They introduced a parameter of driving force related 

to the electrochemical potential of the metal-slag system, leading to the equation for the total mole 

amount of transferred electrons and reacted reactant. Then they applied the kinetic model to the 

desulfurization of iron melt, which showed a good agreement. During the calculation, they 

assumed that the interfacial chemical reaction could be the rate controlling step. But considering 

the high temperature, it is highly probable that the mass transfer from bulk phase to the interface 

could be the controlling step.  

Robertson et al. [125] researched the kinetic model for multiple reactions involving 

multiple components. This coupled kinetic model was built particularly to evaluate the 

dephosphorization and desulfurization processes for steelmaking. They assumed that the 

interfacial chemical reaction achieved equilibrium and mass transfer from bulk phase to the 

interface could be the rate controlling step. Fu et al. [126] applied and modified this model to the 

dephosohorization of stainless steel through oxidation. 
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As discussed in Chapter 2, sodium sulfide slag could be used to remove Cu impurity from 

steel scrap. Okazaki et al. [123] established a mathematical model for the decoppering with sodium 

sulfide slag according to the basis of coupled model from Robertson in the sense of both kinetic 

and thermodynamic evaluation. He also included the gas phase into the model and suggested that 

the comprehensive model he built could be possible to be applied for the decopperization process 

with sulfide and oxide slag. 

For our work, as demonstrated by the experimental results in Chapter 9, the applied slag 

phase could be treated as oxide slag since Cu got oxidized in the Reaction (9-9). If considering the 

volatilization of CuCl, gas phase might also need to be include into this process. So it is viable to 

conduct a kinetic analysis for the metal-slag reaction specified to this work through some 

modification to the calculation demonstrated by Okazaki [123]. More details will be presented in 

the following parts. 

10.2 Assumption and Formulation 

On the basis of the supposed reactions and thermodynamic analysis, three 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, CaCl2, SiO2, CaO, CuCl 

Gas CuCl 
 

The formulation is based on the general governing equations, including chemical equilibria 

at the metal and slag interface and mass balance. For the slag and gas phase, it is simply involved 

the volatilization of CuCl, which might not be distinct at 1600oC and could be rapid if it happens. 

Following assumptions are purposed for the formulation: 

(a) Mass transfer in the boundary layer of metal-slag interface is the rate controlling step. 

(b) The bulk of metal and slag phase is mixed very well without gradient of concentration. 

(c) Chemical equilibria with steady state are maintained at the metal-slag interface. 

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

Then based on above understanding of metal-slag reaction and assumptions specified to 

this work, the overall process of the slagging technology could be further divided into the following 

eight steps: 

(1) Transferring of Cu and FeO from the bulk of metal and slag phase respectively to the 
boundary layer of metal-slag interface 

(2) Proceeding of reaction between Cu and FeO at the slag-metal interface 

(3) Chemical equilibria of reaction between Cu and FeO at the slag-metal interface 

(4) Transferring of Fe and Cu2O back to the bulk of metal and slag phase respectively 

(5) Proceeding of reactions among Cu2O, CaCl2 and SiO2 in the bulk of slag phase 

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

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

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

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

demonstrated by Figure 10-2 for the boundary layer of metal-slag interface [127]. 

 

 

Figure 10-2 Schematic diagram of boundary layer of the metal-slag interface 
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The remaining steps are all dependent on the taking place of first four steps, especially for 

the first and second steps. As discussed in Chapter 9 for the thermodynamic potential of related 

chemical reactions, though the overall reaction still has a less positive ΔGo, the analysis of 

equilibrium composition could prove the forwarding of supposed reactions at 1600oC. So we can 

assume that the first step could be the rate controlling step of the overall process. Also in order to 

support the assumption (e), if the volatilization occurred, volatile CuCl could be transported by the 

gas flowing with inert gas. Furthermore, a condensing apparatus could be applied to collect the 

volatile for the accurate kinetic calculation.   

10.2.1 Chemical Equilibria 

At 1600oC, Reaction (9-9) between Cu and FeO has a pivotal role in the initial of the whole 

removal process. Also as described above for step (4) and (5), we assume that only reaction (9-9) 

happens at the metal-slag interface, indicating the local equilibrium. So this reaction should be 

given top priority for the analysis of chemical equilibria.  

For Reaction (9-9),  

2[Cu]+(FeO)=(Cu2O)+[Fe] 

It can be further explained as the oxidation of Cu. The chemical equilibrium of this reaction 

could be described by the equilibrium constant with the thermodynamic activity in Equation (10-

2). 

KCu=
a(Cu2O)×a[Fe]
a(FeO)×a[Cu]2                                                        (10-2) 

So for specific temperature, such as 1600oC, the equilibrium constant is also dependent on 

the selected state of involved species for calculating the activities. 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 solute [128] 

(c) Fe in the metal phase: Raoultian state as solvent 
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Applying these selections for the state, the activity of all the species involved in the 

Equation (10-2) could be expressed by Equation (10-3) to (10-6). 

a(FeO)= γFeO×XFeO                                                     (10-3) 

a(Cu2O)= γCu2O×XCu2O                                                    (10-4) 

a[Fe]= γFe×XFe                                                         (10-5) 

a[Cu]= fCu×[%Cu]                                                      (10-6) 

Then these expressions are substituted for activities into Equation (10-2), the equilibrium 

constant could be given by Equation (10-7). 

KCu=
γCu2O×XCu2O×γFe×XFe

γFeO×XFeO×(fCu×[%Cu])2                                                (10-7) 

On the other hand, the thermodynamic equilibrium could be interpreted as the distribution 

of Cu between the liquid Fe and molten slag. So distribution coefficient LCu is applied for the 

Reaction (9-9), as expressed by Equation (10-8) [129]. 

LCu= (%Cu)[%Cu]                                                           (10-8) 

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

removing process, respectively.  

Also, the distribution coefficient could be modified and defined as Equation (10-9). 

LCu= (xCu)[xCu]                                                             (10-9) 

where (xCu) and [xCu] represent the mole fraction of Cu in the slag and metal phase after the 

removing process, respectively.  

However, if considering to substitute the expression of equilibrium constant into the 

distribution coefficient for Cu, it is unable to obtain a meaningful expression of LCu with just KCu 

and the activity coefficient for the calculation, since ([%Cu])2 is introduced in the equation for 

KCu. With this concern, in terms of mole fraction, effective equilibrium constant [130] is applied 

with the definition as Equation (10-10). 
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KCu
eff =

XCu2O×XFe

XFeO×(XCu)2                                                      (10-10) 

Then this effective equilibrium constant could be further expressed by the transformation 

of Equation (10-7) for equilibrium constant, as demonstrated by Equation (10-12), considering the 

binary system of Fe-Cu solution. 

[%Cu]= 100XCu×MWCu
MWFe

                                                  (10-11) 

KCu
eff =KCu× 1002γFeO×fCu

2×MWCu
2

γCu2O×γFe×MWFe
2                                             (10-12) 

For effective equilibrium constant, the activity coefficients for Cu at 1wt% standard state 

and the activity coefficient for FeO, Cu2O and Fe at Raoultian state could be calculated or 

estimated with available thermodynamic date or literatures. Also KCu is fixed at certain 

temperature. That means the value of KCu
eff  could be calculated at 1600oC for this calculation. 

10.2.2  Mass Balance 

During the transferring process of Cu from the metal phase to the slag, the molar flux from 

the metal phase to the interface is: 

JCu=km(CCu
b -CCu

* )                                                    (10-13) 

  The molar flux from the interface to the slag phase is: 

JCu2O=k
s
(CCu2O

* -CCu2O
b )                                               (10-14) 

When the transferring of Cu achieves steady state, 

JCu=2JCu2O                                                         (10-15) 

Also the relation between the molar concentration of components and their mass fraction 

could be expressed by: 

Ci=
[%i]ρm

100WMi
   (for metal phase)                                          (10-16) 

Ci=
(%i)ρs

100WMi
   (for slag phase)                                           (10-17) 
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So Equation (10-18) could be applied: 

JCu=FCu{[%Cu]b-[%Cu]*}=2FCu2O{(%Cu2O)*-(%Cu2O)b}                   (10-18) 

FCu= kmρm
100MWCu

                                                       (10-19) 

FCu2O= ksρs
100MWCu2O

                                                    (10-20) 

Similar as above, the molar flux of Fe could be expressed as follows: 

JFe=FFeO{(%FeO)b-(%FeO)*}=FFe
{[%Fe]*-[%Fe]b}                       (10-21) 

FFe= kmρm
100MWFe

                                                        (10-22) 

FFeO= ksρs
100MWFeO

                                                      (10-23) 

From Equation (10-18), (%Cu2O)*could be calculated as follows: (%Cu2O)*=(%Cu2O)b+ FCu
2FCu2O

{[%Cu]b-[%Cu]*}                           (10-24) 

According to Reaction (9-9) for every 2 mol Cu consumed, 1 mol Fe produced. Therefore, 

JCu=2JFe                                                           (10-25) 

So (%FeO)*and [%Fe]*could be calculated as follows: (%FeO)*=(%FeO)b- FCu
2FFeO

{[%Cu]b-[%Cu]*}                              (10-26) 

[%Fe]*=[%Fe]b+ FCu
2FFe

{[%Cu]b-[%Cu]*}                                (10-27) 

Those equations indicate that the interfacial concentration of other species could be 

expressed as the function of corresponding bulk concentration, mass transfer coefficients and the 

interfacial concentration of Cu. For Equation (10-10) of effective equilibrium constant, 

considering the interfacial concentration, it could be updated as follows: 

KCu
eff =

XCu2O
* ×XFe

*

XFeO
* ×(XCu

* )
2                                                     (10-28) 
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Then we could transform Equation (10-28) as expressed by mass fraction. For the binary 

system of Fe-Cu solution, Equation (10-29) is applied for relating the mole fraction and mass 

fraction of Fe in metal phase. 

XFe= [%Fe]×MWCu
100MWFe

                                                     (10-29) 

For slag phase, since it consists of three components. So general Equation (10-30) is 

applied for relating the mole fraction and mass fraction. 

Xi=
(%i)ρs

100MWiCs
   (for slag phase)                                          (10-30) 

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

KCu
eff = (%Cu2O)*×[%Fe]*(%FeO)*×([%Cu]*)2 × 100MWFeOMWCu

3

MWCu2OMWFe
3 =KCu× 1002γFeO×fCu

2×MWCu
2

γCu2O×γFe×MWFe
2                  (10-31) 

(KCu
eff )'= (%Cu2O)*×[%Fe]*(%FeO)*×([%Cu]*)2 =KCu× γFeO×fCu

2

γCu2O×γFe
×

100MWCu2OMWFe

100MWFeOMWCu
                      (10-32) 

That indicates that the value of (KCu
eff)' could be calculated at 1600oC for this calculation. 

By substituting Equation (10-24), (10-27) and (10-28) into Equation (10-32), it is possible 

to obtain one algebraic equation in terms of just one unknown parameter, namely the interfacial 

concentration of Cu, as shown by Equation (10-33). 

(KCu
eff )'=

(%Cu2O)b+ FCu
2FCu2O

{[%Cu]b-[%Cu]*}(%FeO)b- FCu
2FFeO

{[%Cu]b-[%Cu]*} ×
[%Fe]b+ FCu

2FFe
{[%Cu]b-[%Cu]*}

([%Cu]*)2                  (10-33) 

The mass transfer coefficient related to metal and slag phase could be calculated by 

available thermodynamic data or found from related literatures. So Equation (10-33) could be 

solved by the computational software using the initial composition of meal and slag phase. Also 

as proved by analysis of equilibrium composition in Chapter 9, no Cu2O could be observed in the 

final product, indicating the rapid forwarding of Reaction (9-10). So the bulk composition of Cu2O 

in slag phase could be treated as 0. 

As a result, the interfacial concentration of Cu could be obtained from the solution of 

Equation (10-33), as well as the interfacial concentration of FeO. It is then possible to estimate the 
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new bulk concentration of components after a time increment in accordance with following 

Equation (10-34) and (10-35). 

For the mass transfer in metal phase: 

- d[%M]
dt

=km
A

Vm
([%M]b-[%M]*)                                         (10-34) 

For the mass transfer in slag phase: 

- d(%M)
dt

=ks
A
Vs

((%M)b-(%M)*)                                          (10-35) 

Considering the weight change, the above equations could be further manipulated as 

follows: [- ∆WM
∆t

]
m

=km
Aρm
100

([%M]b-[%M]*)                                      (10-36) 

[- ∆WM
∆t

]
s
=ks

Aρs
100

((%M)b-(%M)*)                                        (10-37) 

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

- d[%Cu]
dt

=km
𝐴𝑉𝑚 ([%Cu]b-[%Cu]*)                                       (10-38) 

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

follows: ∫ d[%Cu]
[%Cu]-[%Cu]* = ∫ (-km

A
Vm

) tt
0

[%Cu]
[%Cu]0                                         (10-39) 

In [%Cu]-[%Cu]*

[%Cu]0-[%Cu]* = (-km
A

Vm
) t                                             (10-40) 

where [%Cu]0 is initial mass concentration of Cu in metal phase. Then the relationship between 

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 applied parameters for the calculation 

should be estimated based on available thermodynamic data or related researches. 
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Table 10-2 Parameters required for the mathematic calculation 

Description Paprameters 

Initial bulk composition of elements in the metal 
and slag phase 

[%Cu]0, [%Fe]0, [%Cu2O]0, [%FeO]0 

Density of the metal and slag phase ρm, ρs 

Mass transfer coefficient of metal and slag phase km, ks 
Equilibrium constant of reaction (7-9) KCu 

Activity coefficient of elements fCu, γFe, γCu2O, γFeO 

 

10.3.1  Equilibrium Constant 

As demonstrated in Chapter 9, the equilibrium constant of Reaction (9-9) could be 

calculation based on the obtained value of Gibbs free energy change at 1600oC from HSC. But 

since we apply 1wt% standard state to the solute Cu, the Gibbs free energy changes (ΔG) from Cu 

solution to 1wt% solution in liquid Fe must be considered, as shown by Equation (10-41). 

Cu = [Cu](1wt%)                                                                                (10-41) 

ΔG = 7.999-0.0094T (kcal/mol Cu)                                     (10-42) 

Then the reaction between Cu at 1wt% standard state and FeO could be expressed as follows: 

2[Cu](1wt%) + FeO = Cu2O + Fe (1600oC)                                (10-43) 

ΔG = 34.515 kcal                                                    (10-44) 

KCu = 9.38×10-5                                                                               (10-45) 

10.3.2  Activity coefficient of metal components 

For the solute Cu in binary Fe-Cu solution, due to low content as characterized in chapter 

5, it could be classified as infinite dilution. Considering the application of 1wt% standard state, we 

could treat the value of corresponding activity coefficient ƒCu as 1. But, from the aspect of 

accuracy, as researched by UV Choudary et al. [131] for the activity coefficient in the Fe-Cu 

system at 1600oC, the resulting equations are listed as follows: 

In(fCu)=2.25XFe
2 -0.19                                                 (10-46) 

 In(γFe)=2.25XCu
2                                                      (10-47) 
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If scrap sample with average Cu content is applied for the calculation, detailed estimation 

could be found in Table 10-3. For solvent Fe at Raoultian state, we could assume the value of 

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

 
Table 10-3 Estimated Cu and Fe activity   

Element 
Weight 
percent 

Mole fraction 
Activity 

coefficient 
Activity-infinite 

dilution state 
Activity-1wt% 
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 system. Generally, other elements as dilute 

solutes, such as Si, Mn, S, P, and C could be found in the steel product. As a result, the calculation 

of activity coefficient could be complicated with the involving of the interaction parameters, as 

shown by Equation (10-48) [132].  

logfi= ∑ ei
j[%j]j                                                       (10-48) 

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

parameters of Cu with other solutes are shown by Table 10-4 [133].  

 

Table 10-4 Detailed interaction parameter of Cu with other solutes 

Element 
(i) 

Element (j) 

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 activity of FeO in the steelmaking 

slag with adding CaCl2, they concluded that the effects of CaCl2 on the activity of FeO in the basic 

FeO-CaO slag system was negligible. Based on this consideration, it is acceptable to simplify the 

applied slag phase to FeO-SiO2 system in order to evaluate the activity of FeO. As shown by Figure 

10-3 for binary FeO-SiO2 system, the activity of FeO could be estimated based on the adjusted 

composition of slag phase without CaCl2 [133]. 
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Figure 10-3 Activity of FeO-SiO2 system 

 

 

Figure 10-4 FeO activity in FeO-CaO-SiO2 system 

 



 

129 

 

Also, if CaO is added to the slag phase to improve the property of the slag phase, such as 

the melting point and viscosity, Figure 10-4 could be applied for estimating the activity of FeO in 

FeO-CaO-SiO2 system [133]. 

Since no available thermodynamic data could be found for the effects of CaCl2 on the 

activity of Cu2O, only FeO-SiO2 slag system will be applied to evaluate the activity coefficient of 

Cu2O. As researched by Hector Henao et al. [135] for the Cu2O-FeO-SiO2-CaO slag system, the 

activity coefficient of Cu2O would not change significantly in this slag system with a low 

concentration of Cu2O. Equation (10-49) was obtained to fit the experimental values for the 

temperature at 1250oC without involving CaO in the slag. 

γCuO0.5
=0.808+1.511 (%FeO)

(%SiO2)
                                            (10-49) 

  Also as proposed by Lumsden [136], it is reasonable to assume that the activity of Cu2O 

could be described and evaluated as regular solution. So Equation (10-50) and (10-51) could be 

applied to calculate the activity coefficient of Cu2O at different temperature. 

RT1Inγi=RT2Inγi                                                    (10-50) 

γCuO0.5
(1873K)=e0.813InγCuO0.5(1523K)                                        (10-51) 

As a result, we could apply this equation for estimating the activity coefficient of Cu2O, 

since CuO0.5 and Cu2O could be treated as one species. 

10.3.4 Mass transfer coefficient of metal and slag phase 

No available data for the mass transfer coefficient of Cu in steel could be found from the 

literatures. Also considering the relative lower content of Cu, it is reasonable to apply the 

conventional mass transfer coefficient of the metal phase (Fe) for the calculation. As reported by 

Masahiro Kawakami et al. [137] for the melting of steel scrap in molten steel bath, the mass 

transfer coefficient of the molten steel could be estimated as about 2×10-4m/s. But this value could 

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

For the mass transfer coefficient of slag phase, as reported by Shin-ya et al. [138], Equation 

(10-52) could be applied for the estimation. 
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ks=
km
10

                                                             (10-52) 

So we could apply 2×10-5m/s as the mass transfer coefficient of slag phase.  

10.3.5  Other parameters 

As reported by Marek Warzecha et al. [139], the commonly applied density of molten steel 

is about 7000kg/m3 and the influence of Cu content could be neglected due to the low content. For 

the density of molten slag, Equation (10-53) could be applied for the calculation [140]. 

ρs=
∑ (Xi×MWi)∑ (Xi×V̅i)

                                                       (10-53) 

To calculate the partial molar volume of components, Lange et al. [141] proposed Equation 

(10-54) based on the experimental data. 

V̅i(T)=V̅i, 1773K+ dV̅i
dT

(T-1773K)                                        (10-54) 

As shown by Table 10-5, they estimated the partial molar volume for FeO and SiO2. 

 
Table 10-5 Estimated partial molar volume [141] 

Component 
V̅1773K 

(cm3/mol) 
V̅1873K 

(cm3/mol) 

dV̅i

dT ×103 

[cm3/(mol.K)] 
SiO2 26.91 26.90 0 

FeO 13.97 14.23 2.92 
 

For CaCl2, no available research could be found for measuring the partial molar volume of 

molten CaCl2 at 1600oC. Generally, we can assume that its partial molar volume could be 

equivalent to the molar volume of pure melt, which could be estimated as 54.22 cm3/mol, reported 

by K Igarashi [142]. As a result, the density of proposed slag phase could be calculated. 

10.4  Conclusion 

To obtain a deep understanding for the kinetics of supposed metal-slag reaction, 

mathematic equations have been established based on the chemical equilibria and mass balance in 

the discussion above to project the concentration of Cu in molten steel with the application of 
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removal technology. By determining the crucial parameters, such as the equilibrium constant, 

activity of involved components, and the mass transfer coefficient, from available thermodynamic 

data and related literatures, the interfacial concentration of Cu could be solved numerically through 

suitable computational program using the initial conditions of metal and slag phase.  

Some limitations could be identified for the analysis. For the above discussion of chemical 

equilibria, only reaction between Cu and FeO is evaluated in terms of importance. But the 

following chemical reactions among Cu2O, CaCl2 and SiO2 might also need to be included into 

the kinetic analysis, indicating that it is possible that the reaction rate of overall reaction might be 

the controlling rate in combined with the mass transfer. Also, for the metal phase, Fe-Cu binary 

system is assumed to facilitate the calculation. But for the molten steel scrap, other elements, such 

as Si, Mn, P, and S, could be represented with significant composition. During the experiment, the 

oxidizing reactions of those elements, as well as the Fe, could not only make the kinetic analysis 

more complicated, but also affect the removing of Cu. 

Nonetheless, this mathematical analysis could be used as a tool to assist the development 

of future experiments for improving the removal rate and also be 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 concerning the removing of Cu impurities 

from steel scrap, especially for the automobile scrap, through evaluating the identified candidates 

of physical separation and chemical removal in support of the improvement of steel scrap recycling 

and downstream manufacturing of valuable steel products. Also, based on the obtained 

experimental results and further analysis, directions for future work are provided to improve the 

performance of researched removal technologies.  

11.1 Conclusions 

(1) Based on the accomplished literature review, removal technologies for impurities, such 

as Cu, Sn and Zn, from steel scrap have been researched for about eight decades, which 

could be generally classified into physical separation and chemical removal. Among these 

impurities, Cu could be the priority area of our concern, since it could significantly induce 

the surface hot shortness at high content during the hot working of final steel product, 

considering that Cu is nobler than Fe and could accumulate during the recycling of steel 

scrap. But no industrial implementation for the removal technologies has been conducted 

successfully. 

(2) Due to the rapid increase of scrap availability, automobile scrap has been the major 

source of steel scrap during its recycling. For a scrap yard, just hammer shredding 

combined with magnetic separating are applied to the recycling process of obsolete 

automobile, indicating an average Cu content of 0.25wt%, which is higher than the 

allowable limits of most steel product. That means limited consumption of steel scrap for 

Fe production could be featured. As a result, dilution by pig iron must be adopted for the 

steelmaking industry, especially for the smelting in EAF, to avoid the negative influence 

of high Cu content on the manufacturing certain grades of steel product which require high 

surface quality. But the carbon-based reducing process carried out in blast furnace to 

produce pig iron consumes significant energy with CO2 generation. So if practical removal 

technologies could be applied to increase the usage of automobile scrap as feedstock in 
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EAF, low energy (and CO2) production of high value steel products could be targeted, 

benefiting the involved industries for steel recycling. 

(3) Toward fundamental studies of the literature search, industry survey for sensor-based 

sorting technologies, and the estimation of extra energy consumption for applying potential 

chemical removal methods, two physical removal technologies and two chemical removal 

technologies that appear to be economically viable and technically suitable have been 

identified respectively for initial exploration.  

For physical separation, considering the limitation of shredding and magnetic separating, 

sensor-based sorting technology is mainly focused as a feasible way to remove Cu 

impurities due to its capability of detecting and examining each individual shred-piece 

based on different mechanisms. The industry survey, which offers some basic information 

for the general capital cost of equipment to apply different sensors for sortation, 

demonstrates that optical sensor is potentially economically viable, especially when 

compared to other types of sensor. In terms of the excellent thermal conductivity and the 

reddish-brown color of Cu, which could be applied as sorting mechanism to achieve 

efficient sortation of Cu impurities before smelting, camera-based optical recognition and 

blue laser sensor have been identified and focused for initial experiments. 

For chemical removal, six potential methods, which were selected based upon the 

description and collected experimental data in literature review, have been further 

understood and compared according to the fundamental calculation of the extra energy 

consumption required for achieving the removal of Cu content from 0.4wt% to 0.1wt% for 

commercial steel and 0.03wt% for IF steel. As a result, chlorination with Cl2-O2 gas at 800 

oC and slagging method with FeO-SiO2-CaCl2 at 1600 oC have been identified and focused 

for initial experiments. 

(4) Physical characterization of collected automobile scrap, including visual inspection and 

size distribution test, has been completed to understand the occurrence of Cu impurities in 

steel scrap. With visual inspection, the occurrence of Cu impurities in automobile scrap 

could be classified as isolated pieces, such as Cu motors and wires, and Cu alloyed in Fe 

shreds. For size distribution test, majority of Fe shreds appeared in the -3” + 2”, -2” + 1½”, 

and -1½” + ½” size fraction, while most of the apparent Cu motor material appeared in the 
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-1½” + ½” size fractions and Cu wire appeared in the -½ inch size fraction. Preferential 

removal of scrap pieces distributed to the size fraction less than ½ inch may lower the Cu 

content of automobile scrap without much material loss of Fe values 

(5) Chemical characterization of collected automobile scrap, including handheld XRF and 

melting experiments followed by AAS analysis, has been completed to understand the 

composition of Cu as alloying element. As a result, the composition of identified Cu source 

could be 0.212wt% based on the collected weight data. The composition of Cu alloyed in 

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

removal candidates from physical separation, they are more desirable for targeting the 

isolated Cu impurities. For removal candidates from chemical removal, they can be applied 

to target either the isolated Cu impurities or the Cu alloyed in Fe shreds. 

(6) For blue laser sensor, as one of identified physical removal technologies, initial 

laboratory tests conducted with pure Cu and Fe sheets have confirmed its sorting 

mechanism related to the difference of thermal conductivity and absorption, demonstrating 

good sorting potential for Cu impurities. But the accessibility of industrial blue laser source 

could be a limitation for conducting further laboratory experiments with actual automobile 

scrap sample.  

For optical recognition, as another identified physical removal technology, experiments 

conducted with different well-developed CNN architectures and cropped dataset have 

proved that it is highly possible to reduce Cu content to the 0.1wt% limitation with the 

improvement of machine learning. Also the machine learning program could be further 

optimized to improve the recognizing accuracy. So this candidate was identified for further 

research. 

(7) A self-built CNN architecture was customized to be individualized for this work by the 

application of hyperparameter optimization, which utilized random search and Bayesian 

optimization to optimize multiple crucial hyperparameters, and has been applied on the 

recognition of Cu impurities to further improve the recognizing accuracy. As a result, a Cu 

recognizing accuracy of 87.5% was achieved, resulting in overall reduction in Cu content 

from 0.272wt% to 0.093wt%. Also balanced recognizing accuracy for both Cu impurities 

and Fe shreds would be obtained with this self-built architecture. If high recognizing 
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accuracy of Cu impurities would be preferred, this self-built CNN architecture could be 

adjusted with the early stopping of the performed optimization, indicating a recognizing 

accuracy of 93.8% for Cu impurities. As a result, an overall reduction of Cu impurities in 

steel scrap from 0.272wt% to 0.077wt% could be estimated.  

(8) For chlorination method, as one of identified chemical removal technologies, this 

method demonstrates good feasibility to remove isolated pieces of Cu impurities, while 

potential for removing alloyed Cu from steel scrap could still need to be discussed 

considering that the diffusion of Cu alloyed in steel to the surface could be the controlling 

step for the reaction with chlorine gas. However, considering the corrosive property of 

chlorine gas and the loss of Fe due to oxidation, it is not desirable for the further 

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

and flowrate controlling of mixture gas. 

For slagging method, as another identified chemical removal technology, this method 

demonstrates good feasibility to remove Cu impurities. But due to the insufficient sealing 

and large space of applied furnace, the oxidation of Fe could be observed and the collection 

of volatile CuCl could be impossible. Also suitable crucible should be selected based on 

the composition and basicity of the slag phase. All these factors could affect the proceeding 

of reactions, leading to a lower removal rate of Cu. So this candidate was identified to 

further build the kinetic understanding. Then on the basis of theoretic analysis, an apparatus 

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

(9) Mathematic equations have been established based on the chemical equilibria and mass 

balance of supposed chemical reaction to project the concentration of Cu in molten steel 

with the application of FeO-SiO2-CaCl2 slag. By determining the crucial parameters, such 

as the equilibrium constant, activity of involved components, and the mass transfer 

coefficient, from available thermodynamic data and related literatures, the interfacial 

concentration of Cu could be solved numerically through suitable computational program 

using the initial conditions of metal and slag phase. This mathematical analysis could be 

used as a tool to assist the development of future experiments  
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11.2 Future work 

11.2.1 Further optimization of CNN architecture to improve the optical recognition 

The overfitting problem could be still observed for the machine learning program with self-

built CNN architecture. Also small scale of dataset could be another concern. So following further 

works should be tried to eliminate these limitations: 

(1) Investigation of other much dedicated optimizing algorithms, such as tree-structured 

parzen estimators and simulating annealing to achieve a better hyperparameter 

optimization. 

(2) Investigation of the optimization for hyperparameters, which have discussed in this 

work, with setting a large optimizing range. 

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

the influence from the scale of dataset. 

(4) Investigation of other possible approaches to mitigate the overfitting problem. 

Also besides of the recognition of isolated Cu impurities, it is possible to build a 

relationship between the shape of Fe shreds and their corresponding Cu content with machine 

learning program, achieving the sorting of Fe shreds with high Cu content, since the use of different 

steel products during the manufacturing of automobile could be tracked based on their properties. 

So future work could be designed to analyze pieces of Fe shreds with handheld XRF for the Cu 

content. Then acquired photographs which could be categorized into different labels for the range 

of Cu content, such as 0.04-0.05wt%, 0.06-0.08wt%, and 0.08-0.10wt%, will be applied to the 

suitable machine learning program to identify the potential relationship. As a result, new 

photographs of Fe shreds could be tested with the result of being classified into the projected 

content range, which could be further validated by the obtained result of handheld XRF analysis.  

11.2.2 Slagging method using vertical crucible furnace 

Additional experimental research should be tried to not only validate the mathematic 

calculation for kinetic understanding, but also achieve a better controlling for the conducting of 

experiments. The following works should be considered with greater details: 



 

137 

 

(1) Investigation of the basicity of applied slag phase to select suitable crucible for the 

experiment. 

As mentioned before, Al2O3 crucible got reacted with the slag phase during the heating up, 

indicating the slag phase could be basic. As a result, MgO crucible would be preferred for 

the experiment. Considering the high cost for MgO crucible, it is desirable to coat the fire 

clay crucible with a layer of castable magnesite refractory. After curing at 500oC for 2 

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

 

 

Figure 11-1 Homemade magnesite crucible 

 
The only concern is that the area of the reacting interface by using this crucible is not 

constant, and exceedingly difficult to parameters for validating the kinetic calculation, as 

well as the value of the mass-transfer coefficient, which could depend on the system 

geometry. 

(2) Investigation of utilizing vertical crucible furnace to collect the volatile CuCl  

To facilitate the validation of kinetic calculation, especially for the mass balance, the 

collection of volatile CucCl could be achieved by the application of cold finger with 

cooling water, as shown by Figure 11-2 for the schematic configuration of the crucible 

furnace. Also in order to maintain an accurate timing control for the initial of metal-slag 
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reaction, the slag should be charged into the crucible after the metal getting melted. As 

shown in Figure 11-2, the Al2O3 tube could be used for charging the slag, as well as the 

sampling of hot metal in a predetermined time interval after the charging of slag to facilitate 

the AAS analysis for recording the changing of Cu content in metal phase over time. After 

the designed experiment, slag phase should be collected for compositional analysis. 

 

 

Figure 11-2 Schematic configuration of vertical crucible furnace 

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

As discussed in Chapter 9, adding CaCl2 to the formed EAF slag during smelting might be 

possible to achieve the removal of Cu from molten steel. Generally, about 130kg EAF slag 

could be generated for each tonne of steel produced [143]. Detailed composition of EAF 

slag for one tonnes of steel is shown by Table 11-1. Assuming the average Cu content of 
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steel scrap melted in EAF is 0.25wt%, so for one tonne of steel produced, the molar ratio 

of Cu, FeO, SiO2, and CaO should be about 1:8.3:8.3:22.6. Based on this estimation, 

corresponding analysis of equilibrium composition could be conducted to determine the 

required usage of CaCl2. As shown by Figure 11-3, a certain removal of Cu could be 

projected with the adding of CaCl2 into the slag phase. For example, with the molar ratio 

of Cu and CaCl2 is 1:20, a removal rate of 50% could be maintained, indicating that about 

86.8kg CaCl2 should be added to the slag phase for one tonne of steel. 

 
Table 11-1 Detailed composition of EAF slag for per tonne of steel 

Chemical Composition (wt%) Weight mole 

FeO 18% 23.4kg 325mol 
CaO 38% 49.4kg 882.1mol 

SiO2 15% 19.5kg 325mol 

Al2O3 9% 11.7kg 114.7mol 
MgO 9% 11.7kg 292.5mol 

 

 

Figure 11-3 Equilibrium Composition with Cu:FeO:SiO2:CaO=1:8.3:8.3:22.6 (molar  
                ratio) at 1600oC 
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Although the above thermodynamic analysis doesn’t take the low Cu activity due to the 

interaction with Fe as infinite dilution and the influence of kinetic factors into 

consideration, future experiments using actual EAF slag mixed with CaCl2 should be still 

desirable to explore the feasibility and removal efficiency.  
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APPENDIX A 

ESTIMATION OF EXTRA ENERGY CONSUMPTION OF CHEMICAL REMOVAL TECHNOLOGIES 

Method T(oC) 
[CuI] 
(wt%) 

[CuF] 
(wt%) 

Time 
(Heating+Processing) 

Extra Energy 
Consumption 
(kWh/tonne) Secondary Effects 

Comm
-ercial 

IF 
steel 

Comm-
ercial 

IF steel 
Comm-
ercial 

IF steel 

Solid 
Scrap 

(before 
meltin

g) 

Fluxing with 
matte: FeS and 

Na2S 
1000 0.4 0.1 0.03 

30 min  
+ 15 min  

30 min 
+18 min  

169.28 198.78 

(1) Sulfur 
contamination 
(2)SO2 in the 
exhausted gas 

Chlorination with 
Cl2-O2 gas 

800 0.4 0.1 0.03 
60 min 

 + 4 min  
60 min  
+ 6 min  

78.4 89.18 

(1)Fe partially 
oxidization 
(2)Cl2 in the 

exhausted gas 

Molten 
Scrap 

 

Vacuum 
Evaporation 

(50Pa) 
1600 0.4 0.1 0.03 

2.5 h  
+ 25.67 h  

2.5 h 
 + 47.97 h  

3952.8
4 

7342.44 
Difficult to 

maintain lower 
pressure 

Blowing NH3 
under 2000 Pa 

1600 0.4 0.1 0.03 
2.5 h  
+ 145 
min  

2.5 h  
+ 270 min  

597.73 1101.4 
Additional 

degassing due to 
nitrogen dissolution 

Blowing Weak 
Oxidizing Powder 

under Reduced 
Pressure(130Pa) 

1650 0.4 0.1 0.03 
2.5 h 

 + 325 
min  

2.5 h  
+ 10 h 

1529.0
7 

2825.84 
Adding carbon and 

following 
decarburization 

Slagging with 
FeO-SiO2-CaCl2 

1600 0.4 0.1 0.03 
3 h  

+ 50 min 
3 h + 87 

min  
204.55 298.95 

(1)Unclear 
mechanism 

(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 wholly owned venture of 

Cincinnati-based, The David J. Joseph Company (DJJ). Founded in 1885, DJJ is one of the largest 

scrap broker/processors in US providing scrap brokerage, recycling and transportation services. 

DJJ is part of Nucor Corporation’s family of companies. DJJ operates six regional scrap metal 

recycling companies across the USA which includes a network of over 65 scrap metal facilities 

with the capacity to recycle 5 million tons of ferrous and 500 million pounds of nonferrous scrap 

annually. WMR’s largest consumers of products are EVRAZ steel mill in Pueblo, and Nucor Steel 

Mill in Plymouth UT. 

General Manager: David Youngberg, with 25 years scrap industry experience, originally 

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

Description: WMR processes automobiles through a hammer mill shredder and two drum 

magnetic separators to produce shredded ferrous scrap. In the Denver facility, they don’t apply 

any sorting method after magnetic separator. But manual picking up has been deployed to pick 

motors from the product stream. The Cu content of final shredded product is below 0.25%. David 

mentioned in some other yards, they apply Gamma Technology to control the composition of 

shredded scrap. Normally, the Cu content could be reduced to 0.16% with this technology. But the 

cost will increase and then influence the sale of final product. The flow sheet is as following. Also 

this gamma technology utilized at their facilities only validates the chemistry of the processed 

scrap. It has no sorting ability. 

2 Gamma-tech  

Introduction: Gamma-tech is a reseller for Thermo Fisher Scientific, who is the 

manufacturer of the Cross Belt Analyzer (CBA). Gamma-Tech customizes and calibrates the CBA 

for the metals industry and try to market the equipment in the scrap recycling, metals, and steel 

industries.  

Product: Cross Belt Analyzer 
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Description: It is a Prompt Gamma Neutron Activation Analysis (PGNAA) system 

designed to integrate into an existing conveyor belt line and analyze, in real-time, the composition 

of bulk materials being transported by the conveyor belt. As the material passes through the tunnel 

of the analyzer, it is bombarded with neutrons from radioactive isotopes. The neutrons are captured 

by the atoms of the material and produce a secondary reaction in the form of gamma rays. This 

secondary gamma ray spectrum is de-compiled and analyzed to produce the composite elemental 

analysis of the material. 

Clark Scott from Gamma-tech offers some information about this technology used in scrap 

yards. The analyzer is primarily used to provide a composite chemistry of a quantity of shredded 

scrap, i.e. a barge or train shipment. However, for most shipments, their contractual chemistry 

must be achieved, typically copper content in ferrous scrap.  In the case of a shredder supplying a 

specified chemistry to a mill, the analyzer acts as a process control tool allowing the processer to 

monitor and control the quality of the shred. The quality is controlled by either changing the infeed 

material to the shredder, making adjustments to improve the downstream processing, adding 

pickers, or diverting out-of-spec material away from the shipment.  PGNAA provides a full stream 

analysis of the shredded material on the conveyor belt, it does not sample the individual pieces. 

The analyzer is used in the metal recycling applications of ferrous scrap, aluminum, and 

copper, as a quality control instrument to report the chemistry of a suite of elements specific to 

each industry/application. 

According to R. C. Woodward, from Thermo Electron Corporation, the capital cost for 

PGNAA cross belt analyzer could be estimated as $500,000 or more, depending upon the 

complexity of the installation. (Information from “A Major Step Forward for On-line Coal 

Analysis”, R. C. Woodward, M. P. Evans, E. R. Empey, Thermo Electron Corporation) 

3 SciAps Inc.  

Introduction: SciAps, Inc., is a Boston-based instrumentation company specializing in 

portable analytical instruments. They provide durable, field-tested, portable instruments to identify 

any compound, any mineral and any element, such as Handheld XRF and Handheld LIBS, which 

can be applied to scrap processing, geochemical and food industry. More than 90% of all alloys 
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can be identified in 1 second with excellent precision using the Alloy Model, which includes a 

large composition library for 500 metal and alloys.  

David Walter, a local representative, said that they sell a lot of these instrument to scrap 

yards. The way they use them is to sort the metals prior to shredding. Prior to shredding, a fender, 

or an axel can be tested easily. But after shredding, testing every shredded piece will be too time 

consuming. Also he mentioned that XRF sensor above the conveyor belt has been used in industry. 

Considering the distance between conveyor and sensor, a more intense beam must be applied to 

avoid the drop off of its intensity. Otherwise it would influence the result of detector. As a result, 

millions dollar investment would be required for this type of sensor sorting. 

LIBS has been used for more than 30 years as a laboratory technique, capable of analyzing 

any element in the periodic table. Recently, the technique has been miniaturized into a handheld 

device (HH LIBS), capable of analyze all elements, depending on the spectrometer range chosen 

for the device. But David thought LIBS may not be suitable for conveyor 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 manufacture of separation, material handling 

and inspection equipment used throughout the process industries, such as food, plastics and 

chemical, mining, metalworking and recycling. 

Product: Eriez Shred 1TM Ballistic Metal Separator 

Description: Shred1 from Eriez uses ballistics to efficiently separate iron-rich ferrous from 

much of the mixed metals post-drum magnet flow. This separator delivers two distinct fractions: 

a premium low-copper ferrous product (in the range of 0.16-0.20% Cu) and a traditional #2 shred 

(over 0.20% Cu). 

The Shred1 ballistic separator combined with a PokerSort to extract long, troublesome 

pokers, and a P-Rex™ permanent rare earth magnetic drum improves the entire process. Not only 

does this new CleanStream™ process recover more ferrous and concentrate 75% of the post-drum 

magnet flow into a low-copper premium shred, but it also reduces 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 lbs $187,200 

Note: Price information from an Area Sales Manager  

 
5 Tomra  

Introduction: TOMRA mainly offers suitable sorting solutions for the waste and metal 

recycling industries and continues to result in related machines and exceptional service. 

Product: XRT Sensor Sorting 

Description: High resolution X-ray (XRT), coupled with multi-density-channel 

capabilities, enhance the precision of sorting even the most complicated material mixing across a 

wide variety of metal applications. Their field-proven Dual Processing Technology, coupled with 

TOMRA’s exclusive software development, means that the X-TRACT enables effective sorting 

of the highest throughput with reliable top-quality yield. Now equipped with the new intuitive 

ACT user interface, X-TRACT operators can easily see critical sorting information and real-time 

process data at a glance. 

Harold Cline, area sales manager, offers some basic information 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 in the recycling and mining 

industry. Advanced optical sorting machines and complete plant solutions have been applied to 

sort glass, paper, plastics and scrap metal, including Camera based, 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 even in the presence of material which 

is dirty or otherwise contaminated. Energy dispersive X-ray Fluorescence Spectrometer is used to 

generate elemental analysis of the feed materials. Up to 30t/h capacity can be achieved depending 

on the sorting width. 

Considering the cost, a sales manager presents a payback calculation for REDWAVE XRF 

1370 used to sort ZORBA, which is a mixture of aluminum, copper and other non-ferrous metals 

produced with the recycling of automobiles. The estimated capital cost could be $504,874. 

(Information from “23rd International Recycled Aluminum Conference”, Madrid 2015, Presented 

by Manuela Suttnig, Sales Manager from REDWAVE) 

7 UHV Technologies, Inc.  

Introduction: UHV Technologies, Inc. involves the development and commercialization of 

advanced materials and devices. Their high throughput IL-XRF Metal Scrap Sorter is designed for 

commercial scale aluminum scrap sorting. 

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

on a fast moving conveyor belt. 

 
Table B-3 Details for UHV IL-XRF 

Metric UHV IL-XRF 

Sorting Capacity 
˃ 10 tons/hr 

˃ 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 processes up to 4,000kg/hour and 

uses an integrated color sensor to differentiate between clear and green PET bottle or transparent 

and opaque, plus colored and natural HDPE bottles; able to identify and separate two eject streams 
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from one pass stream; also counts bottles separated by size and type; approximate capital cost for 

the equipment is US$185,000. Latest generation sensor technology is the MultiWave. 

(2) S&S Separation and Sorting Technology GmbH: based in Germany, but has joint 

venture with California Company called Tectron Engineering. Varisort optical sorting equipment 

is produced for whole bottle sorting, which accommodates different sensors to achieve 99.5 

percent purity. The mass-sort system works with different polymer types, colors and metals, as 

well as a commingled stream of mixed plastics. Unit capacity is between 500 kg/hr to 6,000 kg/hr 

and comes in four different belt widths from 500 to 2000 mm. Capital costs range from US$50,000 

to US$250,000. S&S also offers SPECTRUM color sorters and PETMAG metal separation 

systems. 

(3) Pellenc Selective Technologies: based in France. The Mistral is a multimaterial sorting 

system that uses NIR (near infrared spectroscopy) technology to identify all materials in one pass. 

The Sirocco uses Vision (sorting of hollow bodies by color vision) to identify each object by 

location, shape, transparency and color. The equipment offers random speeds of 2.5 to 2.8 m/s. 

Models range from 800mm to 2400mm belt widths, varying in output capacity from 900 kilograms 

to 3 t/hour to 8 to 10 t/hour. Purity levels of 90 to 98 percent are achieved. Efficiency is 90 to 96 

percent. Approximate capital cost of the equipment is US$100,000 to US$250,000, depending on 

sizes and options (binary, ternary). 

9 STEINERT  

Introduction: STEINERT manufactures a complete line of magnetic and sensor-sorting 

equipment designed to recover a wide range of materials and provide different separation 

technology solutions for the scrap, waste, recycling and mining industries. 

Product: STEINERT LSS LIBS with line sorting system 

Description: It is additionally equipped with #D detection and a laser induced breakdown 

spectroscopy unit (LIBS). They have developed this efficient sorting machine especially for use 

in the sorting of aluminum scrap. But according to its mechanism, it could also be used for sorting 

steel scrap. It is ideally suited for stamping waste material 20 to 60 mm wide and 60 to 150 mm 

long. 
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The unit offered by STEINERT achieves an output of several tonnes per hour. “Yet, even 

with an output of just one tonne per hour, with 300 euros of additional proceeds and an operating 

time of 8,000 hours per year the additional proceeds amount to 2.4 million euros, comparing to the 

sorting costs of 20 to 30 euros per tonne” calculates Habich (CTO). In this example calculation, 

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 number of filters 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 number of filters 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 number of filters 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 number of filters 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 the dropout rate 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 
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Table C-6 Detailed results of random search for the dropout rate 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 dropout rate 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 dropout rate 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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