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ABSTRACT 

 

HYPERSPECTRAL IMAGING APPLICATIONS FOR STEEL PRODUCTION 

 

 

Korkmaz, Özgür 

Ph.D, Department of Information Systems 

Supervisor: Prof. Dr. Yasemin Yardımcı Çetin 

 

January 2024, 92 pages 

 

Steel production is the backbone of numerous infrastructure projects and industrial 

applications around the world. To maintain and improve its productivity, quality, and 

environmental sustainability, the steel industry is constantly looking for innovative 

technologies and methods. Hyperspectral imaging is a promising technology in this 

context. In this thesis, a novel, non-destructive approach is presented to quantify the free 

lime content in Basic Oxygen Furnace (BOF) slag by utilizing an integrated algorithm 

applied to hyperspectral images.  This method includes spectral unmixing for mixture 

component quantification and endmember extraction of the mixture. The methodology 

involved various experiments with both fresh and six month aged BOF slag, 

demonstrating its accuracy compared to the Rietveld Analysis of X-ray Diffraction 

patterns, with a Root Mean Square Error of 5.57% for aged BOF slag and 6.51% for fresh 

BOF slag. Furthermore, the thesis explores the application of hyperspectral imaging in the 

identification of impurities in iron ore and the detection of copper deposits in continuous 

pickling lines through the use of hyperspectral analysis methods. As a result of the 

experiments, the impurities in the raw iron ore were identified and copper deposits were 

detected at various sensitivities on the steel sheet produced in the continuous pickling line 

process. An in-depth analysis of the challenges and limitations associated with the use of 

hyperspectral imaging in steel production is provided, including the effect of illumination 

conditions and validation methods. 

Keywords: Hyperspectral image processing, unmixing models, intimate mixture 

unmixing, free lime measurement of BOF slag, BOF slag volume stability  
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ÖZ 

 

ÇELİK ÜRETİMİ İÇİN HİPERSPEKTRAL GÖRÜNTÜLEME UYGULAMALARI 

 

 

Korkmaz, Özgür 

Doktora, Bilişim Sistemleri Bölümü 

Tez Yöneticisi: Prof. Dr. Yasemin Yardımcı Çetin 

 

Ocak 2024, 92 sayfa 

 

Çelik üretimi, dünya çapında çok sayıda altyapı projesinin ve endüstriyel uygulamanın bel 

kemiğidir. Çelik endüstrisi verimliliğini, kalitesini ve çevresel sürdürülebilirliğini 

korumak ve geliştirmek için sürekli olarak yenilikçi teknolojiler ve yöntemler 

aramaktadır. Hiperspektral görüntüleme bu bağlamda umut verici bir teknolojidir. Bu 

tezde, hiperspektral görüntülere uygulanan entegre bir algoritma kullanılarak Bazik 

Oksijen Fırını (BOF) cürufundaki serbest kireç içeriğini ölçmek için yeni, tahribatsız bir 

yaklaşım sunulmaktadır. Bu yöntem, karışım bileşenlerinin belirlenmesi için spektral 

ayrıştırma ve karışımın uç elemanlarının çıkarılmasını içermektedir. Metodoloji hem taze 

hem de altı aylık BOF cürufu ile yapılan çeşitli deneyleri içermiş ve yaşlandırılmış BOF 

cürufu için %5,57 ve taze BOF cürufu için %6,51'lik bir Ortalama Karekök Hatası ile X-

ışını Kırınım desenlerinin Rietveld Analizine kıyasla doğruluğunu göstermiştir. Ayrıca 

tez, hiperspektral analiz yöntemlerini kullanarak demir cevherindeki safsızlıkların 

belirlenmesinde ve sürekli asitleme hatlarındaki bakır birikintilerinin tespit edilmesinde 

hiperspektral görüntülemenin uygulanmasını araştırmaktadır. Deneyler sonucunda, ham 

demir cevherindeki safsızlıklar tespit edilmiş ve sürekli asitleme hattı sürecinde üretilen 

çelik sac üzerinde çeşitli hassasiyetlerde bakır birikintileri tespit edilmiştir. Aydınlatma 

koşullarının ve doğrulama yöntemlerinin etkisi de dahil olmak üzere, çelik üretiminde 

hiperspektral görüntülemenin kullanımıyla ilgili zorlukların ve sınırlamaların 

derinlemesine bir analizi sağlanmıştır. 

Anahtar Sözcükler: Hiperspektral görüntü işleme, ayrıştırma modelleri, mikro karışım 

ayrıştırma, BOF cürufunun serbest kireç ölçümü, BOF cürufu hacim kararlılığı   
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CHAPTER 1 

CHAPTER 

1. INTRODUCTION 

 

Steel production remains a dynamic industry, serving as the backbone of numerous 

infrastructure projects and industrial applications worldwide. To maintain and improve its 

productivity, quality, and environmental sustainability, the steel industry is constantly 

looking for innovative technologies and methods. Hyperspectral imaging, one of the latest 

technologies, is a promising technology in this context. This thesis investigates the 

application of hyperspectral imaging in the steelmaking process for material 

characterization, material impurities identification, and real-time quality control in the 

production process. 

The steel production process involves a complex interaction of multiple factors, including 

temperature and chemical composition of materials. Monitoring and controlling these 

factors are crucial to ensuring the production of high-quality steel while minimizing 

energy consumption and environmental impact. Traditional methods for assessing steel 

quality are often inadequate to meet the speed required for modern steel production and 

the sample quantities that need to be measured. Hyperspectral imaging offers a powerful 

solution to these challenges with the ability to capture a wide range of spectral information 

online in a production environment for large quantities of material.  

Hyperspectral imaging goes beyond conventional imaging methods, such as color or 

grayscale imaging. It captures an entire spectrum of light at each pixel of an image, 

allowing for the detailed analysis of materials based on their spectral signatures. This 

technology enables steel producers to assess various properties of raw materials, monitor 

different stages of the production process, and inspect the final product, all with 

hyperspectral imaging technology. Consequently, it holds the potential to improve quality 

control, optimize process parameters, and reduce waste, thus significantly impacting the 

steel production industry's competitiveness and sustainability. 

In this thesis, the principles of hyperspectral imaging and its applications in measuring 

free lime in Basic Oxygen Furnace (BOF) slag, detecting impurities in iron ore, and 

identifying copper deposits in a continuous pickling line are investigated. The experiments 

also examined the various challenges and limitations of using hyperspectral imaging in 
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steelmaking processes. Furthermore, the potential benefits of hyperspectral imaging for 

the steel industry are discussed, especially in terms of efficiency, environmental 

sustainability, and cost effectiveness. 

1.1. Motivation 

Slag, the primary by-product generated in the course of steel manufacturing, is a result of 

both the BOF and electric arc furnace (EAF) processes in steelmaking. In integrated steel 

mills, the BOF process transforms molten iron from the blast furnace into steel. BOF slag 

is commonly recycled in various applications, including cement production, road 

construction, metallurgical applications, and the construction of hydraulic engineering 

structures. 

In the smelting phase of the BOF process, fluxes such as limestone, dolomite, and silica 

sand are added into the steelmaking furnace to eliminate impurities from iron ore, steel 

scrap, and other iron feed materials. Depending on the quantity of lime incorporated 

during steel production, residual undissolved lime may persist in the BOF slag, referred 

to as free lime. Upon exposure to air, free lime undergoes hydration, transforming into 

portlandite and expanding in volume. The substantial presence of free lime in BOF slags 

poses a notable obstacle to their utilization in construction applications. For BOF slag to 

be used in construction applications, the amount of free lime in the BOF slag must be 

below a certain level. 

Since the expansive nature of BOF slag is destructive for civil engineering applications, 

various treatments are applied to alter the chemical and mineralogical properties to reduce 

the volumetric instability caused by the free lime of the BOF slag. These techniques 

include the use of additives, steam treatment, and aging. The aging of BOF slag is the 

exposure of the material to moisture in an open-air stockpile to allow hydrating the free 

lime. Steam aging and additive addition methods require the use of special equipment and 

labor-intensive processes in steel mills so these methods are not used frequently. Usually 

in plants, BOF slag is stockpiled for a certain period of time to be aged under atmospheric 

conditions. 

The determination of free lime content in BOF slag can be achieved through Rietveld 

refinement of X-ray Diffraction (XRD) patterns. However, this method demands expertise 

as the mineralogical composition of BOF slag is highly intricate, featuring numerous 

overlapping peaks of various solid oxide solutions. An alternative approach for assessing 

free lime levels involves chemical analysis. In this method, free lime is extracted using an 

appropriate solvent, and filtered, and the calcium (Ca) content of the solvent is examined 

using established methods. Both XRD and chemical analysis are time-consuming and 

labor-intensive processes. Moreover, due to the heterogeneity of the BOF slag and the 

limited portion of the sample analyzed, these methods do not provide reliable information 

about the distribution of free lime content within the entire BOF slag batch. In addition to 
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this, the determination of mineralogical phases in BOF slag has heavily relied on labor-

intensive and time-consuming methods, primarily involving chemical and mineralogical 

analyses. While these techniques are used in the steel industry, they present certain 

limitations, such as the requirement for sample destruction and the inability to provide 

real-time data during the steelmaking process. Furthermore, they may not be cost-

effective, especially when applied to large-scale steel production operations. 

In recent years, the steel industry has achieved increased efficiency, productivity, and 

quality control thanks to significant advances in sensor technologies and production 

automation. Despite these developments, there remains a compelling need for further 

improvement in determining the mineralogical phase amounts of BOF slag. In this 

context, hyperspectral imaging emerges as a promising alternative for analyzing the 

mineralogical phases of BOF slag. Hyperspectral imaging provides a non-destructive and 

real-time method to capture spectral reflectance data from materials, providing an 

opportunity to obtain information on the chemical and mineralogical composition of BOF 

slag.  

The motivation for this thesis lies in the potential of hyperspectral imaging to effectively 

utilize environmental resources in the field of steel production. By analyzing the spectral 

reflectance of BOF slag, hyperspectral imaging can provide information about the free 

lime content of the material in real time. This technology offers substantial benefits to the 

steel industry, including improved quality control, enhanced process optimization, 

reduced environmental impact, and cost savings. 

1.2. The Purpose of the Study 

The primary objective of this study is to introduce and validate a novel method for 

measuring the free lime content in BOF slag by leveraging spectral reflectance data 

obtained through hyperspectral imaging. Free lime, present in BOF slag, affects its 

reactivity, and potential environmental impact. The determination of free lime content in 

BOF slag is of great importance as it directly impacts the quality of material and suitability 

for construction applications. Conventional methods for assessing free lime content are 

often time-consuming, and destructive, and they do not provide real-time information on 

large quantities of the material. 

The overarching purpose of this study is to contribute to the field of steel production by 

offering a more efficient and non-destructive method for evaluating the free lime content 

in BOF slag. By addressing the challenges associated with shadow interference and 

providing a robust and validated methodology, this research seeks to enhance the steel 

industry's quality control and environmental sustainability, while reducing costs and 

resource consumption. Furthermore, it underscores the potential of hyperspectral imaging 

as a transformative tool for materials chemical and mineralogical analysis in the broader 

context of industrial applications. 



4 

 

1.3. Contribution of the Thesis 

This study proposes a method to measure the amount of free lime content in BOF slag 

samples through the analysis of spectral reflectance. The proposed method entails an 

integrated algorithm combining unmixing and endmember extraction applied to 

hyperspectral images. Moreover, a shadow detection technique based on spectral 

similarity is employed as a preprocessing step to mitigate the effect of shadows by BOF 

slag samples of various granularities. To assess the method's robustness, diverse 

experiments were conducted using both fresh and six month aged BOF slag samples. 

Factorial analysis was then employed to identify the main factors of unmixing and 

endmember extraction methods, as well as the ideal number of endmembers for accurate 

measurement of the free lime content in BOF slag. The purpose of this study is given 

below: 

1. Method Development: The study aims to develop a novel method utilizing 

hyperspectral imaging and spectral analysis to measure the free lime content in 

BOF slag samples. This method incorporates an integrated algorithm that 

combines unmixing and endmember extraction techniques, enabling accurate and 

efficient determination of the free lime content. By doing so, it seeks to provide an 

alternative to conventional chemical and XRD analyses, which are more time-

consuming and destructive. In addition to free lime content analysis, the study 

addresses the challenge of shadows cast by varying-sized BOF slag samples, 

which can interfere with spectral reflectance measurements. A shadow detection 

technique based on spectral similarity is proposed as a preprocessing step to 

mitigate the impact of shadows. 

2. Determination of Main Factors: The study conducts diverse experiments using 

both fresh and six month aged BOF slag samples to assess the robustness and 

accuracy of the proposed method. It employs factorial analysis to identify the main 

factors related to unmixing and endmember extraction techniques, as well as the 

ideal number of endmembers required for precise measurement of free lime 

content. 

3. Method Validation: To validate the method's accuracy, the study compares its 

results with those obtained through Rietveld Refinement of XRD patterns, using 

Root Mean Square Error (RMSE) as a quantifiable measure of accuracy. 

1.4.Thesis Outline  

Chapter 2 is devoted to essential information on the volumetric instability problem of BOF 

slag and the measurement of free lime. Initially, insights into the production of BOF slag 

and its chemical and mineralogical characteristics are presented. The methods aimed at 

reducing the volumetric instability of BOF slag are discussed. Information about X-ray 
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fluorescence (XRF) and XRD analyses, employed to determine the chemical and 

mineralogical composition of the material, is provided. 

Chapter 3 provides an introduction to hyperspectral imaging and the hyperspectral 

unmixing problem. The primary phases of hyperspectral unmixing, including endmember 

extraction methods, are discussed along with a literature review on hyperspectral 

unmixing models. 

Chapter 4 describes of the proposed method for measuring free lime in BOF slag using 

hyperspectral imaging. This chapter includes the procedure for data collection, the method 

employed to mitigate the shadow effect in hyperspectral images of the BOF slag, the 

techniques utilized for estimating abundance from hyperspectral images, and the methods 

employed to convert the obtained volumetric quantity by Rietveld analysis to surface ratio. 

Chapter 5 includes experiments conducted with fresh and aged BOF slag samples using 

the proposed method for free lime measurement in BOF slag. This section provides 

information on the production conditions of the tested samples, XRF, XRD, and Rietveld 

analysis results utilized for validation, as well as the outcomes of factorial analysis 

conducted to identify the main factors and evaluation metrics used in the study. 

Chapter 6 explores hyperspectral imaging applications for steel production, providing 

insights into both its applications and limitations. Experimental investigations are carried 

out on the detection of impurities in iron ore mixtures and the copper accumulation issue 

in the continuous pickling line. The chapter discusses the difficulties encountered and 

limitations faced during these experiments, detailing the impact of illumination on 

hyperspectral measurements and verification methods for free lime measurements.  

Chapter 7 of the thesis presents the main findings of the research, highlights the limitations 

of the proposed methodology, and provides suggestions for future work. 
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CHAPTER 2 

 

2. STABILITY PROBLEM OF BOF SLAG  

 

Slag, the main by-product produced during steel production, is formed in both basic 

oxygen furnace and electric arc furnace steelmaking processes. In integrated steel mills, 

BOF process converts molten iron produced in the blast furnace into steel. During the 

BOF process, approximately 100-150 kg of BOF slag is produced per ton of crude steel, 

depending on the steelmaking practice (Reddy et al., 2006). World crude steel production 

in 2022 was approximately 1.885 million tons (World Steel Association, 2023); depending 

on this amount, the annual slag production amount is estimated to be between 188-282 

million tons. Approximately 70% of the total steel is produced through the BOF process 

(World Steel Association, 2021). BOF slag is generally recycled in applications such as 

cement production, road construction, metallurgical use, and hydraulic engineering 

structures. The use of iron and steelmaking slags in Europe in 2016 (World Steel 

Association, 2020) is given in Figure 1. 

 

Figure 1: Use of iron and steelmaking slags in Europe in 2016 

During the smelting stage of BOF process, fluxes (limestone, dolomite, and silica sand) 

are added to the steelmaking furnace to remove impurities from the iron ore, steel scrap, 

and other iron feed. BOF slag is a mixture of silica, magnesium oxide, aluminum, iron 

oxides, and calcium oxide phases. Depending on the amount of lime added during the 

steelmaking process, some of the calcium oxide phase may remain undissolved and is 
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called free lime. When free lime comes into contact with air, it hydrates and turns into 

portlandite, and expands in volume. The high free lime content in BOF slag poses a 

significant barrier to their use in construction applications. 

Since the expansion nature of BOF slag is destructive for civil engineering applications, 

various treatments are applied to alter the chemical and mineralogical properties to reduce 

the volumetric instability caused by the free lime of the BOF slag. These techniques 

include the use of additives, steam treatment, and aging. The aging of BOF slag is the 

exposure of the material to moisture in an open-air stockpile to allow hydrating the free 

lime. In some plants, BOF slag is treated with high-temperature steam (Kumar et al., 

2017). Steam aging and additive addition methods require the use of special equipment 

and labor-intensive processes in steel mills so these methods are not used frequently. 

Usually, in plants, BOF slag is stocked for aging under atmospheric conditions. In order 

for the BOF slag to be used as road-based aggregate, it is recommended to age for six 

months to reduce the amount of free lime in its content (Kalyoncu, 2001). Experience in 

some applications has found that BOF slags with a free lime content of up to 7% can be 

used in unbound layers and up to 4% in asphalt layers (Motz & Geiseler, 2001).   

Rietveld refinement of XRD pattern can be used to measure the free lime content. In 

Rietveld refinement, quantification of mineral phases requires expertise due to the very 

complex mineralogical composition of BOF slag with many overlapping peaks and 

different solid oxide solutions (Yildirim & Prezzi, 2017). Another method used to measure 

the amount of free lime is chemical analysis. In chemical analysis, free lime is extracted 

with a suitable solvent, then filtered, and the calcium (Ca) content of the solvent is 

analyzed by a number of established methods. The most commonly used solvent is 

ethylene glycol for dissolving the Ca phases in the BOF slag. The amount found in the 

BOF slag with chemical analysis is the sum of the free lime and Ca phases. Therefore, in 

order to obtain an accurate amount of free lime in an aged sample, the other Ca phases 

such as portlandite and calcite content must be determined separately (Juckes, 2003). Both 

XRD and chemical analysis are time-consuming and labor-intensive processes. In 

addition, since the BOF slag is heterogeneous and only a small part of the sample can be 

analyzed with these methods, no reliable information can be obtained about the 

distribution of free lime content of the BOF slag batch.  

While XRD and chemical analysis methods are used in industry for measuring free lime, 

they present certain limitations, such as the requirement for sample destruction and the 

inability to provide real-time data during the steelmaking process. Furthermore, they may 

not be cost-effective, especially when applied to large-scale BOF slag material. Therefore, 

in order to determine the volumetric instability of the BOF slag, a method of free lime 

measurement is needed for the high amount of BOF slag. 
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2.2. Basic-Oxygen-Furnace Process and BOF Slag Production 

The classification of slags is dependent on the specific types of furnaces from which they 

originate. In the iron and steel production sector, slags are broadly categorized into several 

types: blast furnace slag, BOF slag, EAF slag, and ladle slag. The basic-oxygen furnace 

process involves the utilization of molten iron obtained from blast furnaces, along with 

steel scrap (Brandt & Warner, 2009).  

In the initial phase of the BOF process, steel scrap is loaded into the furnace, and then 

added molten iron into a ladle. This is followed by the introduction of an oxygen lance 

into the furnace, which delivers a high-velocity, high-pressure stream of pure oxygen onto 

the charge. During the blowing cycle, a series of oxidation reactions occur, aiding in the 

removal of impurities from the charge. The thermal impact of this process leads to the 

melting of the scrap and a decrease in the carbon content of the molten iron (Brandt & 

Warner, 2009). During the BOF process, additives like lime or dolomite are added to the 

furnace to aid in the removal of unwanted elements from the molten steel. These impurities 

react with the added substances to form BOF slag, thereby diminishing the presence of 

undesirable elements. At the final phase of the oxygen blowing cycle, samples of the 

molten metal are extracted for analysis to determine their chemical composition. The 

process proceeds until the molten steel attains the targeted chemical composition, after 

which the oxygen lance is removed from the furnace. The BOF slag, a byproduct of steel 

production, floats on the surface of the molten steel. The steel from the basic oxygen 

furnace may either be sent for further refinement in a secondary treatment facility or 

directly to a continuous casting operation. The BOF slag generated during the steelmaking 

cycle is processed further, producing a product known as basic oxygen furnace slag. The 

nature of the chemical reactions during the impurity removal stage primarily defines the 

chemical composition of this BOF slag (Brandt & Warner, 2009; Seetharaman, 2005). 

2.3. Chemical and Mineralogical Compositions of BOF Slag 

The chemical composition and crystal structure of BOF slag can vary depending on the 

raw materials used in the process and the process conditions used, such as the cooling rate. 

The chemical structure of BOF slag mainly consists of CaO, FeO, and SiO2. Large 

quantities of lime are used during the BOF process and therefore the CaO content of the 

BOF slag is often higher than 35%. However, BOF slag contains less than 10% of MgO, 

MnO, Al2O3 P2O5, SO3, and TiO2  (Cárdenas Balaguera & Gómez Botero, 2020; Nunes 

et al., 2022; Yildirim & Prezzi, 2015; N. Zhang et al., 2019). 

The analysis of the mineralogical composition of steel slag by X-ray diffraction analysis 

has been studied by many researchers (Cárdenas Balaguera & Gómez Botero, 2020; De 

Windt et al., 2011; Nunes et al., 2022; Yildirim & Prezzi, 2015; N. Zhang et al., 2019). 

The X-ray diffraction pattern shows a complex structure with many overlapping peaks 

reflecting the crystalline phases found in the steel slag. Therefore, some researchers 
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determined the amount of mineralogy phases in the BOF sample as major, minor, and 

probable by qualitative analysis (Yildirim & Prezzi, 2015). BOF slag commonly contain 

srebrodol'skite (Ca2Fe2O5), portlandite (Ca(OH)2), lime (CaO), larnite (Ca2SiO4), wuestite 

(FeO), brownmillerite (Ca2(Al,Fe)2O5), periclase (MgO), calcite (CaCO3), quartz (SiO2), 

manganosite (MnO) and magnetite (Fe3O4) mineral phases (Cárdenas Balaguera & Gómez 

Botero, 2020; De Windt et al., 2011; Nunes et al., 2022; Yildirim & Prezzi, 2015; N. 

Zhang et al., 2019). 

The mineralogical structure of BOF slag differs according to the cooling rate of the 

material and whether it is kept in open air. One of the main differences between the 

mineralogic structures of Fresh Slag and Aged Slag samples is the amount of free lime 

and portlandite. In the presence of water, free lime hydrates and forms portlandite 

(𝐶𝑎(𝑂𝐻)2). 

𝑅𝑒𝑎𝑐𝑡𝑖𝑜𝑛 𝑜𝑓 𝑓𝑟𝑒𝑒 𝑙𝑖𝑚𝑒:   𝐶𝑎𝑂 + 𝐻2𝑂 → 𝐶𝑎(𝑂𝐻)2 

2.4. Steel Slag Treatment and Aging Process 

The volumetric instability of steel slag is primarily attributed to the existence of free lime 

(CaO), and when exposed to water, these compounds undergo extensive hydration. 

Notably, the hydration process is more evident when free lime interacts with water vapor 

as opposed to liquid water. This difference arises from the fact that the hydroxide formed 

through the reaction with water vapor occurs within the reaction zone, whereas the 

hydroxide resulting from the interaction with liquid water affects a larger volume through 

transport mechanisms (Ramachandran et al., 1964). 

Since the expansion nature of steel slag is destructive to civil engineering applications, 

various processes are applied to reduce the volumetric instability caused by the 

components of the steel slag by changing its chemical and/or mineralogical properties. 

These techniques include the use of additives, steam treatment, and aging. The aging of 

steel slag is to hold the steel slag in the open-air stockpile to ensure sufficient exposure to 

moisture. In some plants, to change the chemical composition of the slag, additives 

containing fly ash, silicates, and aluminates are added to the molten steel slag. In another 

method, steel slag is exposed to high temperature steam treatment to reduce its volume 

instability (Tsuyoshi SASAKI & Takuji HAMAZAKI, 2015).  

Steam aging and additive addition methods require the use of special equipment and labor-

intensive processes. These methods are not frequently used as they require significant 

additional costs in steel plants. Usually in the plants, slowly cooled steel slag is stockpiled 

for aging under atmospheric conditions. Aging is required for the hydration of free 

calcium and magnesium oxides in steel slag. However, open air stockpiling also facilitates 

the carbonation of these hydrated oxides (CO2 absorption from the air). If steel slag is 

deposited in large stocks, it is difficult to ensure a homogenous aging of the material in 
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the stocks. Some studies have suggested minimum aging periods for the use of steel slag 

in different applications. Experiments conducted both in the laboratory and in stock 

showed that the free lime content would decrease to near zero after 9-12 months of aging 

(Das et al., 2007). Another study indicated that the origin, grade and age of the steel slag 

stock affected the amount of steel slag expansion (Rohde et al., 2003). The results showed 

that the EAF slag should be aged in cone-shaped stocks with a height of 3 meters or less 

for at least 4 months. According to USGS, it is recommended that aging steel slag for 6 

months to use the slag as a road-based aggregate (Kalyoncu, 2001).  

2.5. XRF Chemical Analysis 

XRF constitutes a non-destructive analytical technique employed for elemental and 

chemical analyses of metals, petroleum, minerals, and construction materials. When a 

material is exposed to high-energy X-ray radiation, fluorescent X-rays are emitted from 

the excited material (West et al., 2013). The XRF method determines the chemical 

composition of a sample by measuring the fluorescence X-rays emitted when stimulated 

by the primary X-ray source. Figure 2 presents X-ray fluorescence process.  

 

Figure 2: Schematic representation of X-ray flourescence process 

Fluorescent X-rays emitted from each element depend on the intensity of the primary X-

ray source and the element concentration in the sample. As a result, each element present 

in a sample produces a distinctive set of fluorescent X-rays, similar to a fingerprint unique 

to that element (McGladdery et al., 2018). 
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In accordance with dispersion methodologies, XRF spectrometry can be categorized into 

two primary classifications: energy-dispersive spectrometry (EDS) and wavelength-

dispersive spectrometry (WDS) (Perring & Andrey, 2003). An energy-dispersive X-ray 

fluorescence (ED-XRF) spectrometer simultaneously captures X-rays over an extensive 

energy range and gives an output represented as a graph showing the intensity versus X-

ray photon energy. The voltages generated are directly proportional to the respective 

incoming photon energies. In energy dispersive analysis, a solid-state detector is 

employed, generating a continuous distribution of pulses (Perring & Andrey, 2003). The 

wavelength-dispersive X-ray fluorescence (WD-XRF) modality employs Bragg reflection 

through a crystal and functions in a serial configuration, directing the emitted fluorescent 

X-rays from the samples into a diffraction grating monochromator. By adjusting the angle 

of incidence, a singular X-ray wavelength can be specifically chosen and diffracted on the 

crystal. To cover the required wavelength range, multiple crystals with different 

interplanar spacing are required (West et al., 2013).  

In XRF analysis, the procedural steps involved in sample preparation exert a substantial 

influence on the quantitative results. Employing an unsuitable method for sample 

preparation can give rise to significant errors in the final results (Marguí et al., 2016). The 

methodologies for the preparation of solid samples include the use of pressed pellets, 

powder, or fusion beads. However, it is essential to homogenize the solid sample 

rigorously before these processes. As a guiding principle, the required particle size for a 

robust XRF analysis is considered optimal when it is ground at dimensions below 60 μm 

(Beckhoff et al., 2006). XRF measurement can be performed directly on the smooth 

surface of solid, liquid, and powder materials. In pressed pellets sample preparation, the 

powder sample is pressed using an organic binder. In the sample preparation by fusion 

bead, the ground sample is melted with melting chemicals such as lithium/borate wax at 

temperatures between 1000/1200 0C. 

Qualitative XRF data represents the raw information generated by the instrument during 

sample analysis. It appears as the count values detected by the XRF detector from element-

specific fluorescent X-rays and is visually presented in a graphical format. In the output 

spectrum, the x-axis shows the detected energies, while the y-axis shows the counts 

detected at each energy level. Given the element-specific nature of fluorescence X-rays, 

this foundational data distinguishes the presence of elements without specifying the 

quantitative composition of each element within the sample. 

Quantitative XRF analysis can determine the elemental composition of a sample with 

reliable precision. The acquisition of quantitative XRF data involves the development of 

calibration curves, necessitating the utilization of standards or samples with known 

concentrations. Fundamentally, a set of samples with predetermined concentrations 

covering the elements of interest are subjected to XRF analysis to establish correlations 

between peak heights or intensities and known concentrations. Subsequently, this 

calibrated relationship is employed to assess the concentration of an unknown sample by 

comparing its measured height against the established calibration curve. 
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2.6. XRD Mineralogical Analysis 

The constituent atoms within materials exhibit an inherent organization, expressed in 

distinct crystal structures and microstructures (Fultz & Howe, 2013). The periodic 

arrangement of atoms depends on external parameters including temperature, pressure, 

and the rate of cooling during the process of solidification. Substances and their 

compounds in the solid state are categorized into amorphous, polycrystalline, and single 

crystalline materials (Razeghi, 2019). Amorphous solid substances exhibit a lack of 

regularity in their atomic arrangement and demonstrate isotropic characteristics, 

displaying uniform properties in all spatial directions. Conversely, crystalline materials 

show anisotropic behavior due to the systematic and repetitive arrangement of their atoms, 

resulting in directional variations in their properties (Shackelford, 2015). Polycrystalline 

materials represent a mixture of diverse crystals characterized by distinct shapes and sizes.  

X-ray diffraction techniques use the diffraction pattern or intensities to analyze and 

characterize the atomic arrangement within each unit cell, calculating the positions of 

atoms and the angular spacing between them. Within crystal structures, atoms are arranged 

in a systematic and repetitive way, with the smallest repeating component termed a unit 

cell. The unit cell is depicted in Figure 3.  The dimensions of the unit cell, including the 

lengths of the three axes (a, b, c) and the angles between them, serve to characterize its 

shape and size (Ameh, 2019).  

 

Figure 3: Three-dimension unit cell 

Arrays of atoms are arranged by pure translation, without rotation or change in orientation, 

but by changing the position of the atoms. The translation can be in three dimensions, two 

dimensions, and one dimension (Putnam et al., 2007). A lattice refers to a collection of 

points systematically ordered within a crystal structure, and these lattices can be described 

through a set of translation vectors in both three and two dimensions (Razeghi, 2019) , as 

illustrated in Figure 4. 
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Figure 4: (a) Three-dimension lattice with translation vector (b) Two- dimension lattice with translation 

vector 

A set of coordinates, designated as h, k, l, defined by a line originating from the origin 

and intersecting either the axes (a, b, c) or the axial vector (a1, a2, a3), is termed the Miller 

indices corresponding to the lattice planes (Wood, 1964). Miller indices serve as a means 

to represent lattice planes and convey the spatial orientation of planes. 

The spatial lattice defines an infinite sequence of points in the spatial domain, such that 

the arrangement of points surrounding a point is the same as that surrounding any other 

point (Ameh, 2019). In lattice space, all conceivable arrangements of points in three 

dimensions can be covered by 14 distinct lattices, as described in Figure 5. 

 

Figure 5: The 14 Crystal Lattices 
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When X-rays interact with the atoms of a solid, the electrons inside the atoms scatter X-

rays. This scattering phenomenon results in the propagation of waves by atoms in various 

positions, leading to constructive or destructive wave interference along distinct directions 

(Fultz & Howe, 2013). Nonetheless, constructive interference occurs when a systematic 

configuration of the solid atomic structure is present. A noteworthy correlation exists 

between diffraction patterns and the periodic atomic arrangement within materials, 

particularly in crystals. An atomic arrangement characterized by extended, repetitive 

distances give rise to diffraction patterns at lower angles, whereas shorter repetitive 

distances result in diffraction at higher angles (Fultz & Howe, 2013). The determination 

of both the shape and dimensions of the unit cell relies upon the diffraction peak position, 

whereas the diffraction peak intensity serves as a determinant for establishing the atomic 

position and atomic number within a cell (Y. Zhang et al., 2002). 

After the discovery of x-ray diffraction, Bragg provided an explanation and measurement 

for the diffraction of monochromatic x-ray from a single crystal (Authier, 2001). This 

method posited an assumption predicated upon the structural configuration of crystals, 

wherein it postulates the existence of layers or atomic planes denoted as lattice planes with 

characteristic spacing distance denoted as d. Under this assumption, reflections occur 

when X-rays hit these atomic planes. (Sivia, 2011). Secondly, the incident beam maintains 

an equal angle with the corresponding diffracted beam within the lattice plane. To achieve 

constructive interference, adherence to Bragg's diffraction condition is imperative, where 

the path difference lengths must equate to nλ. A schematic of x-ray diffraction is given in 

Figure 6. 

 

Figure 6: Schematic representation of X-ray diffraction 

Bragg's law can be represented in Equation 1. 

𝜆 =  2𝑑ℎ𝑘𝑙ℎ𝑠𝑖𝑛𝜃ℎ𝑘𝑙 (1) 
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𝑑 =  
𝑑ℎ𝑘𝑙

𝑛
 (2) 

where λ is x-ray wavelength, n is order of reflection, d is spacing distance and θ is angle 

of the diffraction beam. n is the order of diffraction from a set of lattice planes (hkl) with 

interplane spacing dhkl. 

Every crystalline solid exhibits a distinct x-ray diffraction pattern, characterized by a 

unique arrangement of interplanar spacing and relative densities. This pattern serves as a 

distinctive fingerprint for each crystalline substance (Ameh, 2019). The determination of 

peak positions and intensities in the diffraction pattern of a specimen is executed, and the 

associated interplanar spacings are computed through the application of Bragg's law. 

Consequently, the identification of constituent phases within an unfamiliar specimen is 

facilitated by employing computerized algorithms that conduct a search within the powder 

diffraction standard database. This search is conducted with the aim of aligning the 

recorded interplanar spacing values of the most intense peak line. Concurrently, the 

quantification of phases present in the unidentified specimen is ascertained by evaluating 

the peak intensities of the most robust line in relation to the weight fractions of the phases 

constituting the mixture (Gilmore et al., 2004).  The Rietveld methodology is employed 

for the purpose of phase quantification. 

2.7. Rietveld Refinement 

XRD has established itself as a powerful tool for determining the composition of 

crystalline phases (Tamer, 2013).  It is a leading technique for quantitatively analyzing 

phases in complex multicomponent mixtures (Hadjadj & Chihi, 2022). This method 

facilitates the precise deconvolution of overlapped phase peaks. Rietveld refinements 

involve a least squares fit that aligns measured and simulated X-ray diffraction patterns 

(Monecke et al., 2001). Although the inclusive principle of Rietveld analysis minimizes 

the effect of overlapping reflections, unresolved peaks can marginally reduce the amount 

of distinguishable information. This generally do not compromise the technique's capacity 

to achieve a satisfactory state of convergence (David & David, 2006).  

The refinement process is carried out systematically through a methodological procedure 

in which patterns calculated using the least squares method are aligned with observed 

patterns until an optimal fit is obtained. The use of least squares refinement results in a 

minimized residual quantity denoted as Sy (David & David, 2006; Gomez et al., 2008). 

𝑆𝑦 =  ∑ 𝑤𝑖(𝑦𝑜𝑖 − 𝑦𝑐𝑖)2

𝑖
 

(3) 

where wi = 1/yci, yoi is the density observed in the first step and yci is the density calculated 

in the first step. 
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The calculated profile of the XRD powder patterns can be described by the following 

equation (Robert Alan Young, 1995).  

𝑦𝑐𝑖 = ∑ 𝐾𝐿𝐾|𝐹𝐾|2∅(2𝜃𝑖 − 2𝜃𝑘)𝑂𝑘𝐴 + 𝑦𝑏𝑖 (4) 

where S is the scale factor, K represents the Miller indices (hkl) for Bragg reflection, Lk 

includes Lorentz polarization and multiplicity factors, Ø is the reflection profile function, 

Ok is the preferred orientation function, A is an absorption factor, Fk is the structure factor 

for kth Bragg reflection, Ybi is the background intensity at the ith step. 

Several indices of error are employed to measure the advancement of the refinement. 

Among them is the weighted profile index, denoted as Rwp is given in Equation 5. 

𝑅𝑤𝑝 = [
 ∑ 𝑤𝑖(𝑦𝑜𝑖 − 𝑦𝑐𝑖)2

𝑖

∑ 𝑤𝑖(𝑦𝑜𝑖)1
𝑖

]

1/2

  (5) 

2.8. Ethylene Glycol Test 

The ethylene glycol test is a chemical method used to determine the free lime content in 

materials, including steel slag and cement. In this test, ethylene glycol is added to the 

sample, and the mixture is heated. The ethylene glycol reacts with Ca content. The 

unreacted ethylene glycol is then titrated to determine the amount consumed in the 

reaction, allowing for the calculation of the free lime content. 

In the chemical analysis of lime-containing materials, it is very important to avoid 

inadvertent inclusion of other lime phases such as tricalcium silicate and dicalcium 

silicate. Specifically, ethylene glycol is employed to extract any Ca(OH)2 and CaO3 

present in the sample. While this extraction method is not a problem for immediate 

analysis of a slag sample taken directly from the furnace, it is a problem for aged slag 

samples containing other calcium phases. Consequently, to derive an accurate value for 

the unreacted free lime in a given sample, it becomes imperative to separately determine 

the content of Ca(OH)2 and CaO3 through a Thermal Gravimetric Analysis (TGA) 

method. 

The chemical analysis of free lime shows poor reproducibility between laboratories. 

Sample exchange can help to approve the general agreement, but analyses should be 

performed quickly to avoid actual differences between different subsamples of the same 

material. Because steel slag samples are difficult to retain for any period of time without 

being changed by hydration and carbonation reactions. However, the samples may be 

added with a known amount of fresh calcined free lime to provide a calibration curve, but 

it may be questionable whether this will behave in the same way as pure lime in the slag 
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when extracted. For these reasons, the free lime content is not specified in European 

standards as slag expansion metric (Juckes, 2003).  
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CHAPTER 3 

 

3. HYPERSPECTRAL IMAGING AND UNMIXING 

3.1. Hyperspectral Imaging  

Hyperspectral imaging is capable of capturing images across numerous spectral bands 

spanning the electromagnetic spectrum, including visible, near-infrared (NIR), medium 

infrared, and thermal infrared wavelengths. Imaging spectrometers, specialized 

instruments, facilitate the acquisition of spectrally-resolved images of objects or scenes. 

The resultant data is structured as a three-dimensional data cube, with two dimensions 

representing spatial information and the third dimension corresponding to wavelength. 

Hyperspectral sensors have the capacity to collect a broad set of images across the 

electromagnetic spectrum.  It allows each pixel to be characterized by a spectral signature 

over the observed range. 

Hyperspectral imaging allows for a detailed examination of the spectral signatures 

associated with different materials, enabling the identification and differentiation of subtle 

variations that might be overlooked in traditional imaging methods. The ability to capture 

a wide range of spectral information at each spatial location provides a rich dataset for 

analysis and interpretation. 

The spatial and spectral dimensions in hyperspectral data offer distinct advantages in 

various scientific and industrial applications. For instance, in environmental monitoring, 

hyperspectral sensors can aid in the identification of specific vegetation types, minerals, 

or pollutants based on their unique spectral fingerprints. Recently, hyperspectral image 

analysis has been used for the characterization and classification of materials in areas such 

as steel slag chemical composition analysis (Picon et al., 2018), nonferrous material and 

slag classification (Picón, 2012; Rodriguez et al., 2010), electronic waste recycling 

(Sudharshan et al., 2020), plastics characterization and sorting (Bonifazi et al., 2016), raw 

materials classification (Rodriguez-Cobo et al., 2012), and soil composition analysis 

(Viscarra Rossel et al., 2006). 

The extensive spectral information in Hyperspectral Imaging (HSI) proves invaluable for 

resolving scenes based on targets or materials. Despite the potential for targets to be mixed 

with various materials within a single pixel, hyperspectral data analysis enables their 

detection at a sub-pixel level through the application of spectral processing techniques. 
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By exploiting the full spectral range, hyperspectral imaging provides a powerful tool for 

discerning and characterizing materials in a scene. Identifying the components within 

spectral mixtures and quantifying the proportion of each substance in individual pixels 

remains a widely discussed challenge in the literature, retaining its significance in current 

research. This issue becomes particularly pronounced in applications such as target 

detection, where the necessity arises to identify targets smaller than the pixel size in 

images with low spatial resolution. Hyperspectral unmixing is proposed as a solution to 

address such challenges, aiming to ascertain the number of materials present in a given 

hyperspectral data cube, identify these materials, and determine their spatial distribution 

within the dataset. The main stages of the hyperspectral unmixing process are given in 

Figure 7. 

 

Figure 7: Main stages of hyperspectral unmixing process 

This chapter provides in-depth insights into the main stages of the hyperspectral unmixing 

process. These steps include methodologies for estimating the number of endmembers, 

techniques for extracting endmembers, and methodologies for estimating abundances. 

Since this study aims to find the amount of free lime in BOF slag, the estimation of the 

number of endmembers in the unmixing problem is omitted. 

3.2. Endmember Extraction  

The process of endmember selection constitutes a critical aspect of the spectral unmixing 

problem, playing a pivotal role in achieving enhanced subpixel composition accuracy. 

Traditional methods for endmember determination relied on the laborious laboratory 

analysis of specific terrain segments. In these early approaches, prior knowledge about the 

composition of a particular part of the image was assumed to be representative of the set 

of all endmembers in the image. However, this method becomes impractical when dealing 

with extensive datasets. Over the past two decades, there has been a significant shift 

towards the development of efficient unsupervised endmember selection methods in 

scientific literature. The majority of these methods are grounded in the convex geometry 

model, offering a more streamlined and scalable approach. This shift has proven essential 

for handling the challenges posed by the analysis of large datasets, enabling a more 

automated and computationally efficient endmember selection process. Extraction 

algorithms can be categorized into two groups: those that operate under the assumption of 
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the presence of pure pixels for each endmember in the image and those that do not make 

such an assumption. 

N-FINDR and Vertex Component Analysis (VCA) represent automated methodologies 

designed to identify the set of pixels defining the simplex with the maximum volume in 

hyperspectral data. The basic concept suggests that in a dataset with p spectral bands, the 

p-dimensional simplex of pure pixels gives the largest volume.  

N-FINDR is an algorithm for endmember selection (Winter, 1999). It starts with a set of 

pixels randomly selected as potential endmembers. At each iteration, the algorithm 

systematically replaces the remaining image pixels with candidates if the volume of the 

simplex increases. The iteration process ends when the simplex volume is no longer 

modified. The vertices of the resulting simplex represent the selected endmembers within 

the hyperspectral data. 

VCA is an alternative algorithm aiming to identify the maximum volume simplex 

(Nascimento & Dias, 2005). This method operates based on two fundamental principles. 

Firstly, in the case of pure endmembers in the scene, these endmembers form the vertices 

of a simplex. Secondly, an affine transformation of a simplex retains its simplex nature. 

At each iteration, the algorithm projects the data onto a direction orthogonal to the 

subspace spanned by the pre-determined endmembers. The resulting endmember 

signature corresponds to the extreme of this projection. The iterative process continues 

until all endmembers are exhaustively identified. 

3.3. Spectral Unmixing Models 

A mixing model serves as a systematic approach to describe how endmembers contribute 

to the mixed spectrum recorded by the sensor. The conventional model in addressing the 

hyperspectral data unmixing challenge within the realm of image processing literature is 

the Linear Mixing Model (LMM). However, the adequacy of LMM is questioned when 

confronted with scenarios involving multi-scattering effects and intricate material 

interactions. To overcome these limitations, the incorporation of nonlinear unmixing 

models emerges as a viable solution. 

The adoption of the linear mixing model proves efficacious when two key assumptions 

hold. Firstly, it assumes that the mixing occurs on a macroscopic scale. Secondly, it 

assumes that each photon reaching the sensor interacts exclusively with a single material. 

While the macroscopic scale assumption aligns with certain scenarios, it falls short in 

situations where microscopic-scale interactions are prevalent. Various models, grounded 

in the radial transfer theory, have been proposed to capture the intricate interactions of 

light when encountering a mixture surface composed of particles. 

Alternatively, nonlinear interactions may occur on a macroscopic scale within a 

multilayered structure. In such instances, where light traverses multiple materials before 
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reaching the sensor, the model is termed the bilinear mixing model. Figure 8  provides a 

visual representation of these three models. The consideration of both linear and nonlinear 

mixing models expands the analytical toolkit for effectively addressing the complexities 

inherent in hyperspectral unmixing scenarios. 

  

(a) 

 

(b) 

 

(c) 

Figure 8: (a) Linear Model, (b) Nonlinear Model, (c) Bilinear Model 

LMM is often used in the image processing literature for the unmixing problem of 

hyperspectral data. The use of LMM is reasonable when the mixture is macroscopic 

(Bioucas-Dias et al., 2012). The measured spectrum 𝑦𝜖ℝ𝐿 in the pth pixel is given 

Equation 6. 

𝒚𝑝 =  ∑ 𝑎𝑟,𝑝

𝑅

𝑟=1

𝒎𝑟 + 𝒏𝑝 
(6) 

where L is the number of spectral bands, 𝑅 is the number of endmembers present in the 

image, 𝒎𝑟 is the spectral signature of the 𝑟th endmember,  𝑎𝑟,𝑝 is the abundance of the 

rth material in the pth pixel and np is the measurement noise and the modelling error. 

However, LMM may not be sufficient for multiple scattering effects of the mixture 

components. Nonlinear unmixing models can be considered a solution to the limitations 
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of LMM. A nonlinear interaction occurs at the macroscopic scale when light scattered by 

a particular material is reflected from other materials before it reaches the sensor. Bilinear 

Mixing Model have been proposed to analytically describe these interactions by 

incorporating the reflectance of the mixing components in the image.  Mathematically, the 

observed spectrum 𝑦𝑝 for most bilinear models is expressed as follows: 

𝒚𝑝 =  ∑ 𝑎𝑟,𝑝

𝑅

𝑟=1

𝒎𝑟 + ∑ ∑ 𝛽𝑖,𝑗,𝑝𝒎𝑖⨀𝒎𝑗 + 𝒏𝑝

𝑅

𝑗=𝑖+1

𝑅−1

𝑖=1

 
(7) 

where ⨀ is the term wise product, the coefficient 𝛽𝑖,𝑗 determines the amount of 

nonlinearity between 𝒎𝑖 and 𝒎𝑗.  The first term on the right-hand side of Equation 7 

models the linear contribution in the mixture, and the second term models the nonlinear 

interactions between materials. 

In another study (Fan et al., 2009) Fan Model (FM) defines the nonlinearity coefficient as 

a function of the abundance coefficients that is expressed in Equation 8. 

𝒚𝑝 =  ∑ 𝑎𝑟,𝑝

𝑅

𝑟=1

𝒎𝑟 + ∑ ∑ 𝑎𝑖,𝑝𝑎𝑗,𝑝𝒎𝑖⨀𝒎𝑗 + 𝒏𝑝

𝑅

𝑗=𝑖+1

𝑅−1

𝑖=1

 
(8) 

In order to generalize the LMM and Fan model, Generalized Bilinear Model (GBM) 

(Halimi et al., 2011) is proposed. In this model, the interaction coefficient 𝛾𝑖,𝑗 quantifies 

the nonlinear interaction between the spectral components 𝒎𝑖 and 𝒎𝑗. 

𝒚𝑝 =  ∑ 𝑎𝑟,𝑝

𝑅

𝑟=1

𝒎𝑟 + ∑ ∑ 𝛾𝑖,𝑗,𝑝𝑎𝑖,𝑝𝑎𝑗,𝑝𝒎𝑖⨀𝒎𝑗 + 𝒏𝑝

𝑅

𝑗=𝑖+1

𝑅−1

𝑖=1

 
(9) 

 

Moreover, this model can generalize both LMM when 𝛾𝑖,𝑗 = 0 and FM when 𝛾𝑖,𝑗 = 1. 

The mentioned LMM, FM and GBM only describe the interaction of macroscopic 

mixtures. Another study (Altmann et al., 2012) Polynomial Post Nonlinear Model 

(PPNM) proposes an approximate model that can describe a large class of nonlinearities. 

In this model expressed in Equation 10, the observed pixel spectrum is defined as the 

nonlinear transform of a linear mixture of endmember spectrum. 

𝒚𝑝 =  𝒈𝑏 (∑ 𝑎𝑟,𝑝

𝑅

𝑟=1

𝒎𝑟) + 𝒏𝑝 
(10) 

the nonlinear function 𝑔 is defined as a quadratic polynomial nonlinearity such that 
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𝒈𝑏 : (0,1)𝐿 →  𝑅𝐿  
 

𝒙 → [𝑥1 + 𝑏𝑝𝑥1
2, … , 𝑥𝐿 +  𝑏𝑝𝑥𝐿

2]
𝑇

 (11) 

where the 𝑏𝑝 parameter determines the amount of nonlinearity present in the pth pixel of 

the image. This model can be rewritten as: 

𝒚𝑝 = 𝑴𝒂𝑝 + 𝑏𝑝(𝑴𝒂𝑝)⨀(𝑴𝒂𝑝) + 𝒏𝑝 
(12) 

where 𝑴 = [𝒎𝟏, … , 𝒎𝑷] and 𝒂𝑝 =  [𝑎1,𝑝, … , 𝑎𝑃,𝑝]
𝑇
. 

The aforementioned bilinear and PPNM models do not consider endmember interactions 

in mixtures with more than two components. However, these interactions may have a 

significant effect on the spectra of materials containing complex geometric structures, 

such as intimate mixtures. The Multilinear Mixing Model (MLM) (Heylen & Scheunders, 

2016) which models more complex mixtures with the interaction of more than two 

endmembers, can be used. 

In the proposed method, after the endmembers are selected, the abundances of the mixture 

components are calculated using the aforementioned mixing models. For this purpose, 

there are least square error-based analytical methods in the literature (Bro & De Jong, 

1997; Chein-I Chang & Heinz, 2000; Heinz & Chein-I-Chang, 2001).
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CHAPTER 4 

 

4. PROPOSED METHOD 

The workflow diagram of the processes involved in the proposed method is shown in 

Figure 10. The main components of the proposed method will be detailed in the following 

subsections. 

4.1. Data Acquisition and Light Normalization  

Hyperspectral image was collected from the BOF slag sample with the Headwall A-Series 

camera mounted on a conveyor belt presented in Figure 9. The Headwall A-Series camera 

is a line scan hyperspectral camera covering a range within the VNIR and collects data in 

406 bands in the range of 400-1000 nm. The sample was illuminated with the ASD 

Illuminator reflectance lamp-quartz-tungsten halogen unit. The lighting system is 

positioned to form 60°-70° with the camera axis to reduce the irradiance effect. 

 

 

Figure 9: Data collection setup for the proposed method for the measurement of free lime  quantity in BOF 

slag



 

 

 

Figure 10: Workflow of the proposed method for the measurement of free lime  quantity in BOF slag
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A white reference panel and a black reference (blinding the camera with its lens cap) were 

used in the data collection phase of each sample. Light normalization was applied to the 

sample raw data by using the spectra collected from these references. The resulting 

spectral data is represented by an image matrix in which each pixel at a location is 

represented by a vector. y is the vector representation of the spectrum defined by the 

intensity responses of the L wavelengths, and W and B are vectors representing the white 

and black references of the spectrum. 

𝒚 =  {𝑦1, 𝑦2, … , 𝑦𝐿}𝑇 
(14) 

To use the full dynamic range of the camera, the hyperspectral image was normalized 

using the white (W) and black reference (B) panel reflections as follows: 

𝒚̂(𝜆𝑖) =  
𝒚(𝜆𝑖) − 𝑩

𝑾 − 𝑩
 (15) 

4.2. Shadow Detection 

Since the BOF slag is in various granularities, the BOF slag particles in coarse BOF slag 

form a shadow under the illumination in the data collection system. These shadow areas 

in the collected images negatively affect the unmixing and endmember extraction 

performance. Therefore, shadow areas should be determined before endmember 

extraction, and these areas should be either corrected or exempted from the analysis. We 

adopted the latter option.The Spectral Angle Mapper (SAM) was used to find the shadow 

areas in the scene. SAM method is used to measure the angular similarity between the two 

spectra by calculating the spectral angle between the target spectrum and image pixels. In 

the following expression  𝒚 =  [𝑦1, … , 𝑦𝐿] is the spectral signature of the pixel and d=
[𝑑1, … , 𝑑𝐿] is the target spectral signature used to calculate the angular distance: 

𝛼 = 𝑐𝑜𝑠−1 (
𝒚𝑇𝒅

||𝒚|| .||𝒅||
) ,      

(16) 

Especially in coarse BOF slag samples, shadow regions depict different spectral 

characteristics and these regions need to be extracted. For this purpose, five different 

shadow pixels are manually selected from the image and the average of these pixels is 

calculated. Then, the spectral similarity of all pixels in the image with the shadow pixel is 

calculated using the SAM method. Regions whose spectral similarity value calculated for 

each pixel falls below a specific threshold value are marked as shadows and are exempted 

from the analysis. Coarse BOF slag sample and regions calculated as shadows are shown 

in Figure 11. 
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(a) (b) 

Figure 11: (a) Shadow areas due to various BOF slag granularities under illumination (b) Shadow areas 

detected by the SAM method, marked in white color 

4.3. Endmember Extraction 

In order to determine the component ratios of a mixture with using unmixing models, the 

pure spectra of the components should be given as input to the unmixing algorithm. The 

main purpose of the study is to find the amount of free lime in the BOF slag. Although the 

pure form of free lime can be obtained, there is no standard spectra since BOF slag is a 

mixture with variable component abundances. Therefore, in order for the BOF slag 

components to be used as an endmember in unmixing models, its spectral signature must 

be obtained from the collected hyperspectral data by endmember extraction methods. 

Endmember extraction methods can be generally classified as statistical or geometric 

approaches. The geometric approach uses the fact that the hyperspectral vectors belong to 

the simplex set whose vertices correspond to endmembers. Therefore, it is aimed to 

determine the vertices of the simplex in question in order to find the endmembers. 

Methods that use the assumption that there is at least one pure pixel in the analyzed data 

for each endmember are N-FINDR (Winter, 1999) , Pixel Purity Index (PPI) (Joseph W. 

Boardman et al., 1995)  , and VCA (Nascimento & Dias, 2005) methods. Additionally, 

several methods have been developed to formulate the minimum volume simplex for 

endmember identification in data sets where not all endmembers or at least a portion of 

them are present in their pure form. Among these methods, Minimum Volume Simplex 

Analysis (MVSA) (J. Li & Bioucas-Dias, 2008), Simplex Identification via Split 

Augmented Lagrangian (SISAL)(Bioucas-Dias, 2009) methods do not use the assumption 

of pure pixel presence in the data. In this study, both geometric approaches that make use 

of the assumption of pure pixels within the data set and those that do not will be used to 

determine the spectral signature of the BOF slag components. 

To determine the amount of free lime in BOF slag, the number of mineralogical phases in 

the material and the reflectance of these phases should be determined. The number of 

components of BOF slag and the amounts of these components vary according to the 

chemical structure of the material. Since our aim in this study is to determine the amount 

of lime in Fresh and Aged BOF slag, the endmember of the BOF slag will be extracted as 

free lime and other mineralogical components of the BOF slag. Lime produced in Erdemir 

Lime Facility was used as free lime endmember, and contact with air was prevented until 
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the hyperspectral image of the sample was collected. The reflectance of lime is given in 

Figure 12. 

 

Figure 12: Reflectance of free lime to be used as endmember for the unmixing process of BOF slag 

During the BOF steelmaking process, fluxes(limstone, dolomite etc.) and iron ore undergo 

spectral alterations due to high temperature and oxygen pressure interactions. 

Consequently, the direct use of reflectance values obtained for lime not involved in the 

BOF production process was avoided as an endmember in the proposed method. Instead, 

a semi-supervised approach was employed. The reflectance data closely resembling the 

unprocessed lime were identified and considered as the lime endmember for the proposed 

method. As steel BOF slag comprises free lime with known reflectance and other 

mineralogical phases with unknown reflectance, extracting the BOF slag's endmember 

proves challenging. To address this, unsupervised methods were utilized to extract BOF 

slag reflectance for different numbers of components (ranging from 2 to 8). By comparing 

the pure spectra of free lime with the unsupervised components obtained using the SAM 

method, the component exhibiting the highest similarity was designated as the free lime 

endmember. All other components were attributed to the spectra of the other mineralogical 

phases. The reflectances of the remaining BOF slag components and the lime endmember 

were then utilized in unmixing algorithms to calculate the respective component amounts. 

For experimentation, data were collected with two sample granularities: fine and coarse. 

Given that the coarse material is more likely to contain more pure components, the 

endmember was extracted from the hyperspectral image of the coarse material. 
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Conversely, fine BOF slag samples were used for estimating abundances through 

unmixing models. 

As a result of the experiments carried out for Aged BOF slag, the endmembers obtained 

with the endmember extraction method MVSA gave the best unmixing result. The 

endmember obtained for the optimum number of endmember determined as 5 is shown in 

Figure 13. Since the SAM value of the component plotted in blue in the graph is the lowest 

with the reference CaO, this component is designated as CaO. 

 

Figure 13: Endmember extracted by MVSA method for the unmixing process of aged BOF slag 

The experimental findings for Fresh BOF slag indicate that the endmembers obtained with 

the SISAL method gave the most accurate unmixing result. Figure 14 illustrates the 

endmember obtained when employing the optimal number of endmember as 5. In this 

graph, the determined CaO endmember is plotted in blue. 
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Figure 14: Endmember extracted by SISAL method for the unmixing process of fresh BOF slag  

4.4. Hyperspectral Unmixing 

In the proposed method, after the endmembers are selected, the abundances of the mixture 

components are calculated using the aforementioned mixing model. For this purpose, 

there are least square error-based analytical methods in the literature (Bro & De Jong, 

1997; Chein-I Chang & Heinz, 2000; Heinz & Chein-I-Chang, 2001) 

In this study, sequential quadratic programming, a constrained nonlinear optimization 

method, is used for abundance estimation. In the applied method, an error rate close to the 

target pixel is tried to be reached by changing the abundance parameter in the mixing 

model. The loss function is defined as the difference between the observed spectra and the 

spectra obtained using mixing models in the optimization method. It is assumed that the 

abundances of the components that make up the mixture are in the range of [0,1], and the 

sum of the component abundances is equal to one. In the applied optimization method, 

these assumptions are defined as non-negativity and sum-to-one constraints. In addition, 

Non-negative Least Square (NNLS) was used as an analytical method in this study. During 

the calculation using this method, the utilization of the nonnegativity constraint is 

implemented, whereas the constraint of sum to one is not employed.  
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Some studies (Bioucas-Dias et al., 2012; Dobigeon et al., 2014) provide a comprehensive 

review of hyperspectral mixing and clearly explain the domain and techniques. However, 

although there are deep learning and autoencoder-based unmixing (Palsson et al., 2018) 

and classification (Y. Li et al., 2017) methods in the literature, a comparison with these 

methods has not been made in the scope of this study because there is not enough ground 

truth for a training-based method.  

4.5. Chemical and Mineralogical Compositions of BOF Slag 

In this study, XRF and XRD measurement and Rietveld analysis were performed to 

validate the amount of free lime obtained from HS images by the proposed method. 

Firstly, the chemical structure of BOF slag was determined by XRF measurement. Then, 

the phase identification of the material were carried out by XRD measurement using the 

elements identified by XRF measurement. The XRD pattern was analysed by the Rietveld 

method and the amounts of the mineralogical phases of the material were quantitatively 

calculated. 

4.6. Weight Abundance to Surface Abundance Conversion 

The proposed method calculates the component abundances based on the surface area 

occupied by the mixture components. On the other hand, Rietveld results      used as the 

ground truth determine the weight ratios of the mixture components. To ensure accurate 

performance evaluation, a conversion between weight ratio and surface ratio is performed. 

This conversion allows for a meaningful comparison and validation of the proposed 

method against the Rietveld results. 

The aforementioned transformation involves utilizing the angles, dimensions, and 

molecular weights of the mineral crystal structures. The number of moles in the weight 

ratio obtained by Rietveld analysis is calculated by using the molecular weight of the 

minerals. Then, the surface area occupied by one mole of each phase is calculated based 

on their crystal parameters. Subsequently, the weight fraction obtained from Rietveld 

analysis is converted into surface fraction by multiplying the number of moles and the 

surface area for each phase. Table 1 provides the crystal parameters of the phases 

identified through Rietveld analysis for the BOF slag sample. 

 



 

 

Table 1: Crystal parameters of the phases identified through Rietveld analysis for the BOF slag 

Mineral a b c Alpha Beta Gamma Density 
Cell 

Volume 

Moleular 

Weight 
Cyrstal Structure 

Lime 4,778 4,778 4,778 90 90 90 3,41 109,08 56,08 Cubic 

Alite 
12,235 7,073 9,298 90 116,31 90 3,15 721,28 228,32 Monoclinic 

Brownmillerite 
5,403 14,678 5,592 90 90 90 3,91 443,47 240,09 Orthorhombic 

Larnite 
5,507 6,751 10,426 90 117,175 90 3,32 344,83 172,24 Monoclinic 

Portlandite 3,584 3,584 3,584 90 90 120 2,2 54,46 74,09 Hexagonal 

Srebrodolskite 
5,42 14,743 5,597 90 90 90 3,98 447,24 271,85 Orthorhombic 

Wuestite 
5,264 3,033 3,063 90 124,646 90 5,88 40,23 71,85 Monoclinic 

Periclase 4,055 4,055 4,055 90 90 90 4,01 66,68 40,3 Cubic 

Manganosite 4,396 4,396 4,396 90 90 90 5,55 84,95 70,94 Cubic 

Magnetite 8,263 8,263 8,263 90 90 90 5,45 564,17 231,54 Cubic 
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CHAPTER 5 

 

5. RESULTS 

5.1. Dataset  

Two separate experiments were carried out using aged and fresh BOF slag samples. The 

first experiment was carried out with aged BOF slag samples with low lime content, which 

were kept in open air for 6 months after steelmaking with BOF. The second experiment 

was carried out with Fresh BOF slag samples with high lime content collected from the 

furnace after steelmaking with BOF and without any post-processing. These fresh samples 

were taken from different production batches and kept in the desiccator without any 

contact with air until the hyperspectral image was taken. BOF slag samples were taken 

from Erdemir's production and BOF slag stocking area, shown in Figure 15.  

 

  

(a) (b) 

Figure 15: (a) Basic oxygen furnace where the fresh slag used in the experiments was collected (b) Stock 

area where the aged BOF slag used in the experiments was collected 

 

The sizes of these BOF slag samples range from 40-50 microns to 4-5 cm. Half of each of 

the BOF slag samples was separated and ground to 50-micron size, and the remaining part 
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was left unground. Thus, two different sizes, coarse and fine, were obtained for each 

sample. Fine samples have a more homogeneous structure than coarse ones since they are 

small in size, the surface of the sample is flat with neglectible shadow effects. For this 

reason, fine samples were used to obtain an accurate result during the validation of the 

results obtained by hyperspectral unmixing. However, since coarse samples are 

heterogeneous, the probability of pure material pixels in the hyperspectral image of the 

mixture is high. Therefore, the coarse sample was used before the unmixing process in the 

endmember extraction step. Red-Green-Blue (RGB) image for coarse and fine sizes of 

Aged and Fresh BOF slag samples are given in Figure 16. 

 

  

(a) 

 

(b) 

  

(c) (d) 

Figure 16: (a) Coarse Aged Slag (b) Fine Aged Slag (c) Coarse Fresh Slag (d) Fine Fresh Slag 

 

After the fine samples were obtained, the hyperspectral images of the BOF slag samples 

were collected in 406 bands in the 400-1000nm range. In Figure 17, reflectances of fine 

fresh and aged samples are presented. Any pre-processing was not applied for the 

reflectance of the test data and the reflectances plotted in Figure 17 were calculated as the 

average of the test data used in the experiment for each mixture. 
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Figure 17: Reflectance of fine fresh slag sample collected from BOF without contact with air and fine 

aged BOF slag collected from slag stock area  

5.2. XRF and XRD Measurement and Rietveld Analysis  

XRF analyses were performed on Panalytical Zetium XRF device and analyzed with Rd 

anode and Wroxi mineral measurement system. Melting method was preferred as sample 

preparation method for XRF Analysis. The samples were prepared in the Eagon-2 electric 

melter. Chemical compositions of 5 fresh BOF slag and 5 aged BOF slag samples are 

given in Table 2. 

Table 2: Chemical composition of BOF Slag 

Elements Fresh BOF slag (%) 6 Month Aged BOF slag (%) 

Al 0,71 - 1,67 0,99 - 1,22 

Ba 0 - 0,02 0 - 0,01 

Ca 44,85 - 55,0 49 - 54,3 

Cr 0,15 - 0,22 0,14 - 0,15 

Cu 0 - 0,01 0 
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Table 2 (cont.) 

Fe 25 - 31,92 15,82 - 19,57 

K 0 - 0,02 0 

Mg 2,76 - 4,09 1,92 - 2,99 

Mn 2,64 - 3,28 2,78 - 3,25 

Na 0,13 - 0,86 0 - 0,01 

P 2,01 - 2,37 1,17 - 2,17 

Pb 0 - 0,01 0 

S 0,11 - 0,18 0,12 - 0,23 

Si 8,24 - 10,18 5,42 - 8,08 

Sr 0,01 - 0,02 0,01 

Ti 0,64 – 0,97 0,43 - 0,51 

V 1,29 - 1,49 0,86 - 1,36 

Zn 0- 0,01 0 

 

Based on XRF measurements, the elements Al, O, Ca, Fe, Mg, Mn, Na, P, Si, Ti, and V 

were selected for phase identification, as their respective quantities are provided in Table 

2. The elements Ba, Cr, Cu, K, Pb, S, Sr and Zn with amounts of less than 0.5% were      

neglected for the phase identification because their amounts were too small and may 

complicate the subsequent calculations of the Rietveld analysis. 

The composition of phases was determined using Panalytical Empyrean XRD using a Co 

Kα source (λ=1,78901 A⁰) operated at 40 kV and 40 mA using a step size of 0,01 with a 

collection time of 10 minutes. 

Rietveld refinement was applied using HighScore Plus software and COD mineralogical 

database. Ray Young Refinement Strategy (Robert Alan Young, 1995) is used for Rietveld 

Refinement, which takes into account the scale factor, zero shift or specimen displacement 

(not both), linear background, lattice parameters, more background, peak width, atom 

positions, preferred orientation, u, v, and other profile parameters. Rwp was used as the 

error index in the Rietveld analysis (Robert Alan Young, 1995). This metric is derived 

directly from the square root of the minimized quantity, scaled by the weighted intensities. 
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Rietveld analysis was conducted on 50 fresh BOF slag samples and 12 prepared mixture 

samples to validate the lime abundances obtained through hyperspectral unmixing. In the 

literature, a recommended Rwp value below 10% serves as the error metric for Rietveld 

analysis (Shams et al., 2018). Notably, all analyses performed in this study yielded an 

Rwp value of less than 10%, indicating the accuracy and reliability of the results. Figure 

18 presents the Rietveld analysis results and peak list of lime and portlandite for an aged 

BOF slag sample, while Figure 19 depicts the corresponding data for a fresh BOF slag 

sample. 

 

Figure 18: Rietveld mineralogical analysis result and peak list of free lime and portlandite for a aged BOF 

slag sample. Portlandite (P), Srebrodolskite (S), Larnite (La), Wuestite (W), Periclase (Pe), and Magnetite 

(M) 

Figure 18 illustrates the XRD pattern of the aged BOF slag sample, revealing a lack of 

alignment with lime peaks. This discrepancy suggests a minimal or absent free lime 
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content in the sample. Exposure to ambient air resulted in the oxidation of Ca-containing 

minerals within the sample, transforming them into portlandite. The peaks observed at 

approximately 20 and 40 degrees align with portlandite, indicative of a substantial 

portlandite content in the sample. Rietveld analysis of the XRD pattern facilitated the 

determination of the major mineralogical composition, revealing the presence of 

Portlandite, Srebrodolskite, Larnite, Wuestite, Periclase and Magnetite in the material. 

 

Figure 19: Rietveld mineralogical analysis result and peak list of free lime and portlandite for a fresh BOF 

slag sample. Brownmillerite (B), Srebrodolskite (S), Larnite (La), Lime (Li), Periclase (Pe) and Magnetite 

(M) 

Figure 19 illustrates the alignment of sample peaks at approximately 37, 44, and 65 

degrees with lime peaks, suggesting a substantial presence of free lime in the sample. 

Conversely, the absence of portlandite peaks in the XRD pattern of the fresh BOF slag 

sample indicates a minimal or negligible portlandite content. Utilizing Rietveld analysis 
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on the XRD pattern, the primary mineralogical composition of the material was 

determined to include Brownmillerite, Srebrodolskite, Larnite, Lime, Periclase, and 

Magnetite. 

5.3. Evaluation Metrics 

In the conducted experiments, two distinct evaluation metrics were employed: RMSE, and 

correlation coefficient. The reported error for both RMSE was determined by comparing 

the lime abundance obtained through the proposed method with that calculated from the 

Rietveld analysis. The abundance is expressed as a surface percentage. 

𝑅𝑀𝑆𝐸 = √∑
(𝑥𝑖 −  𝑦𝑖)2

𝑛

𝑛

𝑖=1

 

 

The correlation coefficient metric was employed to assess the degree of correlation 

between the lime quantity obtained through the proposed method and the lime quantity 

calculated via Rietveld analysis.  

𝑟 =  
∑ (𝑥𝑖 − 𝑥)(𝑦𝑖 − 𝑦̅)𝑛

𝑖=1

√∑ (𝑥𝑖 − 𝑥)2𝑛
𝑖=1 ∑ (𝑦𝑖 − 𝑦̅)

2𝑛
𝑖=1

 

 

RMSE values show the average error, given as a percentage, where x is the output of the 

proposed method, y is the rietveld analysis result. The Pearson correlation coeffcient is r, 

𝑥̅ is the mean of output values of proposed results and 𝑦̅ is the mean of output values of 

rietveld analysis. 

5.4. Experimental Results 

This study encompasses two distinct experiments. The first experiment involved aged 

BOF slag samples with low lime content, which were exposed to open air for 6 months. 

In the first experiment, known quantities of lime were added to the original sample and 

mixtures with different lime contents were formed. In this way, the performance of both 

Rietveld and the proposed hyperspectral unmixing method was measured. In the second 

experiment, samples with high lime content were collected from BOF without exposure 

to air. Here, the proposed method's validity was established by comparing the lime 

abundance calculated with Rietveld analysis. Since free lime significantly influences the 
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BOF slag's expansion characteristics, the abundance calculation was performed for two 

endmembers: free lime and BOF slag in the hyperspectral images. However, calculation 

of the abundances of other mineral phases in the BOF slag is out of the scope of this study. 

 

Experiment 1 

Rietveld analysis is employed to calculate phase quantities with a certain margin of error. 

However, testing the method with a sample containing a high lime content could 

negatively impact its validation performance. To ensure a fair evaluation, a 6-month aged 

BOF slag sample with low free lime content was selected. This controlled experiment 

allowed for the measurement of both the proposed unmixing method and Rietveld analysis 

performance.  

In this experiment, 12 mixtures were manually prepared with specific lime ratios. The 6-

month aged BOF slag sample was ground to a particle size of 50 microns, ensuring 

homogeneity. This homogeneous mixture was then divided into 11 portions, each 

containing 5 grams. To obtain 11 different mixtures with known mixing ratios, varying 

amounts of pure lime (ranging from 0.05 g to 5 grams) were added to these separate 5-

gram samples. The mixtures were labeled from Mixture 1 to Mixture 11, representing the 

ascending order of lime quantity, respectively. RGB images of the resulting mixtures are 

given in Figure 20.  

 

  

(a) (b) 

  

(c) (d) 

  

(e) (f) 

  

(g) (h) 
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(i) (j) 

  

(k) (l) 

Figure 20: RGB images of the aged slag mixtures, that labeled from Mixture 1 to Mixture 11, representing 

the ascending order of lime quantity. (a) Aged Original; (b) Aged Mixture 1; (c) Aged Mixture 2; (d) Aged 

Mixture 3;  (e) Aged Mixture 4;  (f) Aged Mixture 5; (g) Aged Mixture 6;  (h) Aged Mixture 7;  (i) Aged 

Mixture 8;  (j) Aged Mixture 9;  (k) Aged Mixture 10;  (l) Aged Mixture 11 

Any pre-processing was not applied for the reflectance of the test data and the reflectances 

plotted in Figure 21 were calculated as the average of the test data used in the experiment 

for each mixture. 

 

Figure 21: Reflectance of the aged BOF slag mixtures prepared with diffrent ratios of lime quantity 

 

As depicted in Figure 21, there is minimal variation in reflectance for mixtures containing 

less than 5% lime content. However, as the lime content surpasses 5%, the changes in 

reflectance align consistently with the lime content present in the BOF slag. 
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Figure 22: XRD pattern of the aged BOF slag mixtures prepared with different ratios of lime quantity 

The original sample, which was exposed outdoors for 6 months, exhibits a low lime 

content and a high presence of portlandite. As illustrated in Figure 22, the original material 

(depicted in black) displays a prominent peak for portlandite at 22 degrees, along with 

minor lime peaks at 37, 44, and 65 degrees. However, with an increase in the lime content 

in the mixture, the peaks at 37, 44, and 65 degrees demonstrate noticeable augmentation. 

The comparison of hyperspectral test results and Rietveld results for 12 different samples 

is given in Table 3.  

Table 3: Experimental results for free lime composition of aged BOF slag  

BOF Slag Samples Added CaO 

(gr) 

Total Weight 

(gr) 

Rietveld Result 

Surface 

Fraction(%) 

HSI Result 

(%) 

 

Aged-Original 0 5 0,36 0,24 

Aged-Mixture1 0,05 5,05 1,41 4,79 

Aged-Mixture2 0,1 5,1 2,91 5,86 

Aged-Mixture3 0,15 5,15 3,72 6,26 

Aged-Mixture4 0,25 5,25 8,27 8,26 
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Table 3 (cont.) 

Aged-Mixture5 0,4 5,4 12,68 12,12 

Aged-Mixture6 0,6 5,6 15,83 15,86 

Aged-Mixture7 0,9 5,9 25,73 22,77 

Aged-Mixture8 1,25 6,25 31,74 25,50 

Aged-Mixture9 2,2 7,2 41,55 35,78 

Aged-Mixture10 3,4 8,4 54,87 43,77 

Aged-Mixture11 5 10 64,26 52,37 

RMSE - - - 5,57 

Correlation 

Coefficient 

- - - 0,99 

 

As a result of the experiments for various factors for unmixing models, endmember 

extraction methods and number of endmember, the best result was obtained for PPNM 

unmixing model, MVSA endmember extraction method and 5 endmember with RMSE 

5,57%. The result plot for this controlled experiment is given in Figure 23. 
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Figure 23: Experimental results for free lime composition of aged BOF slag: Comparison of Rietveld and 

Hyperspectral analysis results 

As seen in the Figure 23, the amount of free lime calculated with the hyperspectral 

unmixing method exhibits a high linear correlation with the results obtained from Rietveld 

analysis. As seen in Table 3, the mixture containing 64.26% CaO was estimated as 52.37% 

and the mixture containing 1.41% CaO was estimated as 4.79%. Although the error rate 

seems to be higher for the mixtures containing high amounts of CaO, the error ratio is 

lower compared to the mixtures containing less CaO. Therefore, the proposed method 

performs better in estimating the amount of major mineral phases than minor phases. 

However, homogeneity of the mixture, the contact time with air during sample preparation 

and the amount of reaction of free lime also affect the results of free lime measurement in 

this experiment. 

Experiment 2 

This experiment focused on slag samples obtained from BOF, which were carefully 

shielded from exposure to air and exhibited high free lime content. As the ground truth, 

phase quantities were calculated with Rietveld analysis. To explore various factors, 6 

different unmixing models, 5 distinct endmember extraction methods, and 7 endmember 

numbers were employed, and the outcomes of the most effective factors were 

subsequently presented. The experiment comprised 50 fresh BOF slag samples, each 

obtained from different production furnaces and characterized by different contents. 

As a result of the experiments for various factors for unmixing models, endmember 

extraction methods and number of endmember, the best result was obtained for PPNM 
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unmixing model, SISAL endmember extraction method and 5 endmember with RMSE 

6,51% and R2 value 0,64. The result plot for this controlled experiment is given in Figure 

24. 

 

Figure 24: Experimental results for free lime composition of fresh BOF slag: Comparison of Rietveld and 

Hyperspectral analysis results 

 

The correlation coefficient for this experiment was 0.64. As depicted in Figure 24, there 

is a moderate linear correlation between the result obtained by proposed method and the 

result obtained by rietveld analysis. The free lime calculation performance of Experiment 

2 with fresh BOF slag appears to be lower than that of Experiment 1 with aged BOF slag. 

This is because in Experiment 1, the mixtures with known proportions of free lime were 

obtained by physical mixing and were not subjected to any high temperature or chemical 

reaction. The samples tested in Experiment 2 were samples taken during production in the 

BOF process and the lime material added to the process was subjected to chemical reaction 

due to exposure to high temperature and high oxygen pressure. 

5.5. Factorial Analysis 

Within the scope of this study, the amount of free lime in aged and fresh BOF slag was 

estimated by creating combinations of 3 factors for 6 different unmixing models, 5 

different endmember extraction methods and 7 different endmember numbers. A two-way 

ANOVA analysis was performed with the factors as independent variables and the RMSE 

between the CaO content measured by the Rietveld method and the CaO content estimated 

by the proposed method as the dependent variable. Table 4 summarizes the results of the 

two-way ANOVA analysis. Since the significance values of each factor, two-factor and 
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three-factor interactions are less than 0.050 (p<0.05), the differences between the factors 

are significant. 

 

Table 4: ANOVA analysis results for Unmixing Model, Endmember Extraction Method and Number of 

Endmembers Factor for slag composition analysis of aged BOF slag 

Source Sum of 

Squares 

df Mean 

Square 
F 

Sig. 

 

Corrected Model 2625972.193a 209 12564.460 44.419 .000 

Intercept 12313077.882 1 12313077.882 43530.418 .000 

Unmixing_Model 45380.006 5 9076.001 32.086 <.001 

EM_Extraction_Metho

d 

17938.854 4 4484.713 15.855 <.001 

EM_Number 2099137.291 6 349856.215 1236.846 .000 

Unmixing_Model * 

EM_Extraction_Metho

d 

11902.912 20 595.146 2.104 .003 

Unmixing_Model * 

EM_Number 

68752.322 30 2291.744 8.102 <.001 

EM_Extraction_Metho

d * EM_Number 

37680.755 24 1570.031 5.551 <.001 

Unmixing_Model * 

EM_Extraction_Metho

d * EM_Number 

88988.505 120 741.571 2.622 <.001 

Error 5508727.085 19475 282.861 - - 

Total 24209830.139 19685 - - - 

 

Figure 25 shows the interaction between Unmixing Models and Endmember Extraction 

Methods. 
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Figure 25: Effect of unmixing model and endmember extraction method interaction on the measurement 

performance of free lime in aged BOF slag 

Based on the average RMSE plot, the optimal outcome was observed when employing the 

PPNM unmixing model. The PPNM model exhibited high performance, alongside the 

SISAL and MVSA endmember extraction methods, which do not use the assumption of 

pure endmembers. Results of intermediate accuracy were attained using the FM, GBM, 

and LMM models. In contrast, the MLM model designed to model the interaction of more 

than two components performed poorly. Additionally, the NNLS model, not subject to the 

sum-to-one constraint, exhibited low performance when applied to BOF slag samples 

containing at least 5-6 major components. 

 

Figure 26: Effect of endmember extraction method and number of endmember interaction on the 

measurement performance of free lime in aged BOF slag 
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Figure 26 shows the interaction between Endmember Extraction Method and Number of 

Endmember. According to the average error plot, the best results are obtained by SISAL 

and then MVSA methods, which do not rely on the assumption of pure endmember 

presence in the image. Since the BOF slag sample is an intimate mixture, these methods 

are expected to be superior to the others. The VCA, PPI and NFINDR methods, which are 

based on the assumption of the presence of pure endmembers, produced similar results. 

As can be seen from the graph, choosing the number of endmembers above 4 shows better 

performance for each endmember extraction method. This is due to the fact that the BOF 

slag sample consists of at least 4-5 major components, as confirmed by Rietveld analysis, 

and there are also minor components with lesser amounts in the sample. Selecting more 

than 5 endmembers improves the performance only slightly and increases the computation 

time.
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CHAPTER 6 

 

6.  EXPLORATION OF HYPERSPECTRAL IMAGING APPLICATIONS IN 

STEEL PRODUCTION 

In the previous section, a methodology was proposed to quantify the amount of free lime 

present in BOF slag using various hyperspectral image analysis methods. These methods 

include abundance estimation using various unmixing models, various endmember 

extraction methods and spectral similarity calculation. In addition, various difficulties and 

limitations were encountered in the studies regarding the illumination factors affecting the 

analysis results and validation methods. In this section, the methods used in the proposed 

methodology for the measurement of free lime in BOF slag will be applied to solve two 

different problems encountered in steelmaking processes. Firstly, several experiments 

were carried out to determine the impurities found in iron ore mixtures by hyperspectral 

unmixing. Secondly, experiments have been carried out to detect copper deposition on 

steel sheet produced in continuous pickling process by spectral similarity method. 

However, encountered in the previous section on illumination and shadow effect for the 

measurement of free lime in BOF slag samples are examined in more detail. 

This chapter will not be limited to theoretical considerations, but will instead present 

concrete experiments with real production data. Through these investigations, it aims to 

reveal the practical implications of applying hyperspectral imaging in the complex field 

of steel production. Furthermore, the complexities inherent in the industrial challenges of 

hyperspectral imaging technology are assessed, providing an examination of the 

challenges faced and the limitations inherent in these experiments. These applications and 

experiments are intended to provide an understanding of the potential and challenges of 

hyperspectral imaging in steelmaking. 

6.1. Unmixing of Iron Ore Mixtures 

Iron ore serves as a crucial raw material of steel production. In some cases, the purity of 

iron ore supplied by steel producers may be low due to the mixing of different materials. 

The use of this low purity iron ore as raw material in steel production results in the 

production of low quality steel. Low purity iron ore is formed by mixing of iron ore with 

disparate materials, particularly iron oxide and dolomite. Although discernible differences 
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in reflectance ratios exist between pure iron ore and iron oxide materials at visible 

wavelengths, iron ore suppliers exploit the presence of dolomite to hide these distinctions. 

As a result, steelmakers unwittingly buy iron ore with high iron oxide content, leading to 

overpayments for substandard raw materials and a subsequent deterioration in the quality 

of the steel produced. 

The current state of quality control methods employed in the steel industry contributes to 

this vulnerability. Conventional practices involve the analysis of only a fraction of the 

procured materials, with steel manufacturers extracting samples from diverse points 

within the purchased lot. Subsequent XRD analyses, following preparatory processes such 

as grinding and compression, are both time-consuming and limited in scope, offering 

insights into only a fraction of the acquired material. This procedural bottleneck creates 

the need for an analysis methodology that includes comprehensive, non-destructive 

analysis methodologies capable of determining the mixing ratios of materials supplied in 

large batches. 

This challenge is addressed through the acquisition of hyperspectral images covering iron 

ore, iron oxide and dolomite materials and their corresponding mixtures. These 

hyperspectral images are the basis for the application of various mixing methods that 

allow the determination of the proportions of components in the supplied materials. 

Through this comprehensive and non-destructive analytical approach, the research 

attempts to provide a robust solution to the problem of fraudulent practices in the supply 

of iron ore for steel production. 

In the experiments, RGB images of the pure iron ore, iron oxide and dolomite used as an 

endmember is presented in Figure 27. 

  

(a) (b) 

  

(c) (d) 
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(e) 

Figure 27: (a) Coarse Iron Ore, (b) Fine Iron Ore, (c) Coarse Iron Oxide, (d) Fine Iron Oxide, (e) Fine 

Dolomite 

The RGB images of the mixtures obtained using various ratios of iron ore, iron oxide, and 

dolomite are presented in Figure 28. 

  

(a) (b) 

 

(c) 

Figure 28: (a) Mixture of Fine Iron Ore and Fine Iron Oxide, (b) Mixture of Fine Iron Ore, Fine Iron 

Oxide and Fine Dolomite, (c) Mixture of Coarse Iron Ore and Coarse Iron Oxide 

The goal is to perform abundance estimation for the endmembers presented in Figure 28 

from the hyperspectral images of iron ore mixtures. For abundance estimation, LMM, FM, 

GBM, and PPNM mixing models were used, with sum-to-one and nonnegativity 

constraints. 
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Experiment 1: 

In this experiment, a mixture was prepared by combining 100 grams of fine iron ore with 

10 grams of fine iron oxide. Fine iron ore and fine iron oxide were used as endmembers 

for abundance estimation from hyperspectral imaging. The RGB and reflectance values 

of the mixture and endmembers for this experiment are provided in Figure 29 and Figure 

30. 

 

Figure 29: RGB Image of iron ore mixture: Fine iron ore (100 gr) + Fine iron oxide (10 gr)  

 

Figure 30: Reflectances of endmembers for unmixing of iron ore mixture 
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The test results and the abundance maps are provided in Figure 31. 

  

(a) (b) 

Figure 31: (a) Abundance map for iron ore (b) Abundance map for iron oxide 

 

Table 5: HSI unmixing results of iron ore mixture for Experiment 1 

 Fine Iron Ore Fine Iron Oxide RMSE Error 

LMM 91,47% 8,53 0,57 

FM 91,41% 8,59 0,51 

GBM 91,44% 8,56 0,54 

PPNM 89,53% 10,47 1,37 

Ground Truth 90,90% (100g / 110g) 9,10% (10g / 110g ) - 

 

The quantitative and visual result of the experiment seems reasonable. However, coarse 

iron oxide granules are present in the iron ore mixture. Therefore, coarse iron oxide was 

added to the endmember to improve the performance in the Experiment 2. 

Experiment 2: 

In this experiment, a mixture was prepared by combining 100 grams of fine iron ore with 

10 grams of fine iron oxide. For abundance estimation from hyperspectral image, fine iron 

ore, fine iron oxide, and coarse iron oxide were used as endmembers. The reflectances of 

the mixture and the endmembers for this experiment are presented in Figure 32. 
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Figure 32: Reflectances of endmembers for unmixing of iron ore mixture 

 

The test results and the abundance maps are provided in Figure 33. 

  

(a) (b) 
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(c) (d) 

Figure 33: (a) RGB Image of mixture (b) Abundance map for iron ore (c) Abundance map for fine iron 

oxide (d) Abundance map for coarse iron oxide 

 

Table 6: HSI unmixing results of iron ore mixture for Experiment 2 

 Fine Iron Ore  

(%) 

Fine Iron Oxide 

(%) 

Coarse Iron Oxide 

(%) 

RMSE 
Error 

LMM 90,84 8,62 0,54 0,06 

FM 90,78 8,70 0,52 0,12 

GBM 90,81 8,66 0,52 0,09 

PPNM 89,96 9,77 0,27 0,94 

Ground Truth 90,9% (100g / 110g) 9,1% (10g/110g) - 

 

Unlike Experiment 1, coarse iron oxide was added to the endmember and the numerical 

result of the test improved according to Experiment 1. As seen in the abundance map in 

Figure 33, it is reasonable to identify coarse iron oxide as small local areas. 

Experiment 3: 

In this experiment, a mixture was prepared by combining 50 grams of fine iron ore, 5 

grams of fine iron oxide, and 5 grams of fine dolomite. For abundance estimation from 

hyperspectral imaging, fine iron ore, fine iron oxide, coarse iron oxide, and fine dolomite 
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were used as endmembers. The reflectance values of the mixture and endmembers for this 

experiment are presented in Figure 34. 

 

Figure 34: RGB Image for iron ore mixture: Fine iron ore (50 gr) + Fine iron oxide (5 gr) + Dolomite (5 

gr) 

 

The test results and the abundance maps are provided in Figure 35. 

  

(a) (b) 
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(c) (d) 

Figure 35: (a) Abundance map for iron ore (b) Abundance map for fine iron oxide (c) Abundance map for 

coarse iron oxide (d) Abundance map for dolomite 

 

Table 7: HSI unmixing results of iron ore mixture for Experiment 3 

 Fine Iron Ore (%) Fine Iron 
Oxide(%) 

Coarse Iron 
Oxide (%) 

Fine 
Dolomite(%) 

RMSE 
Error 

LMM 92,57 6,51 0,26 0,67 12,10 

FM 92,49 6,61 0,27 0,63 12,05 

GBM 92,53 6,57 0,27 0,63 12,09 

PPNM 89,70 9,63 0,39 0,28 10,40 

Ground 
Truth 

83,3% (50g / 60g) 8,3% (5g/60g) 8,3% (5g / 60g) - 

 

While this test gives erroneous results in the context of hyperspectral mixing, it provides 

satisfactory results for the problem addressed by the steelmaking company. According to 

the quantitative results, the algorithm is not able to distinguish between iron oxide and 

dolomite materials, but the calculated amount of iron ore is calculated within the tolerance 

range specified for the steelmaking company. According to the information obtained from 

Erdemir, the important value for them is the amount of iron ore, and the suppliers of the 

company use dolomite to avoid visual understanding of the amount of iron oxide they add 

to the iron ore. 
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Experiment 4: 

In this experiment, a mixture was prepared by combining 100 grams of coarse iron ore 

with 10 grams of coarse iron oxide. For abundance estimation from hyperspectral image, 

fine iron ore, fine iron oxide, and coarse iron oxide were used as endmembers. The 

reflectances of the mixture and the endmembers for this experiment are presented in 

Figure 36. 

 

Figure 36: RGB Image for Experiment 4 - Coarse iron ore (100 gr) + Coarse iron oxide (10 gr) 

 

The test results and the abundance maps are provided in Figure 37. 

  

(a) (b) 
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(c) 

Figure 37: (a) Abundance map for coarse iron ore (b) Abundance map for fine iron oxide (c) Abundance 

map for coarse iron oxide 

 

Table 8: HSI unmixing results of iron ore mixture for Experiment 4 

 Iron Ore (%) Fine Iron Oxide 
(%) 

Coarse Iron 
Oxide (%) 

RMSE 
Error 

LMM 57,32 36,41 6,27 33,58 

FM 57,23 36,70 6,07 33,67 

GBM 57,28 36,65 6,07 33,62 

PPNM 62,63 32,74 4,63 28,27 

Ground Truth 90,9% (100g / 110g) 9,1% (10g/110g) - 

 

This test produced incorrect results both quantitatively and visually, for two reasons. The 

first reason is that the shadows of large-sized pieces are determined as fine iron oxide, 

since the fine iron oxide and shadow spectra are very similar. Another reason is that the 

upper surfaces of large pieces of iron ore that appear bright due to light are identified as 

coarse iron oxide. In Experiment 5, the performance was tried to be improved by removing 

the fine iron oxide material from the endmember set. 
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Experiment 5: 

In this experiment, a mixture was prepared by combining 100 grams of coarse iron ore 

with 10 grams of coarse Iron Oxide. For abundance estimation from hyperspectral 

imaging, fine iron ore and coarse iron oxide were used as endmembers. The reflectance 

values of the mixture and endmembers used for this experiment are presented in Figure 

38. 

 

Figure 38: Reflectances of endmembers for unmixing of iron ore mixture 

The reason why the test data is out of the boundary in this reflectance plot is the intense 

shadow caused by large-sized parts in the image. 

The test results and the abundance maps are provided in Figure 39. 

  

(a) (b) 

Figure 39: (a) Abundance map for coarse iron ore (b) Abundance map for coarse iron oxide 
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Table 9: HSI unmixing results of iron ore mixture for Experiment 5 

 Iron Ore (%) Coarse Iron Oxide (%) RMSE Error 

LMM 95,23 4,77 4,33 

FM 95,44 4,56 4,54 

GBM 95,42 4,58 4,52 

PPNM 94,36 5,64 3,46 

Ground Truth 90,9% (100g / 110g) 9,1% (10g/110g) - 

 

Although this test result looks quantitatively closer to the ground truth, it is seen from the 

abundance map that the result is incorrect. The error is caused by the identification of the 

top surface of large pieces of iron ore, which appear bright due to illumination, as iron 

oxide material. 

Experiment 6: 

In this experiment, a mixture was prepared by combining 100 grams of coarse iron ore 

with 10 grams of coarse iron oxide. For abundance estimation from hyperspectral image, 

fine iron ore, fine iron oxide, coarse iron oxide, and a shadow endmember were utilized. 

The reflectances of the mixture and endmembers for this experiment are presented in 

Figure 40. 

 

Figure 40: Reflectances of endmembers for unmixing of iron ore mixture 
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It appears from the graph that the reflectance of the shadow fine iron oxide is very similar. 

The test results and the abundance maps are provided in Figure 41. 

  

(a) (b) 

  

(c) (d) 

Figure 41: (a) Abundance map for fine iron ore (b) Abundance map for fine iron oxide (c) Abundance map 

for coarse iron oxide (d) Abundance map for shadow 
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Table 10: HSI unmixing results of iron ore mixture for Experiment 6 

 Iron Ore (%) Coarse Iron 
Oxide (%) 

Coarse Iron 
Oxide (%) 

Shadow RMSE 
Error 

LMM 62,24 / 75,39 13,56 6,76 17,40 15,51 

FM 62,26 / 75,26 13,88 6,59 17,27 15,64 

GBM 62,24 / 75,46 13,62 6,62 17,53 15,44 

PPNM 67,56 / 81,16 12,82 2,86 16,75 33,76 

Ground 
Truth 

90,9% (100g / 110g) 9,1% (10g/110g) - - 

 

After adding the shadow as a separate endmember, this experiment results has improved. 

However, the surfaces of the coarse iron oxide and coarse iron ore pieces are mixed. In 

Experiment 7, the surfaces of coarse iron ore pieces will be taken as a separate endmember 

and the error will be tried to be reduced. 

Experiment 7: 

In this experiment, a mixture was prepared by combining 100 grams of coarse iron ore 

with 10 grams of coarse iron oxide. For abundance estimation from hyperspectral imaging, 

fine iron ore, surface iron ore, fine iron oxide, coarse iron oxide, and shadow were utilized 

as endmembers. The reflectances of the mixture and endmembers obtained for this 

experiment are presented in Figure 42. 

 

Figure 42: Reflectances of endmembers for unmixing of iron ore mixture 
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The test results and the abundance map are provided in Figure 43. Shadow areas were not 

taken into account when calculating the error in the test result. 

  

(a) (b) 

  

(c) (d) 

 

(e) 

Figure 43: (a) Abundance map for fine iron ore (b) Abundance map for surface iron ore (c) Abundance 

map for fine iron oxide (d) Abundance map for coarse iron oxide (e) Abundance map for shadow 
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Table 11: HSI unmixing results of iron ore mixture for Experiment 7 

 Iron 
Ore 
(%) 

Surface 
Iron Ore 
(%) 

Total 
Iron 
Ore 
(%) 

Coarse 
Iron 
Oxide 
(%) 

Coarse 
Iron 
Oxide 
(%) 

Total 
Iron 
Oxide 
(%) 

Shadow RMSE 
Error 

LMM 27,48 37,50 85,1
3 

8,56 2,79 14,87 23,67 5,77 

FM 28,78 35,96 84,6
3 

8,92 2,84 15,37 23,51 6,27 

GBM 28,20 36,62 84,9
4 

8,72 2,77 15,06 23,70 5,96 

PPNM 37,72 27,12 86,0
6 

8,00 2,51 13,94 24,65 4,84 

Ground 
Truth 

90,9% (100g / 110g) 9,1% (10g/110g) - - 

 

In this test, the shadow and the surfaces of the coarse iron ore pieces were taken into 

account as separate endmember, and both quantitative and visual performance improved 

compared to previous experiments. Considering the RGB image, it is expected that there 

will be more fine iron ore since there are small-sized mixture components in the middle 

parts of the image. Abundance map also confirms this expectation. 

6.2. Copper Deposition Detection in Continuous Pickling Line 

In hot-rolled sheet production, the removal of the scale layer on the surface is achieved by 

passing the sheets through HCl acid tanks followed by a rinsing tank in continuous 

pickling lines. The increasing contamination of scrap content in the global scrap market 

results in a higher transfer of the Cu element from scrap to steel during the steel production 

process. This Cu dissolves during the pickling process and accumulates in the acid. Over 

time, this copper, which cannot be eliminated in the acid regeneration process, becomes 

concentrated in the HCl acid solution. As a result of this enrichment, Cu ions exceeding 

critical levels selectively deposit on the surfaces of certain types of steel. This deposition, 

occurring in nearly all steel types due to the nature of the process, becomes visibly 

noticeable with the increase of Cu ions and the production of relatively more active steels. 

The aim of this study is to implement a warning mechanism for critical levels of deposition 

on steel surfaces, which are not visible to the human eye, using hyperspectral imaging. 

This approach involves identifying the potential risk of surface defects caused by Cu ions 

in the HCl acid solution beforehand, allowing for necessary actions to be taken in the 
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process. Under normal conditions, this critical level is attempted to be monitored at every 

stage of the complex process through solution analysis. With this system, the warning 

mechanism can be activated more quickly without solution analysis, saving time for 

operational actions. 

In the conducted experiments, hyperspectral images in the 400-1000nm range were 

collected from steel sheets produced in continuous acid lines, some of which had copper 

deposition. Additionally, the image of a pure copper piece was gathered as a reference 

material. The spectral similarity between each pixel of the produced steel plate and the 

reflectance of the pure copper material was calculated angularly using the SAM method. 

Subsequently, the obtained angular similarity data was normalized between 0 and 1. To 

detect areas with copper deposition from the normalized image, two different methods 

were employed: adaptive and hard thresholding. The Otsu thresholding method was used 

as the adaptive threshold (Otsu, 1979).  

The RGB image of the tested sample, as well as the reflectance values of the areas with 

and without copper deposition, are presented in Figure 44. 

 

  

(a) (b) 

Figure 44: (a) RGB Image of sheet metal with copper deposited and copper free areas (b) Reflectances of 

copper deposited and copper free pixels 
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The RGB image and reflectance of the pure copper material are presented in Figure 45. 

  

(a) (b) 

Figure 45: (a) RGB image of pure copper (b) Reflectance of pure copper 

 

The normalization result of the similarity data obtained from the tested steel plate and the 

SAM method is presented in Figure 46. 
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(a) (b) 

Figure 46: (a) RGB image of test data with copper deposited and copper free areas (b) Output of SAM 

method 

The copper deposition areas obtained with adaptive and hard thresholding are shown in 

white in Figure 47.  
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(a) (b) (c) (d) 

Figure 47: (a) RGB image of test data (b) Result of adaptive treshold (c) Result of hard treshold with value 

0,5 (d) Result of hard treshold with value 0,3 - Copper pixels marked with white color 

 

Threshold values for the hard thresholding method have been set at 0,5 and 0,3, and these 

can be adjusted during production according to the desired precision. As seen in the figure, 

copper deposit areas detected with adaptive thresholding are less sensitive compared to 

hard thresholding. Hard thresholding results can be affected by variations in lighting that 

may occur in a production environment. Since adaptive thresholding also performs a 

thresholding process on steel plates produced in manufacturing processes without copper 

deposition, there is a risk of producing erroneous results. 
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6.3. Limitations of the Experiment for Steel Production 

In this part, information is provided about the challenges and limitations encountered in 

the experiments conducted for steel production. It was observed that in the experiments, 

factors such as lighting, shadows, and the sizes of materials directly influenced the 

experiment results. Additionally, the section discusses the difficulties associated with 

determining the component abundance of the BOF slag, and the validation of 

hyperspectral unmixing results. 

Shadow and Illumination Effects on Reflectance 

 

Various measurements have been conducted to determine the effects of shadow and 

illumination on reflectance. These measurements investigated the impact of an object's 

size on its reflectance, the influence of the object's size on shadow reflectance, and the 

effect of changes in illumination on material reflectance.  

 

Effect of Size on Reflectance: The effect of size on reflectance was determined by 

measuring the reflectance of the upper points of spheres made of the same material with 

diameters of 0.5, 1.5, 2.0 and 2.5 cm. 

Right Side 

 
 

(a) (b) 

Figure 48: (a) RGB Image of objects of different sizes made of the same material and selected pixels from 

the object surface (b) Reflectances of selected pixels 
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Left Side 

  

(a) (b) 

Figure 49: (a) RGB Image of objects of different sizes made of the same material and selected pixels from 

the object surface (b) Reflectances of selected pixels 

As can be seen from the first plot, the reflectance of the material changes according to the 

size, but the relationship between them is not linear. Since the size of the sphere shown as 

cyan is close to larger spheres of red and blue and its reflectance is expected to be closer 

to the reflectance of large spheres. The left side of image also shows a more linear 

relationship between size and spectra. 

Effect of Dimension on Shadow: The effect of object size on the shadow reflectance was 

determined by measuring the reflectance of the shadow formed by the spheres of 0.5, 1.5, 

2.0 and 2.5 cm in diameter at the closest points to the material. 
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(a) (b) 

Figure 50: (a) Pixels selected from shadow areas formed by the same material of different sizes (b) 

Reflectances of selected shadow pixels 

As can be seen from the graphic, the intensity of the shadow changes according to the size 

of the material, but the relationship between it does not change linearly. 

Effect of Illumination Source on Reflectance: A flat surface was obtained by pressing 

the lime material and spectra were measured at different points of this flat surface. The 

purpose of this measurement is to measure whether the lighting illumination on the surface 

is homogeneous or not.  

  

(a) (b) 

Figure 51:(a) RGB Image test data and selected lime pixels along horizontal line (b) Reflectances of 

selected lime pixels 



75 

 

 

  

(a) (b) 

Figure 52:(a) RGB Image test data and selected lime pixels along vertical line (b) Reflectances of selected 

lime pixels 

 

The intensity of the measurements taken from the edge shown with blue and magenta in 

the first graph is higher than the 3 measurements in the middle. It can be said that the 

lighting in the middle is homogeneous. In the second graph, the variance is lower in the 

reflectance measured along the axis of motion of the conveyor. 

In this section, the effect of material sizes on reflectance has been examined and it has 

been determined that the size differences (such as BOF slag and iron ore, iron oxide) will 

negatively affect the unmixing performance in mixtures where the endmember does not 

have a distinctive feature. In this case, spectral unmixing by estimating the size and shape 

of the parts from the image can improve performance. Measurement of part size from the 

image can be done in several ways. Depth information can be obtained with depth-

measuring cameras such as stereo vision or depth camera. Then registration of depth 

image with hyperspectral image can be applied, but a precise measurement cannot be 

made in this way. Because the materials are small in size and materials dimensions may 

need to be estimated with millimeter precision. Precise measurement can be made with 

industrial laser profile sensors that measure in micron precision, but the costs of these 

sensors are also high. As another solution method, shadows can be detected and material 

sizes can be predicted with a learning-based algorithm. 
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Ethylene Glycol Test 

The Ethylene Glycol test focuses on experimenting with the extraction of CaO using 

ethylene glycol. The goal is to establish a quick and dependable method for determining 

free lime in cement and steel slag, aiming to address potential quality control issues in 

cement and steel production (Javellana & Jawed, 1982). Ethylene Glycol test procedure 

is given in Appendix A. 

 

 

Figure 53: Ethylene glycol test set-up 

The chemical analysis of fresh BOF slag and aged BOF slag samples was conducted using 

the ethylene glycol method to determine the amount of free lime in the material using test 

set-up given in Figure 53. The results obtained from ethylene glycol are presented in Table 

12. 

Table 12: Results of ethylene glycol analysis for the measurement of free lime content in fresh and aged 

BOF slags 

No Sample No Weight (gr) HCl (mL) CaO (%) 

1 Fresh BOF BOF 

slag 1 

0,3008 20 9,30 

2 Fresh BOF slag 2 0,3008 19 8,84 
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Table 12 (cont.) 

3 Fresh BOF slag 3 0,3003 34 15,85 

4 Fresh BOF slag 4 0,3007 29 13,50 

5 Fresh BOF slag 5 0,3002 29 13,52 

6 Fresh BOF slag 6 0,3005 25 11,64 

7 Fresh BOF slag 7 0,3004 15 7,00 

8 Fresh BOF slag 8 0,3006 28 13,04 

9 Fresh BOF slag 9 0,3004 34 15,85 

10 Fresh BOF slag 10 0,3003 45 20,98 

11 Aged BOF slag 1 

– 6 Months 

1,0005 174 24,35 

12 Aged BOF slag 2 

– 6 Months 

0,3004 39 18,17 

13 Aged BOF slag 3 

– 6 Months 

1,0006 135 18,89 

14 Aged BOF slag 4 

– 6 Months 

0,3006 51 23,75 

15 Aged BOF slag 1 

– 5 years 

0,3004 34 15,85 

16 Aged BOF slag 2 

– 5 years 

1,0006 95 13,30 

17 Aged BOF slag 3 

– 5 years 

0,3004 35 16,30 

18 Aged BOF slag 4 

– 5 years 

0,3007 33 15,36 

19 Aged BOF slag 5 

– 5 years 

1,0005 97 13,57 
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Table 12 (cont.) 

20 Aged BOF slag 6 

– 5 years 

0,3008 23 10,70 

21 Aged BOF slag 7 

– 5 years 

0,3006 25 11,64 

22 Aged BOF slag 1 

– 10 years 

0,3003 39 18,18 

23 Aged BOF slag 2 

– 10 years 

0,3000 35 16,33 

24 Aged BOF slag 3 

– 10 years 

1,0007 77 10,77 

25 Aged BOF slag 4 

– 10 years 

1,0003 90 12,60 

26 Aged BOF slag 5 

– 10 years 

0,3003 27 12,59 

 

As indicated in Table 12, the amount of free lime obtained with ethylene glycol in the 

aged BOF slag sample is higher compared to the fresh BOF slag. It is expected that the 

aged BOF slag sample, which has been exposed to open air, would have a very low level 

of free lime and a high amount of calcium-containing portlandite. Therefore, the results 

obtained with ethylene glycol are unreasonable. This is due to the dissolution of calcium-

containing minerals in the sample with the ethylene glycol method. The ethylene glycol 

method provides the total amount of calcium-containing minerals present in the sample. 

However, this study aims to determine only the amount of free lime in the BOF slag. For 

this reason, the XRD-Rietveld Method has been used to validate the measurement of free 

lime with hyperspectral imaging. 

 

XRD – Rietveld Refinement 

BOF slag is a highly complex material composed of numerous mineralogical components. 

The mineralogical structure of BOF slag varies depending on factors such as the materials 

used in production, the added fluxes, melting temperature, and cooling conditions. 

Mineralogical composition of the BOF slag and the peaks of these minerals are illustrated 

in Figure 54. 
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Figure 54: Result of quantitative mineralogical analysis of fresh BOF slag by Rietveld refinement and 

peak list of the minerals 

As observed from Figure 54, a BOF slag sample may contain a large number of minerals, 

and the peaks of these minerals often overlap with each other. Consequently, the 

mineralogical composition results obtained through Rietveld Refinement vary depending 

on the included minerals and the extent of overlap among their peaks. Although the 

Rietveld Refinement method can produce precise results in determining the component 

quantities of multi-component mixtures, it gives results with a certain margin of error 

when determining the component quantities of complex materials like BOF slag. 

However, since there is no more precise method in the literature for measuring free lime 

in BOF slags, the Rietveld Refinement method has been chosen as the validation method. 
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CHAPTER 7 

 

7. CONCLUSION 

 

In this thesis, a method of measuring the free lime content of BOF slag by hyperspectral 

image analysis is presented. With this method, the free lime content of large amounts of 

heterogeneous BOF slag material can be measured to determine whether the BOF slag is 

suitable for use as a building material. 

The validation of the proposed model was carried out by means of a controlled set of 

experiments with known and varying amounts of lime and ground truth generated by XRD 

- Rietveld measurement. As a result of the experiment, the amount of free lime in aged 

and fresh BOF slag was calculated with an RMSE of 5,57% and 6,51%, respectively. In 

the experiments with fresh BOF slag, the measurement values are lower than the 

controlled experiment with aged BOF slag because the reflectance values of free lime 

change due to the exposure of free lime to high temperature and various chemical 

interactions during the BOF process along with other mineralogical phases in the samples 

In addition, as a result of the experiments, it was found that the measurement of free lime 

in major amounts in the BOF slag is more accurate than minor amounts, considering the 

proportion of the component in the mixture. Homogeneity of the mixture, the contact time 

with air during sample preparation and the amount of reaction of free lime also affect the 

results of free lime measurement in the BOF slag. 

In addition, results were obtained for various unmixing models, endmember extraction 

methods and endmember numbers. According to these results, PPNM, which is a 

nonlinear unmixing model, and SISAL and MVSA endmember extraction methods that 

do not use pure material assumption have shown the best performance. The best and 

closest results were obtained for endmember numbers between 5 and 8 endmember. 

In this study, hyperspectral measurements of BOF slag were made between 400-1000nm 

and there is no distinctive feature in the reflectances of BOF slag and free lime in this 

range, but there is a significant difference in magnitude. This makes the measurement of 

free lime in this range prone to error due to differences in reflectance caused by 
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illumination and shadows on the scene. Therefore, the analysis of coarse materials was 

excluded from the scope of this study due to reflections and shadows.  

In future studies, coarse materials can be analyzed with measurements in the NIR bands 

and better measurement performances can be obtained thanks to the distinctive features in 

these bands. In addition, abundance measurement can be performed for other minerals by 

using pure forms of minerals other than free lime in BOF slag as endmember. Thus, the 

abundance measurement performance of BOF slag characterization can be improved.  

Deep learning based methods for hyperspectral abundance estimation have recently been 

used more frequently in the literature.  A deep learning based unmixing method can be 

developed for BOF slag characterization by using large amounts of XRF, XRD and 

Rietveld data as ground truth. The learning model to be developed can be a more robust 

solution for lighting variations and shadow problem than analytical methods. 

In conclusion, the findings of this study underscore the applicability and benefits of 

hyperspectral imaging technology in the context of steel production. The integration of 

this technology facilitates real-time imaging during the production process, enabling 

online analysis and the examination of large quantities of materials. The wealth of 

information obtained, encompassing both chemical and mineralogical structures, 

empowers the industry with insights crucial for enhancing the quality and efficiency of 

steel production. By offering a comprehensive understanding of the materials in real-time, 

hyperspectral imaging emerges as a valuable tool that not only ensures better quality 

outcomes but also contributes to the overall effectiveness of the production process. 

Further research could explore the optimization of hyperspectral imaging systems for 

specific steel production contexts, the development of advanced data processing 

algorithms to extract nuanced information, and the integration of artificial intelligence for 

predictive modeling, thereby propelling the steel industry towards more sustainable and 

efficient processes.  
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APPENDICES 

 

APPENDIX A 

 

ETHYLENE GLYCOL TEST PROCEDURE 

 

In this study, the method for the extraction of free lime in portland cement and clinker by 

ethylene glycol is used (Javellana & Jawed, 1982). 

A sample of ground BOF slag (1 g) was accurately weighted into clean, dry, 250 ml 

Erlenmayer flask. About 50ml of ethylene glycol, heated to the desired temperature (50-

100 0C), were added to the flask and stirred for the desired amount of time (5 min to 3 hr) 

using a magnetic stirrer on a hot plate. The temperature was maintained at the desired 

value and checked frequently. The hot suspension was filtered under suction through a 

glass fiber filter fitted onto a Gooch cruicible and the clean filtrate was collected in a 250 

ml vacuum filter flask. The filter should be wetted with ethylene glycol before filtering. 

The erlenmeyer flask was rinsed at least twice with about 10-15 ml hot ethylene glycol 

which, after filtering, was added to the original filtrate. About 25 ml of deionized water 

and 1 ml of phenolphthalein indicator solution were added to the filtrate and then titrated 

to a colorless endpoint with 0.05 N HCl. In addtion to water to the ethylene glycol filtrate 

facilitates the endpoint determination. Free lime is calculated as follows: 

 

 𝐹𝑟𝑒𝑒 𝐶𝑎𝑂 (%) =  
𝑚𝑙 𝐻𝐶𝑙 𝑥 𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑡𝑦 𝑜𝑓 𝐻𝐶𝑙

10 𝑥 𝑠𝑎𝑚𝑝𝑙𝑒 𝑤𝑒𝑖𝑔ℎ𝑡
 𝑥 28 
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