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Summary 
This thesis presents an analytical approach for characterizing carbonate rock 

chemistry, especially for analyzing the chemical compositions of carbonate rocks for 
cement raw materials. The shortwave infrared (SWIR) spectroscopy and laboratory-
based hyperspectral imagery or hyperspectral imaging techniques are combined with 
geochemical data analysis to estimate mineral chemistries and their compositions in 
carbonate rock samples. 

Carbonate rocks are one of the important natural resources for construction 
materials and the cement industry. The uses of carbonate rocks or limestones as the 
main component in the raw mix for making cement clinker depend highly on the rocks’ 
chemical compositions. The carbonate rocks are formed by a mosaic of minerals mostly 
containing calcium carbonate (CaCO3) or calcite and calcium magnesium carbonate 
(CaMg(CO3)2) or dolomite. These sedimentary rocks in nature are also composed of 
complex geologic mixtures that exist in the form of intimate mixtures, grain size 
variations, weathered constituents, and alteration products. Those mixtures can create a 
major obstacle in analyzing mineralogical and chemical compositions of the rocks. 

Conventional analytical methods are well established for characterizing mineral 
chemistry of carbonate rocks, as well as to analyze and control the chemical 
compositions of the cement raw materials and products. However, the majority of these 
traditional methods involve a labor-intensive and time consuming process for sample 
preparation and analysis. Therefore, there is a need for a robust and reproducible 
approach for characterization and chemical quality control of carbonate rocks that 
satisfies the industry standard. Spectroscopy provides a non-destructive technique and 
can be used outdoors for determining mineralogy and chemical information of 
carbonate rocks based on their spectral feature characteristics.  

In the context of this study, the infrared spectroscopy and laboratory-based 
hyperspectral imaging (imaging spectroscopy) methods were used to analyze mineral 
chemistries of carbonate rocks that are suitable for cement raw materials. This was done 
by combining spectroscopic parameters with geochemical characteristics to estimate 
mineralogical and chemical compositions of carbonate rocks.  

The first study presented in this thesis analyzed the effects of grain size and 
carbonate mineral mixtures on spectral absorption feature characteristics of calcite and 
dolomite in the shortwave infrared (SWIR) (features at 2.3 and 2.5 μm) and thermal 
infrared (TIR) (features at 11.5 and 14 μm) wavelength regions. Spectral analysis 
showed that varying grain sizes and carbonate mineral contents in the synthetic samples 
influenced spectral reflectance values and absorption feature characteristics. Absorption 
band positions of pure and mixed calcite and dolomite in the SWIR and TIR regions for 
both features were displaced slightly as observed in previous studies. The band 
positions of calcite and dolomite varied relative to grain size only in the TIR region. 
These positions shifted to longer wavelengths for the feature at 11.5 μm and to shorter 
wavelengths for the feature at 14 μm from fine to coarse grain size. The wavelength 
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positions of calcite-dolomite mixtures in the SWIR and TIR regions were determined by 
the quantity of calcite and dolomite in the sample.  

Characterization of carbonate rock chemistry using laboratory-based SisuCHEMA 
hyperspectral imagery was demonstrated. Several spectral recognition approaches, such 
as wavelength position, spectral angle mapper (SAM) and linear spectral unmixing 
(LSU) were used to derive the chemical composition and the relative abundance of 
carbonate minerals from the spectral data of hyperspectral images by applying spectral 
endmembers of the carbonate synthetic samples established in the first study. Results 
showed that chemical composition (Ca-Mg ratio) of carbonate minerals at a pixel (e.g., 
sub-grain) level can be extracted from the image pixel spectra using these spectral 
analysis methods. For the image shortwave infrared (SWIR) spectra, the wavelength 
position approach was found to be sensitive to all compositional variations of carbonate 
mineral mixtures when compared to the SAM and LSU approaches. The correlation 
between geochemical characteristics and spectroscopic parameters also revealed the 
presence of these carbonate mixtures with various chemical compositions in the rock 
samples.  

The application of SWIR spectroscopy as a quality control technique for the 
mineral chemistry analysis of Portland cement-grade limestone was investigated. The 
spectroscopic properties of SWIR reflectance spectra, such as wavelength position and 
depth of absorption feature and geochemical characteristics of limestone samples were 
used to identify and estimate the abundance and composition of carbonate and clay 
minerals on the rock surfaces by following the approaches and results of the first two 
studies. The depth of the carbonate (CO3) and Al-OH absorption features are linearly 
correlated with the contents of CaO and Al2O3 in the samples, respectively. Variations 
in the wavelength position of CO3 and Al-OH absorption features are related to changes 
in the chemical compositions of the samples. The results showed that the dark gray and 
light gray limestone samples are better suited for manufacturing Portland cement clinker 
than the dolomitic limestone samples. The results indicate that SWIR spectroscopy is an 
alternative approach for the chemical quality control of cement raw materials. 

The research provides an alternative approach for estimating mineral chemistries 
and compositions of carbonate rocks using SWIR spectroscopy and laboratory-based 
hyperspectral imaging methods. The findings of this research can be used to 
complement the conventional analytical approaches for chemical quality control of 
carbonate rocks in the cement industries. 
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Samenvatting 
In deze thesis wordt een analytische benadering gepresenteerd, voor het 

karakteriseren van carbonaatgesteenten. In het bijzonder voor het analyseren van de 
chemische samenstellingen van carbonaatgesteenten, voor cementproducten. De korte 
golf-infrarood (SWIR) spectroscopie en hyperspectrale beeldverwerking (van 
laboratoria), of de hyperspectrale beeldtechnieken zijn gecombineerd met geochemische 
data-analyse, om minerale brandstoffen en hun samenstellingen in carbonaatgesteenten 
(monsters), in te schatten. 

Carbonaatrotsen zijn een van de belangrijkste natuurlijke grondstoffen voor 
bouwmaterialen en de cementindustrie. Het gebruik van carbonaatrotsen of kalkstenen 
als hoofdcomponent in de ruwe mix voor het maken van cementklinkers, is erg 
afhankelijk van de chemische samenstellingen van de gesteenten. De 
carbonaatgesteenten worden gevormd door een mozaïek van mineralen, hoofdzakelijk 
bestaande uit calciumcarbonaat (CaCO3), calciet, magnesiumcarbonaat (CaMg(CO3)2) 
of dolomiet. Deze sedimentaire gesteenten in de natuur, zijn ook samengesteld door 
complexe geologische mengsels. Zij bestaan in de vorm van innige mengsels, 
korrelgroottevariaties, verweerde bestanddelen en alteratieproducten. Die mengsels 
kunnen een groot obstakel vormen bij het analyseren van mineralogische en- chemische 
samenstellingen van de gesteenten. 

Conventionele analytische methoden zijn gevestigde methoden om de minerale 
chemie van carbonaatgesteenten aan te duiden. Bovendien zijn deze methoden geschikt 
voor het analyseren en controleren van de chemische samenstellingen van de 
cementproducten (grondstoffen) en producten. Echter neemt het overgrote deel van deze 
traditionele methoden veel tijd in beslag. De monstervoorbereiding en analyse is een 
arbeidsintensief en tijdrovend proces. Derhalve is er behoefte aan een robuuste en 
reproduceerbare aanpak, voor de aanduiding en chemische kwaliteitscontrole van 
carbonaatgesteenten, die voldoen aan de industriestandaard. De spectroscopie verschaft 
een niet-destructieve techniek en kan buiten gebruikt worden voor het bepalen van 
mineralogie en chemische informatie van carbonaatgesteenten, op basis van hun 
spectrale kenmerken.  

In de context van deze studie werden de infraroodspectroscopie en laboratorium-
gebaseerde hyperspectrale beeldvorming (imaging spectroscopy) methoden gebruikt om 
minerale chemie van carbonaatgesteenten te analyseren die geschikt zijn voor 
cementgrondstoffen. Dit werd gedaan door spectroscopische parameters te combineren 
met geochemische kenmerken om mineralogische en chemische samenstellingen van 
carbonaatgesteenten te schatten. 

De eerste studie die in deze thesis gepresenteerd is, analyseerde de effecten van de 
korrelgrootte en de mineraalmengsels van het carbonaat. Er werd gekeken naar spectrale 
absorptiekenmerken van calciet en dolomiet, in de golflengtegebieden van het korte 
golf-infrarood (SWIR) (kenmerken bij 2.3 en 2.5 μm) en thermisch infrarood (TIR) 
(kenmerken bij 11.5 en 14 μm ). Spectrale analyses toonden aan dat diverse 
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korrelgroottes en het mineraalgehalte van het carbonaat (bij de synthetische monsters), 
spectrale reflectiewaarden en absorptiekenmerken hebben beïnvloed. De posities van 
absorptiebanden van zuiver en gemengd calciet, en dolomiet in de SWIR- en TIR-
regio's voor beide kenmerken, waren enigszins verplaatst, zoals waargenomen in 
eerdere studies. De bandposities van calciet en dolomiet varieerden alleen ten opzichte 
van de korrelgrootte in het TIR-gebied. Deze posities veranderden naar langere 
golflengten (van het kenmerk), bij 11.5 μm en naar kortere golflengten bij 14 μm, van 
een fijne tot grove korrelgrootte. De posities van de golflengte van calciet-
dolomietmengsels in de SWIR en- TIR-gebieden, werden bepaald door de hoeveelheid 
calciet en dolomiet in het monster. 

De aanduiding van carbonaatgesteenten, met behulp van SisuCHEMA (gebaseerd 
op het lab) hyperspectrale beeldvorming werd aangetoond. Verschillende spectrale 
herkenningskaders, zoals golflengtepositie, spectrale hoek karteringsclassificatie (SAM) 
en LSU werden gehanteerd, om de chemische samenstelling en de relatieve abundantie 
van carbonaatmineralen af te leiden uit de spectrale gegevens van hyperspectrale 
beelden. Dit werd gedaan door de spectrale eindelementen van de synthetische 
carbonaatmonsters toe te passen, zoals vastgesteld in het eerste onderzoek. De resultaten 
toonden aan dat de chemische samenstelling (Ca:Mg verhouding) van 
carbonaatmineralen op een pixelniveau (bijv. subkorrel), met behulp van deze spectrale 
analytische methoden,  kan worden geëxtraheerd uit  het spectrum van de beeldpixels. 
Voor het beeld van de korte golf-infrarood (SWIR) spectra, bleek de benadering van de 
golflengtepositie, gevoelig te zijn voor alle variaties in de samenstelling van (carbonaat) 
mineraalmengsels, in vergelijking tot de SAM en- LSU-benaderingen. De correlatie 
tussen geochemische kenmerken en spectroscopische parameters, onthulden ook de 
aanwezigheid van deze carbonaatmengsels, met verschillende chemische 
samenstellingen in de gesteentemonsters. 

Er is onderzoek gedaan naar de toepassing van SWIR-spectroscopie, als een 
techniek voor de kwaliteitscontrole van de minerale chemie (analyse) van de Portland 
‘cement-grade’ kalksteen. De spectroscopische eigenschappen van SWIR-
reflectantiespectra, zoals de golflengtepositie en de absorptiediepte en de geochemische 
eigenschappen van kalksteenmonsters, werden gebruikt om de abundantie en 
samenstelling van carbonaat en- kleimineralen op de rotsoppervlakten vast te stellen, 
door de benaderingen en resultaten van de eerste twee onderzoeken op te volgen. De 
diepte van carbonaat (CO3) en Al-OH absorptiekenmerken, zijn lineair gecorreleerd met 
de inhoud van de monsters van respectievelijk CaO en Al2O3. Variaties in de 
golflengtepositie van CO3 en- Al-OH-absorptiekenmerken houden verband met 
veranderingen in de chemische samenstelling van de monsters. De resultaten toonden 
aan dat de donkergrijze en lichtgrijze kalksteenmonsters, beter geschikt zijn voor het 
vervaardigen van Portland cementklinkers, dan de dolomitische kalksteenmonsters. De 
resultaten indiceren dat SWIR-spectroscopie een alternatieve benadering is voor de 
chemische kwaliteitscontrole van cementproducten (grondstoffen). 
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 Het onderzoek biedt een alternatieve benadering voor het schatten van minerale 
chemie en samenstelling van carbonaatgesteenten met behulp van SWIR-spectroscopie 
en laboratorium-gebaseerde hyperspectrale beeldvorming methoden. De bevindingen 
van dit onderzoek kunnen worden gebruikt als aanvulling op de conventionele 
analytische benaderingen voor chemische kwaliteitscontrole van carbonaatgesteenten in 
de cementindustrie. 
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1.1 Background 

Carbonate rocks are sedimentary rocks that mostly contain calcium carbonate 
(CaCO3), calcite and calcium magnesium carbonate (CaMg(CO3)2), dolomite (Blatt et 
al., 1972; Pettijohn, 1975). These rocks and minerals have played an essential role in the 
functioning of modern societies and accelerating economic growth of many nations 
(Deer et al., 1966; Harbaugh, 1976; Hatch & Rastall, 1965; Pettijohn, 1975). Therefore, 
the sustainable supply and access to the rocks and minerals are vital to the success of 
industrial sectors and the continuous existence of community developments. Carbonate 
rocks in the form of limestones are recognized as a primary natural resource for 
construction materials and the cement industry (Blatt et al., 1972; Pettijohn, 1975; Pohl, 
2011). They are the preferred source of lime or calcium oxide (CaO) for Portland 
cement clinker manufacturing (Chatterjee, 1983; Ghosh, 1983; Meade, 1926; Taylor, 
1997). The rocks are also economically important in terms of petroleum and gas 
reserves, because their porosity is a potential storage reservoir for oil and gas (Blatt et 
al., 1972; Friedman & Sanders, 1967; Harbaugh, 1976; Pettijohn, 1975). Many 
hydrocarbon reservoirs worldwide, such as the Permian of Texas, the Cretaceous of 
Mexico and Iraq, the Jurassic of Saudi Arabia and the Tertiary of the Persian Gulf and 
California are found in carbonate rocks (Beccari & Romano, 2005; Harbaugh, 1976). 
Besides the interest in petroleum geology characterization, there is a considerable 
potential from an ‘ore geology’ perspective, as carbonates are important pathfinder and 
alteration minerals associated with calcic skarn deposits, low sulphidation epithermal 
deposits and porphyry Cu deposits (Kozak et al., 2004; Rockwell & Hofstra, 2008). 
Moreover, the majority of carbon on the earth is deposited in carbonate sediments and 
the rocks contribute to carbon sequestration (Liu & Zhao, 2000; Luquot & Gouze, 
2009), the capture of carbon dioxide (CO2) from the atmosphere, and act as natural 
carbon sinks. Hence, their overriding factors have significant implications for the global 
carbon cycle and climate change (Baker et al., 2008). 

Carbonate rocks in nature are composed by a complex mixture of minerals and 
rarely formed by a pure and homogeneous mineral (Blatt et al., 1972; Deer et al., 1966; 
Pettijohn, 1975). Further complexity is added by the fact that physical phenomena or 
spatial distribution of mineral mixtures and chemical compositions constituted the rocks 
differ between geologic sites and alter to different minerals over time due to the 
dynamic geological processes of the earth (Blatt et al., 1972; Deer et al., 1966; 
Waltham, 2009). The rocks may contain various amounts of other mineralogical 
associations, such as aragonite (CaCO3), siderite (FeCO3), magnesite (MgCO3), ankerite 
CaFe(CO3)2, rhodochrosite (MnCO3), strontianite (SrCO3), cerussite (PbCO3), witherite 
(BaCO3), smithsonite (ZnCO3), goethite (FeO(OH)), quartz (SiO2), clays (kaolinite 
(Al2Si2O5(OH)4), montmorillonite ((Na,Ca)0.33(Al,Mg)2(Si4O10)), and illite 
((K,H3O)(Al,Mg,Fe)2(Si,Al)4O10[(OH)2, (H2O)])), halides (fluorite (CaF2) and halite 
(NaCl)), phosphates (hydroxylapatite (Ca5(PO4)3OH), fluorapatite (Ca5(PO4)3F), and 
chlorapatite (Ca5(PO4)3Cl)), sulfates (gypsum (CaSO4·2H2O), barite (BaSO4), alunite 
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(KAl3(SO4)2(OH)6), and celestite (SrSO4)), and sulfides (pyrite (FeS2) and realgar 
(As4S4)) (Blatt et al., 1972; Boggs, 2006; Deer et al., 1966; Pettijohn, 1975). 
Furthermore, the mineralogical and chemical composition depend on the mode of origin 
and depositional environment (Blatt et al., 1972; Ghosh, 1983; Pettijohn, 1975).  

The uses of limestones as cement raw materials and quality of cement products 
depend highly on their chemical compositions (Chatterjee, 1983; Meade, 1926; Taylor, 
1997). The rocks that are suitable for manufacturing the cement clinker should contain 
specific chemical compositions, such as 44%–52% CaO, 3%–3.5% MgO, 0.6% 
(maximum) Na2O and K2O, 0.6%–0.8% (maximum) SO3, 0.25%–0.6% (maximum) 
P2O5, 1.3% TiO2, 0.5% Mn2O3, and SiO2, Al2O3, and Fe2O3 in proportions suitable for 
cement manufacturing (Chatterjee, 1983; Meade, 1926; Taylor, 1997). The presence of 
some minor constituents in limestones such as MgO, SO3, Na2O and K2O that exceed 
the cement standard requirement is deleterious for the cement manufacture and product 
(Chatterjee, 1983; Horkoss et al., 2011; Ichikawa & Kanaya, 1997; Li et al., 2014; 
Meade, 1926; Taylor, 1997). Therefore, to identify and characterize accurately these  
mineral resources, studying and estimating the relative abundances and compositions of 
mineral chemistries on the rock surfaces is required, especially for the chemical quality 
control of carbonate rocks as cement raw materials.  

The developments in spectroscopy and hyperspectral imaging technologies have 
gave opportunities to characterize a particular mineral at a pixel level, based on their 
spectral reflectance characteristics (Kruse et al., 2003). Reflectance spectra in the 
wavelength range of visible and near infrared (VNIR), shortwave infrared (SWIR) and 
thermal infrared (TIR) have been used intensively in the last decades to analyze mineral 
components of rocks (Gupta, 2003; Longhi et al., 2001; Qaid et al., 2009; van der Meer, 
1995). These spectral features analysis have also been revealed as a useful method to 
distinguish a particular mineral from others. The diagnostic absorption features of 
minerals in the VNIR wavelength range are determined by electronic processes or 
transitions of metal ions and iron oxide in atomic level which involves a number of 
processes for instance crystal field effect, charge transfer effect, and conduction band 
effect (Bedini et al., 2009; Clark & Roush, 1984; Gupta, 2003; Hunt & Salisbury, 1970; 
van der Meer, 1995). The SWIR and TIR spectral absorption features of minerals are 
caused by vibrational processes of carbonate ion, silicon oxide and interaction between 
hydroxide and metal ion (Bedini et al., 2009; Clark & Roush, 1984; Gupta, 2003; Hunt 
& Salisbury, 1970; van der Meer, 1995). The vibrational absorptions at molecular scale 
consist of three modes of vibrations such as fundamental, overtone, and combination 
(Gupta, 2003). Spectral absorption feature characteristics of minerals vary, depending 
on the chemical compositions, structural arrangements, and bonding characteristics 
(Clark, 1999; Povarennykh, 1978; van der Meer, 1995). 

Carbonate minerals have diagnostic absorption features in the shortwave infrared 
(SWIR) and thermal infrared (TIR) regions due to vibrational processes of the carbonate 
ions (CO ) (Clark, 1999; Clark et al., 1990; Gupta, 2003; Hunt & Salisbury, 1971; 
Salisbury et al., 1987). In general, carbonate minerals can be distinguished from other 
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minerals by the presence of two prominent spectral absorption features in the 
wavelength ranges of 2.50–2.55 µm and 2.30–2.35 µm in the SWIR (Baissa et al., 2011; 
Clark et al., 1990; Gaffey, 1986; Hunt & Salisbury, 1971; van der Meer, 1995; Zaini et 
al., 2012) and 13.70–14.04 µm and 11.19–11.40 µm in the TIR  (Clark, 1999; Huang & 
Kerr, 1960; Lane & Christensen, 1997; Salisbury et al., 1987; Zaini et al., 2012). These 
features can be used to identify pure and mixed calcite and dolomite in synthetic 
samples or carbonate rocks, because the absorption band position of calcite is located at 
a slightly longer wavelength than that of dolomite (Gaffey, 1986; van der Meer, 1995). 
Spectral absorption features of carbonate minerals in the infrared region are influenced 
by physical and chemical parameters such as grain size (Crowley, 1986; Gaffey, 1986; 
van der Meer, 1995), texture (Crowley, 1986), packing or porosity (Gaffey, 1986), 
carbonate mineral content (van der Meer, 1995), and mineral impurities (Crowley, 
1986; Gaffey, 1986; van der Meer, 1995).  

This study investigates the applications of infrared spectroscopy and laboratory-
based hyperspectral imaging methods combined with geochemical analysis for 
estimating mineral chemistries and their compositions in carbonate rock samples. The 
spectroscopic approaches offer an alternative technique for chemical quality control  of 
carbonate rocks used in manufacturing process of Portland cement clinker. 

1.2 Problem statement 

The continuous demand for high-quality carbonate rocks and the need for accurate 
and rapid chemical analysis of the raw materials are increasing in cement industry and 
become more important. There are various conventional analytical methods (Table 1.1) 
that have been developed and employed to determine and estimate the mineral 
chemistry of carbonate rocks, as well as to characterize and control the chemical 
compositions of the cement raw materials and products. Infrared spectroscopy and 
laboratory-based hyperspectral imaging (imaging spectroscopy) techniques have  been 
found suitable for determining mineral components of rocks or geologic materials 
(Baissa et al., 2011; Clark et al., 1990; Green & Schodlok, 2016; Haest et al., 2012a; 
Hunt & Salisbury, 1971; Mathieu et al., 2017; Murphy et al., 2014; Oh et al., 2017; 
Schodlok et al., 2016; Tappert et al., 2011; Tappert et al., 2015; Zaini et al., 2014; Zaini 
et al., 2016). However, these spectroscopic approaches have not been fully investigated 
in quantifying mineral chemistry of carbonate rocks.  

The spectroscopic data within the SWIR region contain spectral signature of 
chemical composition of minerals in numerous spectral bands (Clark et al., 1990; Hunt 
& Salisbury, 1970, 1971). This spectral information is useful for characterization of 
mineral chemistry and their composition that constitute rocks. Infrared spectroscopy 
methods combined with geochemical data have been used for identifying and estimating 
mineral chemistry and chemical composition of carbonate rocks or ore materials (Haest 
et al., 2012a; Magendran & Sanjeevi, 2014; Oh et al., 2017; Zaini et al., 2016). 
Furthermore, these spectroscopic techniques have shown the ability to characterize the 
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chemistry of cement products and the hydration rate (Kocak & Nas, 2014; Mollah et al., 
2000; Perraki et al., 2010; Pipilikaki et al., 2008; Ylmen et al., 2010). However, their 
applications in determining the mineral chemistry and chemical compositions of 
carbonate rocks or limestones as cement raw materials have not been completely 
explored. These applications and the benefit of infrared spectroscopy techniques, which 
are in the end simpler and faster than conventional methods, could be applied directly as 
a quality assurance for chemical quality control of carbonate rocks that are suitable for 
Portland cement clinker manufacture. 

 
Table 1.1: Summary of conventional analytical methods used to identify mineral 
chemistry of carbonate rocks and chemical compositions of cement raw materials and 
products. 

Analytical method Application References 

Petrographic microscope 
(thin section analysis) 

Mineral chemistry 
identification 

(Forbes et al., 2010; Vincent et al., 
2011) 

Scanning electron 
microscopy (SEM) 

 (Kaplan et al., 2013; Lein, 2004) 

X-ray diffraction (XRD)  (Bishop et al., 2011; Gaffey, 1986; 
Kaplan et al., 2013; Sepulcre et al., 
2009) 

Different thermal analysis 
(DTA) 

 (Kaplan et al., 2013) 

Staining method  (Dickson, 1965; Friedman, 1959; 
Hitzman, 1999; Kato et al., 2003) 

X-ray fluorescence (XRF) Chemical composition 
analysis 

(Fernandez et al., 2011; Mazouzi et 
al., 2014; Wu et al., 2012) 

Energy dispersive X-ray 
spectroscopy (EDS) 

 (De Weerdt et al., 2015; Irassar et al., 
2003; Pipilikaki et al., 2008; Tosun et 
al., 2009) 

Inductively coupled 
plasma optical emission 
spectrometer (ICP-OES) 

 (Frias et al., 1994; Marjanovic et al., 
2000; Potgieter & Maljanovic, 2007; 
Silva et al., 2002) 

Electron microprobe 
analysis (EMPA) 

 (Bertron et al., 2009; Ifka et al., 2014; 
Kurokawa et al., 2013; Taylor & 
Newbury, 1984) 

1.3 Research objectives 

The general objective of this research is to develop a methodology for determining 
and estimating the relative abundances and compositions of mineral chemistries from 
carbonate rocks using an integrated approach of spectroscopy, geochemistry and 
hyperspectral imagery, particularly for the chemical quality control of carbonate rocks 
as cement raw materials. To achieve these aims, the following specific objectives have 
been formulated: 
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1. To analyze the effects of grain size and calcite-dolomite mixtures on carbonate 
spectral absorption feature characteristics. 

2. To estimate the relative abundance and chemical composition of carbonate 
minerals on the rock surfaces using SisuCHEMA hyperspectral imagery.  

3. To investigate the potential and accuracy of SWIR spectroscopy approach for 
chemical quality control of Portland cement-grade limestone.  

1.4 Study sites 

For the purposes of this study, the carbonate rock samples used for this research 
were collected from two different geological sites. The first study site was the 
Bédarieux dolomite mine in the Hérault department of the Languedoc-Roussillon 
region, southern France. The other site was the Lhoknga limestone quarry in Aceh 
Besar, Aceh, Indonesia. These study sites were selected based on the information and 
physical appearance of their variations in carbonate rock types and mineral 
compositions. The mines contain carbonate rocks of different types, which are dolomitic 
limestones and limestones, respectively.  

1.4.1 The Bédarieux dolomite mine 

This study site is located in the Bédarieux mining area, which is an open and partly 
active dolomite mine at 43o37’N and 3o12’E, the Hérault department of Languedoc-
Roussillon region, southern France (Figure 1.1). The mine quarries dolomitic limestones 
(Figure 1.2). Being a source of magnesium, these rocks are used for fertilizer. The 
dolomite mine is also surrounded by abandoned mines with some bauxite pockets inside 
the area. The carbonate rocks are originating from the Jurrassic-Bathomien formation 
(Bogdanoff et al., 1984). From a geological point of view, the area is a part of 
consolidated rocks, which are a transition zone between the coastal plain, the alluvial 
sediments of the Hérault river and the metamorphous rock of ‘Massif Central’ (Gèze, 
1979). The area has unique geological structures ranging from sandstone formation, 
limestone plateaus, dolomite formation, and volcanic tuffs and volcanic basalt deposits 
(Sluiter, 2005). 
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Figure 1.1: Location map of study site at the Bédarieux dolomite mine, the Hérault 
department of the Languedoc-Roussillon region, southern France. Google maps image 
shows the location of dolomite mine. © 2017 Google. 

 

Figure 1.2: A) Field photograph of the Bédarieux dolomite mine in the Hérault 
department of the Languedoc-Roussillon region, southern France. B) Example of 
dolomitic limestone sample in the mine (photographs: de Jong, S.M., taken 18 
September 2008). 

1.4.2 The Lhoknga limestone quarry 

The study site is an open active limestone mine of PT. Lafarge Cement Indonesia, 
located approximately 2 km south of Lhoknga, Aceh Besar or around 25 km south of 
Banda Aceh, the Aceh province, Indonesia (Figure 1.3). The Lhoknga limestone quarry 
is situated behind the cement plant at 5o27’N and 95o15’E. In general, the quarry has 
two types of limestones, namely dark gray and light gray limestones (Figures 1.4). 
These quarried limestones are used as the primary raw materials for Portland cement 
manufactured by the Lafarge cement plant. The sedimentary rocks are from the Jurassic 
to Cretaceous-Raba Limestone Formation of the Woyla group, which is composed of 
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massive calcarenite and calcilutite and dark gray thin-bedded argillaceous and siliceous 
limestones (Barber & Crow, 2005; Bennett et al., 1981). These massive limestones crop 
out along the coast and in the Barisan Mountains to the south and west of Banda Aceh 
(Barber & Crow, 2005; Bennett et al., 1981), and are closely associated with a 
lithological unit of the basaltic-andesitic arc assemblage (Barber, 2000; Barber & Crow, 
2005; Cameron, 1980) of the Bentaro Volcanic Formation (Bennett et al., 1981). They 
are interpreted as a volcanic arc with fringing reefs (Cameron, 1980). The volcanic 
formation is composed of porphyritic basalts and andesitic basalts with agglomerates 
and mafic dykes (Barber & Crow, 2005; Bennett et al., 1981). 

 

Figure 1.3: Location map of study site at PT. Lafarge Cement Indonesia, Lhoknga, 
Aceh Besar, Indonesia. Google maps image shows the location of Lhoknga limestone 
quarry behind the cement plant. © 2017 Google. 
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Figure 1.4: A) Field photograph of the Lhoknga limestone quarry of PT. Lafarge 
Cement Indonesia, Lhoknga, Aceh Besar, Indonesia. Example of B) dark gray and C) 
light gray limestone samples in the quarry (photographs: Zaini, N., taken 1 September 
2014). 

1.5 Structure of the thesis 

This thesis has six chapters, contributed and linked together in understanding of the 
carbonate absorption feature characteristics and determining mineral chemistries of 
carbonate rocks. Apart from the introduction, literature review and synthesis, the three 
remaining chapters are scientific papers that have been published in peer-reviewed 
journals (Chapters 3 to 5).  

Chapter 1 describes a general introduction of the thesis. In this chapter, research 
background, objectives, study sites and structure of the thesis are presented 
subsequently.  

Chapter 2 provides a literature review of carbonate mineral chemistry 
characterization. It includes the significance of carbonate rocks and various technical 
approaches for mineral chemistry analyses of carbonate rocks, such as conventional 
analytical methods, infrared spectroscopy techniques and hyperspectral imagery 
approaches. 

Chapter 3 analyzes the effect of grain size and carbonate mineral mixtures on 
spectral absorption feature characteristics of calcite and dolomite in the shortwave 
infrared (SWIR) and thermal infrared (TIR) wavelength regions. For the purpose of this 
chapter, synthetic samples of powdered calcite and dolomite with different grain size 
fractions and compositions of calcite-dolomite mixtures were prepared and measured 
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successively their reflectance spectra in these infrared wavelength ranges. Spectral 
feature characteristics (e.g., wavelength position, depth, full width at half maximum 
(FWHM), and asymmetry of absorption feature) of those carbonate minerals are 
analyzed and established from four prominent carbonate vibrational absorption features 
of the continuum-removed spectra, consisted of features at 2.3 and 2.5 µm (SWIR) and 
features at 11.5 and 14 µm (TIR).  

Chapter 4 presents the application of SisuCHEMA hyperspectral imagery, 
laboratory-based hyperspectral data, for estimating the chemical composition and the 
relative abundance of carbonate minerals on the rock surfaces. Various spectral 
recognition algorithms, such as wavelength position, spectral angle mapper (SAM) and 
linear spectral unmixing (LSU) approaches were used to extract compositional 
information of mineral mixtures from the spectral images, based on spectral 
endmembers of the synthetic samples established in Chapter 3. The accuracy of these 
classification methods and correlation between mineral chemistry and mineral spectral 
characteristics in determining mineral constituents of rocks are also analyzed. 

Chapter 5 investigates the potential and accuracy of SWIR spectroscopy as an 
alternative quality control technique for chemical and mineralogical analyses of 
Portland cement-grade limestone or carbonate rocks that are suitable for manufacturing 
Portland cement clinker. The spectroscopic parameters, particularly the wavelength 
position and depth of absorption feature of carbonate and phyllosilicate minerals within 
the SWIR spectral ranges, are formulated and integrated with the geochemical 
characteristics, i.e. CaO, MgO, Al2O3 and SiO2 as determined by the portable X-ray 
fluorescence (PXRF) measurements, to determine and estimate the relative abundance 
of mineral chemistries and compositions in the rock samples.  

Chapter 6 summarizes and synthesizes the results and findings of this research. 
This chapter also discusses the outcome and practical implications of the study with 
regard to the quality control of cement raw materials or carbonate rock chemistry 
characterization using an integrated approach of spectroscopy, geochemistry and 
hyperspectral imagery. 
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2. Carbonate rock chemistry characterization-
a review1 

 
 
 
 
  

                                                                    
1This chapter will be submitted to Journal of Geochemical Exploration as: Zaini, N., van der Meer, F., 
van der Werff, H. and van Ruitenbeek, F. Carbonate rock chemistry characterization: A review (In 
preparation) 
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2.1 Introduction 

This chapter presents a review of carbonate rock chemistry characterization as 
reported in literature of earlier studies. The significance of carbonate rocks in a 
scientific and economic perspective, as well as their mineralogical contents and 
chemical compositions are summarized. The two essential carbonate minerals, calcite 
and dolomite that mostly constitute those sedimentary rocks, are highlighted in terms of 
their functionality and applicability in nature and industry. Furthermore, various 
analytical methods that have been used in numerous studies for determining and 
analyzing mineral chemistry and composition of carbonate sediments or rocks are 
discussed, including the advantages and weaknesses of these approaches (Table 2.1). 
Firstly, conventional analytical methods on carbonate mineral chemistry analysis are 
described concisely. They involve staining method, petrographic microscope (thin 
section analysis), scanning electron microscopy (SEM), electron microprobe analysis 
(EMPA), X-ray diffraction (XRD), and X-ray fluorescence (XRF). Subsequently, the 
uses of infrared spectroscopy and field and laboratory-based hyperspectral imagery 
techniques for carbonate rock chemistry analyses are also discussed.  

2.2 The significance of carbonate rocks 

Carbonate rocks can be divided into two dominant groups based on their carbonate 
mineral compositions, namely limestone and dolomitic limestone or dolostone (Bissell 
& Chilingar, 1967; Pettijohn, 1975). Limestone is constituted predominantly of calcium 
carbonate (CaCO3), normally in the form of calcite or aragonite. Dolostone is composed 
mostly of calcium magnesium carbonate (CaMg(CO3)2), dolomite. In this thesis, 
dolomite refers to the carbonate mineral and dolomitic limestone or dolostone refers to a 
type of carbonate rock. 

The majority of carbonate sedimentary rocks are deposited from seawater and made 
by bioclastic accumulation or precipitation of calcareous organisms (Boggs, 2006). 
Limestone and dolostone are the most common types of carbonate rocks in stratigraphic 
record. Limestones are built up from dissolved organic matters or calcareous organisms 
and inorganic materials, which depend on their depositional environment, and then 
deposited and compacted into a rock by lithification process throughout geological time 
(Blatt et al., 1972; Pettijohn, 1975). These carbonate sedimentary rocks can occur in 
various depositional environments, such as non-marine environments, shallow marine 
platforms and deep-sea environments (Blatt et al., 1972; Sanders & Friedman, 1967). 
Dolostones are formed principally by the dolomitization process of limestone, which 
involves the replacement of calcite by dolomite in the rock when magnesium-rich water 
permeates through limestone (Friedman & Sanders, 1967; Hatch & Rastall, 1965; 
Pettijohn, 1975). 
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Table 2.1: Summary of the strengths and weaknesses of various analytical methods 
used for chemical and mineralogical characterization of carbonate sediments or rocks.  
Analytical method Strength Weakness References 
Staining method A relatively easy, rapid 

and inexpensive technique 
for carbonate minerals 
analysis; effective for field 
application 

Less accurate and 
certainty compared to 
other analytical 
techniques (e.g., SEM, 
XRD, EMPA) 

(Brasier et al., 2013; 
Dickson, 1965; Friedman, 
1959; Hitzman, 1999; James 
& Jones, 2015) 

Petrographic 
microscope (thin 
section analysis) 

It can be used to 
characterize mineralogy, 
crystal structure, grain 
shapes, fossil distributions 
and diagenetic constituents 
of carbonate rocks  

Requiring a skillful 
operator for sample 
preparation and 
analysis; 
impracticality for field 
measurement 

(Andriani & Walsh, 2002; 
Brasier et al., 2013; Črne et 
al., 2014; James & Jones, 
2015; Johansson et al., 2017; 
Vincent et al., 2011) 

Scanning electron 
microscopy (SEM) 

A high resolution and 
magnification image; it can 
be used to characterize 
crystallography, 
topographical, and 
compositional information 
of the surface; useful to 
visualize microscopically 
features in carbonates 

Samples must be solid 
and fit into the 
microscope chamber; 
time consuming for 
sample preparation; 
impracticality for field 
measurement  

(Črne et al., 2014; Goldstein 
et al., 2003; James & Jones, 
2015; Johansson et al., 2017; 
Kaplan et al., 2013; Lein, 
2004; Reed, 2005; Vincent et 
al., 2011) 

Energy dispersive 
X-ray 
spectroscopy 
(EDS) attached to 
SEM (SEM-EDS)   

A rapid and accurate 
technique for chemical 
analysis of geologic 
samples 

Spot chemical 
analyses; the EDS 
analyzer is insensitive 
to very light elements 
such as H, He and Li; 
less sensitivity for 
detecting low element 
contents in the sample; 
impracticality for field 
measurement  

(Goldstein et al., 2003; 
James & Jones, 2015; 
Johansson et al., 2017; Reed, 
2005) 

Electron 
microprobe analysis 
(EMPA) 

A rapid and accurate 
technique for chemical 
analysis of geologic 
samples; the elemental 
concentration analysis of 
microprobe is more precise 
than the EDS  

Spot chemical 
analyses; time 
consuming for sample 
preparation; the 
EMPA’s image is 
lower resolution than 
the SEM’s image; 
overlapping peak 
positions for some 
elements; 
impracticality for field 
measurement 

(James & Jones, 2015; Lane 
& Christensen, 1997; Lane & 
Dalton, 1994; Reed, 2005) 
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Table 2.1: (continued) 
Analytical method Strength Weakness References 
X-ray powder 
diffraction (XRD) 

A common and convenient 
analytical technique for 
determining mineralogy; 
bulk mineralogical 
analyses; it can be used to 
analyze the proportions 
and compositions of 
carbonate minerals and the 
ordering of dolomite 
crystals in carbonate rocks 

Powdered and 
homogenous samples; 
overlapping peak 
positions that affect 
ambiguous mineral 
identification; less 
accurate for measuring 
small crystalline 
structures; requires 
standard libraries; 
impracticality for field 
application 

(Bishop et al., 2011; Brasier 
et al., 2013; Forbes et al., 
2010; Gaffey, 1986; Hardy & 
Tucker, 1988; James & Jones, 
2015; Kaplan et al., 2013; 
Sdiri et al., 2010; Sepulcre et 
al., 2009) 

X-ray fluorescence 
(XRF) 

A rapid and accurate 
technique for chemical 
analysis of geologic 
samples; bulk chemical 
analyses of major and trace 
elements; it can be applied 
to solid or liquid materials 

Time consuming for 
sample preparation; 
less accurate for 
analyzing light 
elements with a 
particular atomic 
number (e.g., Z<11); 
impracticality for field 
application except for 
a hand-held analyzer 

(Brasier et al., 2013; Črne et 
al., 2014; Fitton, 2014; 
Forbes et al., 2010; Lai et al., 
2015; Sdiri et al., 2010) 

Infrared 
spectroscopy  

A non-destructive 
technique to determine 
mineralogical composition 
of geologic samples; 
requiring a small quantity 
of sample; easy sample 
preparation and analysis; it 
can be applied effectively 
in field measurement, 
especially for field 
spectrometer  

Requires standard 
spectral libraries and 
skilled interpreter for 
minerals identification; 
spectral features are 
influenced 
considerably by 
chemical composition 
and grain size 
variations; less 
accurate to identify 
low abundance of 
mineral mixtures that 
present in geologic 
samples  

(Clark, 1999; Clark et al., 
1990; Crowley, 1986; Gaffey, 
1986; Hunt & Salisbury, 
1971; Oh et al., 2017; Reig et 
al., 2002; Sdiri et al., 2010; 
van der Meer, 1995; Xie et 
al., 2016; Zaini et al., 2016) 

Hyperspectral 
imagery 
(Hyperspectral 
imaging)  

A non-destructive 
technique to determine 
mineralogical composition 
of geologic samples; easy 
sample preparation; 
hyperspectral image 
allowing spectral analysis 
of each pixel for 
compositional mineral 
mapping; it can be used for 
field application.  

Less accurate to 
identify low 
abundance of mineral 
mixtures that present 
in geologic samples; 
requires standard 
spectral libraries and 
skilled interpreter for 
minerals identification 
and pre-processing 
hyperspectral imagery 

(Baissa et al., 2011; Buckley 
et al., 2013; Kurz et al., 2013; 
Kurz et al., 2012; Murphy et 
al., 2016; Zaini et al., 2014) 
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The importance and functionality of these sedimentary rocks in nature and industry 
have been described in many studies. In nature, carbonate rocks that exist in all geologic 
systems, from the Precambrian to the Quaternary (Blatt et al., 1972; Boggs, 2006), are 
essential geological formations for hydrocarbon reservoirs and water aquifers (Ahr, 
2008; Beccari & Romano, 2005; Harbaugh, 1976), precious ore and mineral deposits 
(Deer et al., 1966; Pettijohn, 1975) and carbon sequestration sites (Liu & Zhao, 2000; 
Luquot & Gouze, 2009).  

In industry, carbonate rocks are one of the essential materials used in many sectors, 
such as construction, cement industry, agricultural industry and household industries. 
These sedimentary rocks, limestones, are the main component in the raw mix for 
cement clinker (Chatterjee, 1983; Ghosh, 1983; Meade, 1926; Taylor, 1997). Moreover, 
raw and dehydrated products of carbonate rocks that content high-purity of calcite and 
dolomite are applied to agricultural industries as a fertilizer and acid neutralizer of the 
soil, and are important additive materials for various household products, such as 
pharmaceuticals, paper, glass, plastic and paint (Freas et al., 2006; Krukowski, 2006; 
Pohl, 2011). Its derivative product in the form of lime is also used in manufacturing 
process of steel as well as for environmental applications, including water and sewage 
treatment and flue gas desulfurization (Freas et al., 2006; Krukowski, 2006; Pohl, 
2011). In the treatment of water and sewage, lime serves as a powerful chemical agent 
for such applications: elimination of turbidity and suspended matter, acid neutralization, 
pH controlling, precipitation of metals and sulfates, and disinfectant (Krukowski, 2006). 
Lime is required in the flue gas scrubber system for removal sulfur or sulfur dioxide 
(SO2) from stack gases of coal electric power plants (flue gas desulfurization) 
(Krukowski, 2006). It is important to control the emission of SO2 into the atmosphere, 
because the gas can react with water to form H2SO4.  

2.3 Mineralogical and geochemical compositions of 
carbonate rocks 

The main mineralogical compositions of carbonate rocks are carbonate minerals 
consisted of calcite, calcium carbonate (CaCO3) and dolomite, calcium magnesium 
carbonate (CaMg(CO3)2) (Blatt et al., 1972; Pettijohn, 1975). Carbonate minerals are a 
group of minerals composed of carbonate ion (CO3

2-) as the basic molecular structure.  
The rocks may also be constituted by other common carbonate minerals and 
mineralogical associations in various amounts, which depend on their modes of origin 
and depositional environment (Blatt et al., 1972; Boggs, 2006; Deer et al., 1966; 
Pettijohn, 1975).  

Carbonate minerals have relatively similar physical properties (Table 2.2) (Boggs, 
2006; Deer et al., 1966; Hamilton et al., 1995; Pettijohn, 1975), and are consequently 
difficult to differentiate the minerals from one another. Calcite and dolomite occur in 
the hexagonal crystal system and have perfect rhombohedral cleavage. Aragonite, which 
is a metastable mineral and has identical chemical composition as calcite, exists in the 
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orthorhombic crystal system and alters to calcite through time. Calcite can also be 
distinguished from dolomite by their specific characteristics, for instance effervescence 
and dissolving quickly in cold dilute hydrochloric acid. The hardness value of calcite is 
3.0 on the Mohs scale, while dolomite is slightly harder ranging between 3.5 and 4.0. 
Therefore, calcite is easier to pulverize into a powder with different grain size fractions 
than dolomite. Calcite has a wide variety of colors in its appearance, which is usually 
colorless or white and shaded by grey and black due to the presence of organic matter, 
yellowish, brown or reddish due to iron oxides impurity, and greenish due to infiltrating 
of clayey mineral into the rock (Hamilton et al., 1995; Kirkaldy, 1976). Dolomite also 
has various colors in its appearance, which is generally white and sometime it may be 
reddish, brown, greenish, gray or black due to infiltrating of other matters into the rock 
(Hamilton et al., 1995; Kirkaldy, 1976). 

 
Table 2.2: Some physical properties of common carbonate minerals (Boggs, 2006; Deer 
et al., 1966; Hamilton et al., 1995; Pettijohn, 1975). 

Mineral Crystal system Mohs hardness Specific gravity Luster 

Calcite (CaCO3) Hexagonal 3 2.7 Vitreous 

Dolomite (CaMg(CO3)2) Hexagonal 3.5–4.0 2.8–3.0 Vitreous to pearly 

Aragonite (CaCO3) Orthorhombic 3.5–4.0 2.9–3.0 Vitreous to dull 

Siderite (FeCO3) Hexagonal 4 4 Vitreous to pearly 

Magnesite (MgCO3) Hexagonal 4 3 Vitreous 

Rhodochrosite (MnCO3) Hexagonal 3.5–4.0 3.7 Vitreous 

Strontianite (SrCO3) Orthorhombic 3.5 3.7–3.8 Vitreous to greasy 

Cerussite (PbCO3) Orthorhombic 3.0–3.5 6.5–6.6 Adamantine 

Witherite (BaCO3) Orthorhombic 3.0–3.5 4.3 Vitreous to dull 

Ankerite (CaFe(CO3)2) Hexagonal 3.5–4.0 2.9–3.0 Vitreous to pearly 

Moreover, the principal chemical elements of carbonate rocks are calcium (Ca2+), 
magnesium (Mg2+) and carbonate ions (CO3

2-) (Barber, 1974; Boggs, 2006; Wolf et al., 
1967). These major elements attribute to the dominant minerals of calcite and dolomite 
in carbonate rocks, respectively. The rocks may also contain other chemical elements in 
minor and trace concentrations (Barber, 1974; Boggs, 2006; Robinson, 1980; Thompson 
et al., 1970; Wolf et al., 1967). Minor elements that are commonly found in carbonate 
rocks are Si, Al, Fe, K and Na. These elements indicate the presence of minor 
constituents of silicate minerals in intimate mixture with carbonate rocks, such as 
quartz, feldspars and clay minerals. Various trace elements might be incorporated into 
carbonate rocks, namely Ag, B, Be, Ba, Bi, Br, Cl, Cd, Co, Cr, Cu, Ga, Li, Mn, Mo, Ni, 
Pb, Rb, Sn, Sr, Ti, V, Y, Zn and Zr (Barber, 1974; Boggs, 2006; Robinson, 1980; 
Thompson et al., 1970; Wolf et al., 1967). Other geochemical components that are 
helpful in identifying carbonate rock are stable isotopes. They are oxygen and carbon. 
The amount of these isotopes in carbonate rocks is affected by chemical and physical 
parameters, such as organic processes and sea water compositions and temperature. In 
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addition, the chemical compositions and concentrations of minor and trace elements in 
carbonate rocks depend on mineral chemistry, organic matters and skeletal materials 
forming the rocks (Barber, 1974; Boggs, 2006; Robinson, 1980; Thompson et al., 1970; 
Wolf et al., 1967). The detailed study of mineralogical and geochemical compositions 
of carbonate rocks can be found in the following literatures reviewed by several authors 
(Bissell & Chilingar, 1967; Blatt et al., 1972; Boggs, 2006; Deer et al., 1966; Pettijohn, 
1975; Wolf et al., 1967). 

2.4 Mineral chemistry analysis of carbonate rocks 

2.4.1 Conventional analytical methods 

To analyze mineralogy and chemical compositions of a carbonate rock, various 
conventional analytical methods have been utilized, such as staining, petrographic 
microscope (thin section analysis), scanning electron microscopy (SEM), electron 
microprobe analysis (EMPA), X-ray diffraction (XRD), and X-ray fluorescence (XRF). 
A concise description and application of these classical methods on a carbonate rock are 
designated in the following paragraphs. 

Table 2.3: Staining colors of carbonate minerals using various chemical solutions, 
adapted after (Hitzman, 1999; Parbhakar-Fox et al., 2017). 

Mineral Alizarin red S 
(ARS) 

Potassium 
ferricyanide (PF) 

Combination of 
ARS and PF 

Titan yellow 

Calcite Pink to red Unstained Pink to red Unstained 
Aragonite Pink to red Unstained Pink to red Unstained 
Ferroan calcite  Pink to pale 

pink 
Pale to deep blue Purple to royal 

blue 
Unstained 

Dolomite Unstained Unstained Unstained Red to orange 
Ferroan 
dolomite 

Unstained Pale to deep 
turquois 

Pale to deep 
turquois 

Unstained 

Siderite Unstained Unstained Unstained Unstained 
Magnesite Unstained Unstained Unstained Red to orange 
Rhodochrosite Unstained Pale brown Pale brown Unstained 
Cerussite Mauve Unstained Mauve Unstained 
Witherite Red Unstained Red Unstained 

Staining is a practical method used in determining mineralogy of a carbonate rock 
by treating it with specific chemical solutions (Friedman, 1959). This method is a 
relatively easy, rapid and inexpensive technique for extracting compositional 
information of carbonate minerals, especially calcite, aragonite and dolomite contents in 
a carbonate rock (Brasier et al., 2013; Dickson, 1965; Friedman, 1959; Hitzman, 1999; 
James & Jones, 2015; Parbhakar-Fox et al., 2017). There are several chemical solutions 
that are frequently used for staining a carbonate rock, such as Alizarin red S, potassium 
ferricyanide, and Titan yellow (Brasier et al., 2013; Dickson, 1965; Friedman, 1959; 
Hitzman, 1999; James & Jones, 2015; Parbhakar-Fox et al., 2017). These staining 
solutions impart a specific color to carbonate minerals (Table 2.3) that allow identifying 
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the minerals in various geologic samples. Figure 2.1 show an example of carbonate 
minerals identification by applying staining solutions on carbonate drill core of a 
chlorite-carbonate-sphalerite schist sample from the Palacoproterozoic Koongie Park 
Formation, Western Australia (Parbhakar-Fox et al., 2017). 

 

Figure 2.1: Carbonate drill core staining of a chlorite-carbonate-sphalerite schist 
sample: (a) unstained sample; (b) Ferroan dolomite (Fe-Dol) stained blue and calcite 
(Cal) stained red with a combination staining solution of alizarin red S (ARS) and 
potassium ferricyanide (PF); (c) post ARS-PF staining etch with HCl, showing the Fe-
Dol areas with a bright blue; (d) dolomite remains unstained and Mg-rich calcite (Mg-
Cal) stained yellow with titan yellow; (e) Ferrous dolomite stained dark blue when 
applying ARS-PF staining followed by the titan yellow. (f/g: fine-grained, spl: 
sphalerite), taken with permission of Springer Nature and without changes from 
(Parbhakar-Fox et al., 2017). © 2017 Springer. 

 

Petrographic microscope of thin section analysis has been demonstrated to be an 
invaluable method for determining mineralogical compositions, crystal structure, grain 
shapes, fossil distributions and diagenetic constituents of carbonate rocks (Andriani & 
Walsh, 2002; Brasier et al., 2013; Črne et al., 2014; James & Jones, 2015; Johansson et 
al., 2017; Vincent et al., 2011). This method requires a skillful operator in terms of 
sample preparation and analysis. The petrographic microscope can be integrated with 
cathodoluminescence unit to assess carbonate rock constituents. It highlights 
mineralogical compositions of areas that are exhibited by different luminescent colors. 
However, this approach cannot accurately identify rock components based on various 
luminescent indicators. 

Scanning electron microscopy (SEM) is an essential instrument to acquire a high 
resolution and magnification image by scanning a pointing area on the rock surface with 
a focused electron beam (Goldstein et al., 2003; Reed, 2005). The electron beam 
generated by an electron gun strikes the rock surface to form a black and white image 
that can be used to characterize crystallography, topographical and compositional 
information of the surface that assist in mineral identification (Goldstein et al., 2003; 
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Reed, 2005). This method is time consuming for sample preparation including surface 
stain-coating with metal for electron conducting. 

SEM method is commonly used for studying carbonate rocks (Črne et al., 2014; 
James & Jones, 2015; Johansson et al., 2017; Kaplan et al., 2013; Lein, 2004; Vincent et 
al., 2011). SEM image is also useful to visualize microscopically features, such as 
microfossils, microbes, cement growth zonation and microscale fabric variations in 
carbonate rocks that are unidentified by an optical microscope (James & Jones, 2015). 
The advanced development in SEM technology has created a possibility for chemical 
characterization of the analyzed sample using an additional instrument, such as energy 
dispersive X-ray spectroscopy (EDX or EDS). The EDS analyzer is a semi-qualitative 
technique used in conjunction with SEM for analyzing elemental constituents of small 
areas of solid materials (Goldstein et al., 2003; Reed, 2005). The EDS data of chemical 
compositions of the sampled volume complemented by crystal analysis can precisely 
determine mineralogical compositions of carbonate rocks in area being analyzed (James 
& Jones, 2015; Johansson et al., 2017).  

Electron microprobe analysis (EMPA) is a quantitative microanalysis technique for 
determining chemical compositions of microvolume spot measurements of solid 
materials (Reed, 2005). The instrument also uses a focused electron beam as the SEM in 
characterizing elemental constituents that exist in small analyzed areas of the sample. 
The elemental concentration analysis of electron microprobe is more precise than the 
EDS results attached on a SEM, although the EMPA’s image is lower resolution than 
the SEM’s image. This method is time consuming for sample preparation including 
polished thin sections and coated with carbon for such analysis. The microprobe 
technique has been applied for chemical analyses of carbonate rocks and minerals 
(James & Jones, 2015; Lane & Christensen, 1997; Lane & Dalton, 1994). The 
information derived from the microprobe technique allows the examination process of 
elemental compositions, fabrics and zoned crystals of carbonate rocks (James & Jones, 
2015). 

X-ray powder diffraction (XRD) is a common and convenient analytical technique 
for determining mineralogy of crystalline structured materials (Klug & Alexander, 
1974; Waseda et al., 2011). In this technique the collimated X-rays are directed at the 
surface of the powdered sample. The resulting reflectance peaks generated by 
constructive interference of atoms in a crystal can be utilized to identify mineralogical 
composition. The method is also widely used for analyzing the composition of 
carbonate sediments or rocks (Bishop et al., 2011; Brasier et al., 2013; Forbes et al., 
2010; Gaffey, 1986; Hardy & Tucker, 1988; James & Jones, 2015; Kaplan et al., 2013; 
Sdiri et al., 2010; Sepulcre et al., 2009). It is invaluable technique for characterizing 
fine-grained carbonate rocks. XRD patterns exhibit distinctive information about the 
chemical composition of carbonate minerals, the proportions and variations of carbonate 
minerals, and the ordering of dolomite crystals composing carbonate rocks (Hardy & 
Tucker, 1988; James & Jones, 2015). XRD has limitations, such as time overlapping 
peak positions that can be ambiguous for mineral identification, less accurate for 
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measuring small crystalline structures, and failing to detect small structures presenting 
in trace amounts. 

X-ray fluorescence (XRF) is a chemical analysis technique used to determine 
elemental compositions (major and trace elements) of rocks, minerals, and sediments 
(Fitton, 2014). This spectrometer works using a high energy X-ray beam to irradiate a 
sample and the emission of characteristic X-rays excited by the sample depend on their 
chemical compositions. The output of fluorescence X-ray can be used to examine the 
elemental composition of a sample. The XRF method has been applied to analyze the 
relative amounts of major and trace elements of carbonate rocks (Brasier et al., 2013; 
Črne et al., 2014; Forbes et al., 2010; Lai et al., 2015; Sdiri et al., 2010). These 
elemental analyses reveal the historical information of sedimentary and diagenetic 
process of carbonate rocks. However, the method is time consuming for sample 
preparation and less accurate for analyzing light elements with a particular atomic 
number (e.g., Z<11). 

2.4.2 Infrared spectroscopy 

The basic principle of spectroscopy is derived from the interactions of 
electromagnetic radiation with materials in the form of solid, liquid, or gas. The 
interactions will generate a series of physical or optical processes such as absorption, 
reflection, and transmission that contain certain information of the materials or 
minerals. Spectroscopy is the study of the interaction between electromagnetic radiation 
and materials, which results spectra of the materials at specific wavelengths (Clark, 
1999). The electromagnetic spectrum, which is commonly used in spectroscopy or 
remote sensing for characterizing rocks and minerals, can be classified into several 
spectral domains of wavelength range (Clark, 1999; Warner et al., 2009), such as visible 
and near-infrared (VNIR), shortwave infrared (SWIR), midwave infrared (MIR) and 
thermal infrared (TIR) (Table 2.4).  

 
Table 2.4: The electromagnetic spectrum classification with various spectral regions 
used frequently in spectroscopy or remote sensing (Clark, 1999; Warner et al., 2009).  

Spectral domains Abbreviations Wavelength range (µm) 
Visible and Near-infrared VNIR 0.4 – 1.0 
Shortwave infrared SWIR 1.0 – 2.5 
Midwave infrared  MIR 2.5 – 6.0 
Thermal infrared TIR 7.5 – 20 

Infrared spectroscopy technique on the basis of spectral shapes and feature 
characteristics has been used intensively for many decades to determine mineral 
chemistry and composition of carbonate rocks or other carbonate samples (Clark, 1999; 
Clark et al., 1990; Crowley, 1986; Gaffey, 1986; Huang & Kerr, 1960; Hunt & 
Salisbury, 1971; Oh et al., 2017; Reig et al., 2002; Sdiri et al., 2010; van der Meer, 
1995; Xie et al., 2016; Zaini et al., 2012; Zaini et al., 2016). The spectroscopic method 
is a non-destructive technique to determine mineralogy and to obtain information of 
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chemical composition of geologic samples. It requires a small quantity of sample and 
easy sample preparation. This analytical method can be applied effectively for 
laboratory and field measurement using a field spectrometer or spectroradiometer. 
However, the method has limitations, such as requiring standard spectral libraries and 
skilled interpreter for minerals identification, less accurate for measuring low 
abundance of mineral mixtures in geologic samples, and overlapping spectral features 
that can be obscure to identify mineralogy.  

Reflectance spectra of absorption features of minerals or rocks in the wavelength 
range of visible and near-infrared (VNIR), shortwave infrared (SWIR) and thermal 
infrared (TIR) are determined by electronic and vibrational processes (Clark, 1999; 
Clark et al., 1990; Gupta, 2003; Hunt, 1977; Hunt & Salisbury, 1970, 1971; van der 
Meer, 1995). The diagnostic absorption features of carbonate minerals in the SWIR and 
TIR wavelength regions are determined by vibrational processes of the carbonate ions 
(CO ) (Clark, 1999; Clark et al., 1990; Gupta, 2003; Hunt & Salisbury, 1971; 
Salisbury et al., 1987). The minerals have two distinctive spectral absorption features in 
the wavelength ranges. The positions of these spectral features are centered at 2.50–2.55 
µm and 2.30–2.35 µm in the SWIR region (Baissa et al., 2011; Clark et al., 1990; 
Gaffey, 1986; Hunt & Salisbury, 1971; van der Meer, 1995; Zaini et al., 2012) and at 
13.70–14.04 µm and 11.19–11.40 µm in the TIR region  (Clark, 1999; Huang & Kerr, 
1960; Lane & Christensen, 1997; Salisbury et al., 1987; Zaini et al., 2012). Additional 
carbonate vibrational bands or weak absorption bands in the SWIR region occur around 
2.23–2.27 µm, 2.12–2.16 µm, 1.97–2.00 µm, 1.85–1.87 µm and 1.75–1.80 µm (Clark, 
1999; Clark et al., 1990; Gaffey, 1986; Hunt & Salisbury, 1971; van der Meer, 1995). 
The presence of clay minerals in an intimate mixture with carbonates is usually 
indicated by a vibrational absorption feature around 2.20 µm and 2.30 µm due to the 
combination of the OH stretch with the Al-OH (Aluminium hydroxide) and Mg-OH 
(Magnesium hydroxide) bending modes, respectively (Clark et al., 1990; Hunt, 1977; 
Hunt & Salisbury, 1970). 

Reflectance spectra of calcite and dolomite in the SWIR wavelength region are 
depicted in Figure 2.2. Calcite and dolomite have two prominent absorption features in 
this spectral region. The positions of these absorption bands are centered at the 
wavelength ranges around 2.33–2.34 µm and 2.53–2.54 µm for calcite and around 2.31–
2.32 µm and 2.51–2.52 µm for dolomite (Clark, 1999; Clark et al., 1990; Gaffey, 1986; 
Hunt & Salisbury, 1971; van der Meer, 1995; Zaini et al., 2012). The positions and 
widths of strong and weak absorption bands of calcite and dolomite in the SWIR are 
shown in Table 2.5 (Gaffey, 1986). Figure 2.3 shows reflectance spectra of calcite and 
dolomite in the TIR wavelength region. Calcite and dolomite also have two prominent 
spectral absorption features in the TIR region. The positions of these absorption bands 
are centered at the wavelength ranges around 11.40–11.60 µm and 13.92–14.04 µm for 
calcite and around 11.35–11.53 µm and 13.40–13.70 µm for dolomite (Clark, 1999; 
Huang & Kerr, 1960; Reig et al., 2002; Zaini et al., 2012).   
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Figure 2.2: Reflectance spectra of calcite and dolomite in the SWIR wavelength region. 
The spectra show two prominent carbonate absorption features centered at ~2.3 µm and 
~2.5 µm.  

 

Table 2.5: The positions and widths of absorption bands of calcite and dolomite in the 
SWIR wavelength region, adapted after (Gaffey, 1986).  

Carbonate 
band 

Calcite Dolomite 
Position (µm) Width (µm-1) Position (µm) Width (µm-1) 

1 2.530–2.541 0.0223–0.0255 2.508–2.518 0.0208–0.0228 

2 2.333–2.340 0.0154–0.0168 2.312–2.322 0.0173–0.0201 

3 2.254–2.272 0.0121–0.0149 2.234–2.248 0.0099–0.0138 

4 2.167–2.179 0.0170–0.0288 2.150–2.170 0.0188–0.0310 

5 1.974–1.995 0.0183–0.0330 1.971–1.979 0.0206–0.0261 

6 1.871–1.885 0.0190–0.0246 1.853–1.882 0.0188–0.0261 

7 1.753–1.770 0.0255–0.0430 1.735–1.740 0.0178–0.0395 

 
Figure 2.3: Reflectance spectra of calcite and dolomite in the TIR wavelength region, 
showing two prominent carbonate absorption features centered at ~11.5 µm and ~14 
µm.  
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2.4.3 Hyperspectral imagery 

Hyperspectral imagery, which consists of numerous image data in narrow and 
contiguous spectral bands (Figure 2.4), has allowed for rapid and accurate identification 
of mineralogy based on the analysis of the spectral feature characteristics of image 
pixels (van der Meer & de Jong, 2001). This image data is a three-dimensional data 
cube, where the x axis represents wavelength, the y axis represents reflectance or 
brightness, and the z axis represents the accumulation of spectral bands (Campbell, 
1996). 

The developments of field and laboratory-based imaging spectrometry or  
spectroscopy sensors such as HyLoggingTM (Haest et al., 2012a, 2012b), HyLogger-3 
(Green & Schodlok, 2016; Schodlok et al., 2016), HySpex (Baissa et al., 2011; Kurz et 
al., 2012; Mathieu et al., 2017), and SisuROCK and SisuCHEMA of Spectral Imaging 
Ltd. (SPECIM), Finland (Murphy et al., 2014; Murphy et al., 2016; Specim, 2007; 
Tappert et al., 2015; Zaini et al., 2014) hyperspectral imagers, which integrated the 
digital imaging of airborne hyperspectral sensor technologies with the high 
spectroscopic resolution of field and laboratory spectrometers, have generated a new 
type of hyperspectral imagery that can be used for identifying geologic mixtures of 
surface mineralogy (Baissa et al., 2011; Green & Schodlok, 2016; Haest et al., 2012a, 
2012b; Kurz et al., 2012; Mathieu et al., 2017; Murphy et al., 2014; Murphy et al., 
2016; Schodlok et al., 2016; Specim, 2007; Tappert et al., 2015; Zaini et al., 2014). The 
spectrometers can acquire hyperspectral images of various geologic samples or sites 
from the ideal condition in the laboratory to the close range application in the field. 
These datasets present opportunities for analysis of the complex mixtures of surface 
mineralogy. Figure 2.5 shows the application of hyperspectral imagery to identify and 
map surface mineralogy of hematite and goethite in hand specimens of iron ore samples. 



Carbonate rock chemistry characterization 

24 

 

Figure 2.4: Sketch of a hyperspectral imaging dataset (hyperspectral imagery). Each 
image pixel exhibits a reflectance spectrum of surface materials, taken with permission 
of Springer Nature and without changes from (van der Meer & de Jong, 2001). © 2001 
Springer.     

 

 

Figure 2.5: Wavelength position image of the iron absorption feature at ~900 nm (~0.9 
µm) derived from the polynomial fit of hyperspectral imagery of iron ore samples. The 
classified image shows compositional variations of the rock samples composed of 
hematite and goethite, taken with permission of IEEE and with minor changes from 
(Murphy et al., 2014). © 2014 IEEE.  

 

Hyperspectral imagery or hyperspectral imaging technique has been used 
frequently to determine carbonate mineral chemistry and composition of rocks or 
geologic materials in a wide variety of geologic samples including hand specimen 
(Baissa et al., 2011; Zaini et al., 2014), fossil (Murphy et al., 2016), drill core materials 
(Green & Schodlok, 2016; Haest et al., 2012a, 2012b; Mathieu et al., 2017; Schodlok et 
al., 2016) and outcrop of mine face (Buckley et al., 2013; Kurz et al., 2013; Kurz et al., 
2012). Hyperspectral imaging or imaging spectroscopy is a non-destructive technique in 
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identification and estimation of the abundance of carbonate mineral mixtures and 
compositions. It requires a small quantity of sample and easy sample preparation. This 
imaging technique with higher image resolution allows characterizing crystallinity in 
carbonate rocks. However, the method has some limitations for mineral identification, 
such as requiring standard spectral libraries and skilled interpreter, pre-processing 
imagery, and less accurate to identify low abundance of mineral mixtures that present in 
geologic samples. The imaging method can be used for field application, but the 
resulted image will be difficult to process and analysis due to effects of atmospheric 
conditions and mixing and weathering of surface features. Therefore, the application of 
higher resolution laboratory-based hyperspectral imagery can determine the relative 
abundance of mineral chemistry and map spatial distribution of compositional 
variations on carbonate rock surfaces.  

2.5 Discussion and conclusions 

Carbonate rocks in the form of limestone and dolostone, which are mainly 
composed of calcite (CaCO3) and dolomite (CaMg(CO3)2) (Blatt et al., 1972; Pettijohn, 
1975), have played an important role in continuing development of modern society and 
accelerating economic growth of many nations (Deer et al., 1966; Harbaugh, 1976; 
Hatch & Rastall, 1965; Pettijohn, 1975). This is because these sedimentary rocks 
possess and hold significance natural resources, such as precious ore and mineral 
deposits (Deer et al., 1966; Pettijohn, 1975), hydrocarbon reservoirs and water aquifers 
(Ahr, 2008; Beccari & Romano, 2005; Harbaugh, 1976), and including carbon 
sequestration site (Liu & Zhao, 2000; Luquot & Gouze, 2009). Carbonate rocks are also 
an essential industrial material that are principally used for construction and cement 
industry. The rocks, for instance limestones are the preferred source of lime or calcium 
oxide (CaO) for manufacturing Portland cement clinker (Chatterjee, 1983; Ghosh, 1983; 
Meade, 1926; Taylor, 1997). However, the suitability of carbonate rocks to make the 
cement clinker depends on their chemistry and composition. In other words, the 
chemical composition of those rocks should fulfil the standard requirement of cement 
industry. Therefore, identification and determination of mineral chemistry and 
composition of carbonate rocks using an appropriate analytical method is essential for 
exploration of the rocks and minerals that are being used as the main component of 
cement raw materials, and for understanding ore and hydrocarbon characterizations 
deposited in carbonate rocks. 

Chemical and mineralogical analyses of carbonate rocks using various analytical 
methods with strengths and weaknesses of these approaches have been revealed in many 
studies of existing literatures (Table 2.1). Although the conventional analytical methods 
are well established in characterizing carbonate rock chemistry, most of these 
techniques have some limitations compared with infrared spectroscopy and 
hyperspectral imaging (imaging spectroscopy) approaches (Table 2.1). They are labor 
intensive and time consuming for sample preparation and analysis. The traditional 
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methods are also designed for a particular purpose in analyzing mineral chemistry of 
carbonate rocks, such as thin section, petrographic microscope, SEM, and XRD for 
identifying mineralogy; and SEM-EDS, EMPA, and XRF for chemical analyses of 
major and trace elements. The infrared and imaging spectroscopic techniques are 
recognized as advanced analytical methods for determining mineralogy and chemical 
information of carbonate rocks. These spectroscopic methods are fast and non-
destructive for mineralogical and compositional determination of the rocks based on 
their spectral feature characteristics analysis (Table 2.1). Furthermore, the hyperspectral 
imagery allows characterizing crystallinity and mapping compositional variations on 
carbonate rock surfaces. However, most of the conventional methods are impracticality 
for field application compared with the spectroscopic methods, especially during 
mineral chemistry exploration and measurement process in a quarry or geological site. 
This is because the analytical instruments require a specific treatment for sample 
preparation and acquisition of the data (Table 2.1). 

 

Figure 2.6: XRD and XRF analytical methods used in the cement production process, 
showing the importance of those conventional methods in quality control of the cement-
making process, taken with permission of IEEE and without changes from (Anderson et 
al., 2015). © 2015 IEEE. 

 

The predominant use of carbonate rocks as cement raw materials requires a rapid 
and precise analytical method that can be employed directly in mining areas or field 
sites is critical. In the cement industry, XRD and XRF are the most commonly used 
analytical methods to control mineral and chemical composition in each stage of the 
cement production process (Figure 2.6), chain from the exploration of high quality raw 
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materials in a quarry to the final cement products (Anderson et al., 2015). However, 
these conventional methods are impractical to apply in mining areas or field sites. The 
infrared spectroscopic technique of field spectrometry with faster and accurate spectral 
data acquisition in the wavelength range of 0.7–2.5 µm (from NIR to SWIR regions) is 
more practical and effective to characterize and determine mineralogical composition of 
carbonate rocks or geologic samples in mining areas or field sites. This mineral 
identification technique offers an alternative analytical method to the cement industry in 
controlling and analyzing mineral chemistry of carbonate rocks that are well suited to 
make Portland cement clinker (Zaini et al., 2016). However, the spectroscopic method 
cannot determine exactly chemical compositions or elemental concentrations in 
carbonate rocks compared with other analytical methods such as XRF, SEM-EDS and 
EMPA. The infrared spectroscopy provides a great potential and opportunity for the 
chemical quality control and the quantitative analysis of carbonate rocks in the mining 
and cement industries by combining spectroscopic data of field spectrometry with 
geochemical data of X-ray analyzer (XRF) (Oh et al., 2017; Zaini et al., 2016).  

Chapters 3 to 6 present and discuss the spectral absorption feature characteristics of 
carbonate minerals (calcite and dolomite) in the infrared wavelength regions; the 
application of laboratory-based hyperspectral imagery for estimating the chemical 
composition and the relative abundance of carbonate minerals on the rock surfaces; and 
the potential and accuracy of infrared spectroscopy integrated with geochemical data as 
an alternative quality control technique for chemical and mineralogical analyses of 
carbonate rocks that are suitable for manufacturing Portland cement clinker. 
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3. Effect of grain size and mineral mixing on 
carbonate absorption features in the SWIR 
and TIR wavelength regions2 

 
  

                                                                    
2This chapter has been published as: Zaini, N., van der Meer, F., van der Werff, H., 2012. Effect of grain 

size and mineral mixing on carbonate absorption features in the SWIR and TIR wavelength regions. Remote 
Sensing 4, 987-1003. 
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3.1 Introduction 

Carbonate rocks, which are recognized as an important natural resource for 
construction materials and the cement industry (Blatt et al., 1972; Pettijohn, 1975), are 
sedimentary rocks that mostly consist of calcite (CaCO3) and dolomite (CaMg(CO3)2) 
(Blatt et al., 1972; Deer et al., 1966; Pettijohn, 1975; Waltham, 2009). These carbonate 
minerals in the form of limestones also have an economic interest in terms of petroleum 
geology, because their porosity is a potential storage reservoir for oil and natural gas 
(Blatt et al., 1972; Friedman & Sanders, 1967; Harbaugh, 1976; Pettijohn, 1975). The 
development of porosity in limestones is affected by the sequence of diagenetic 
processes, which include dolomitization (Friedman & Sanders, 1967; Harbaugh, 1976; 
Pettijohn, 1975). The dolomitization process involves the replacement of calcite by 
dolomite in the rock when magnesium-rich water permeates through limestone 
(Friedman & Sanders, 1967; Hatch & Rastall, 1965; Pettijohn, 1975). The process may 
result in an increase in the porosity of the rock by up to 12%, making it suitable as a 
natural reservoir for oil (Friedman & Sanders, 1967; Harbaugh, 1976; van der Meer, 
1995). The implications of dolomitization for oil exploration (van der Meer, 1996a, 
1998) and the importance of dolomite in making cement make it a favorable mineral to 
be investigated.  

Besides the interest in oil and gas reservoir characterization, there is an interest in 
looking into calcite-dolomite mineralogy from an ‘ore geology’ perspective, as 
carbonates are important pathfinder and alteration minerals associated with calcic skarn 
deposits, low sulphidation epithermal deposits and porphyry Cu deposits (Kozak et al., 
2004; Rockwell & Hofstra, 2008). In addition, coral reefs are under worldwide decline 
as a result of climate change (Baker et al., 2008). Corals are among the species that 
contribute to carbon sequestration, the capture of carbon dioxide (CO2) from the 
atmosphere, and act as natural carbon sinks. As they are largely built of carbonate 
material, more information on its spectral characteristics will help in better species 
differentiation and in mapping using remote sensing (Hochberg & Atkinson, 2000; van 
der Meer, 1996b). 

Carbonate minerals have diagnostic absorption features in the shortwave infrared 
(SWIR) and thermal infrared (TIR) regions due to vibrational processes of the carbonate 
ions (CO ) (Clark, 1999; Clark et al., 1990; Gupta, 2003; Hunt & Salisbury, 1971; 
Salisbury et al., 1987). In general, carbonate minerals can be distinguished by the 
presence of two prominent spectral absorption features in the wavelength ranges around 
2.50–2.55 µm and 2.30–2.35 µm in the SWIR (Baissa et al., 2011; Clark et al., 1990; 
Gaffey, 1986; Hunt & Salisbury, 1971; van der Meer, 1995) and around 13.70–14.04 
µm and 11.19–11.40 µm in the TIR (Clark, 1999; Huang & Kerr, 1960; Lane & 
Christensen, 1997; Salisbury et al., 1987). These features can be used to identify pure 
and mixed calcite and dolomite in synthetic samples or carbonate rocks, because the 
absorption band position of calcite is located at a slightly longer wavelength than that of 
dolomite (Gaffey, 1986; van der Meer, 1995). Although the absorption band positions 
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of these particular minerals have been observed by multiple researchers, the precise 
position of calcite and dolomite absorption bands in the SWIR (Baissa et al., 2011; 
Gaffey, 1986; Hunt & Salisbury, 1971; van der Meer, 1995)  and TIR (Huang & Kerr, 
1960; Ji et al., 2009; Lane & Christensen, 1997; Reig et al., 2002; Salisbury et al., 1987) 
spectra has been recorded at different wavelengths.  

There are several factors controlling the position of carbonate absorption bands at 
the atomic level: cation mass, cation radius, cation and anion valences, cation 
coordinate number, the gap between cation and anion, and site symmetry (Gaffey, 1985; 
Povarennykh, 1978). Spectral absorption features of carbonate minerals in the infrared 
region are also influenced by physical and chemical parameters such as grain size 
(Crowley, 1986; Gaffey, 1986; van der Meer, 1995), texture (Crowley, 1986), packing 
or porosity (Gaffey, 1986), carbonate mineral content (van der Meer, 1995), and 
chemical composition (metal ion impurity) (Gaffey, 1985; Hunt & Salisbury, 1971; van 
der Meer, 1995). Previous studies of the effect of particle size on carbonate absorption 
features in the SWIR revealed that differences in grain size change reflectance values 
and absorption feature depth (Crowley, 1986; Gaffey, 1986; van der Meer, 1995), but 
absorption band position, width (Gaffey, 1986; van der Meer, 1995), and asymmetry of 
the features (van der Meer, 1995) are invariant to grain size. Position, depth, and 
asymmetry of carbonate absorption feature in the SWIR are displaced by changing the 
relative amounts of calcite and dolomite composing a sample (van der Meer, 1995). The 
presence of iron in the form of Fe2+ in carbonate minerals reduces the reflectance value 
(Gaffey, 1985; van der Meer, 1995) and depth of the carbonate absorption feature in the 
SWIR (van der Meer, 1995).  

Although the spectral absorption features of carbonate minerals in the SWIR 
wavelength region have been extensively studied (Crowley, 1986; Gaffey, 1986; van 
der Meer, 1995), they have not been fully explored and observed in the TIR region, 
particularly with regard to the influences of grain size and carbonate mineral mixtures. 
In this chapter, we analyze the spectral absorption feature characteristics of calcite and 
dolomite in both the SWIR and TIR wavelength regions as a function of grain size and 
calcite-dolomite mixtures. To accurately identify carbonate minerals in pure and mixed 
forms, it is necessary to analyze the effects of those parameters that change spectral 
characteristics. 

3.2 Materials and Methods 

3.2.1 Sample preparation 

Synthetic samples of calcite and dolomite were prepared by crushing, sieving, 
mixing and packing. Rock samples of calcite from the Serra de Ficalho, Moura, 
Portugal and dolomite of chemical grade from the UK were separately pulverised using 
a jaws-crusher and a steel percussion mortar and pestle. The pulverized samples were 
dried in an oven overnight at 105oC to evaporate water, and subsequently sieved into six 
grain size fractions of pure powdered minerals (<45 μm, 45–90 μm, 90–125 μm, 125–
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250 μm, 250–500 μm and >500 μm) using a Fritsch sieving machine with stainless steel 
sieves. Synthetic mixtures of calcite and dolomite were prepared by mixing weight 
percentages of powdered minerals ranging from pure calcite to pure dolomite with same 
grain size fractions. The samples used in this mixing process consisted of three different 
grain size fractions with a combination of some pure fractions, namely <45, 45–125, 
and 125–500 μm. The pure powdered calcite and dolomite were weighed on the basis of 
weight percentage of each mineral respectively, using a top-loading precision balance 
(Mettler PE360) with a reading precision of ±1 g. The total amount of material needed 
to prepare a synthetic sample was 25 grams and the compositions of calcite-dolomite 
mixtures with different mineral contents for each grain size fractions were 75%–25%, 
50%–50%, and 25%–75%. To obtain homogenous mixtures, samples were manually 
stirred in a porcelain mortar using a spoon-spatula for 5 min. For packing of the samples, 
the pure and mixed synthetic samples were placed separately in a cylindrical aluminum 
cup of 5 cm in diameter and 5 mm in depth, and pressed using a weight pressure of 
1090 grams for 5 minutes.  

3.2.2 FTIR reflectance spectra measurement 

A Bruker Vertex 70 FTIR Spectrometer was used to measure reflectance spectra of 
the synthetic samples in the SWIR (1.0–3.3 µm) and TIR (5.0–20 µm) wavelength 
regions. The spectrometer was equipped with a near infrared (NIR) source, Calcium 
Fluoride (CaF2) beam splitter, and Indium Gallium Arsenide (InGaAs) on-sphere 
detector for the SWIR spectra measurements. The spectrometer measured the SWIR 
spectra with 16 cm−1 spectral resolution at 256 scans per acquisition. The TIR spectra 
were recorded using an external mid infrared (MIR) source, Potassium Bromide (KBr) 
beam splitter, and Mercury Cadmium Telluride (MCT) on-sphere detector cooled by 
liquid nitrogen. The sample was scanned 4,096 times per acquisition with 8 cm−1 
spectral resolution.  

Directional hemispherical reflectance measurements were made using a custom-
built integrating sphere (Hecker et al., 2011) attached to the Bruker Vertex 70. The 
beam of SWIR or TIR radiation from the spectrometer passed through the sphere and 
illuminated the sample surface with an angle of approximately 10°. The sample was 
placed under a sample port at the bottom of the sphere. The sample area measured was 
approximately 25 mm in diameter. Radiation reflected by the sample and scattered by 
the gold-coated sphere was recorded by detectors placed on the top (MCT) and the rear 
(InGaAs) of the sphere. A gold-coated plate was used for referencing, before each 
sample measurement was conducted. 

3.2.3 Spectral absorption features analysis 

Absorption feature characteristics analysis consisted of determining absorption 
band position, depth, full width at half maximum (FWHM), and asymmetry (Clark & 
Roush, 1984; Kruse, Lefkoff, & Dietz, 1993; van der Meer, 1995; van der Meer, 2004), 
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calculated from continuum-removed spectra (Clark & Roush, 1984; Kokaly & Clark, 
1999; Kruse, Lefkoff, & Dietz, 1993; van der Meer, 2004) (Figure 3.1). The position of 
the absorption band is defined as the wavelength at which the maximum absorption or 
minimum reflectance of an absorption feature occurred (van der Meer, 1995; van der 
Meer, 2004). The depth of the absorption feature indicates the reflectance value at the 
shoulders minus the reflectance value at the position of the absorption wavelength 
(Clark & Roush, 1984; van der Meer, 1995; van der Meer, 2004). The FWHM is 
defined as the width of the spectral feature at half the maximum depth (Kruse, Lefkoff, 
& Dietz, 1993). The asymmetry of the absorption feature represents the logarithm of the 
ratio of the area right of the absorption position (Area B) to the area left of the 
absorption position (Area A) (Kruse, Lefkoff, & Dietz, 1993), where the result of the 
calculation is zero if the absorption feature has a perfect asymmetry, a negative value 
for a skewed absorption feature towards shorter wavelengths, and a positive value for a 
skewed absorption feature towards longer wavelengths (Kruse, Lefkoff, & Dietz, 1993). 

 

Figure 3.1: Definitions of absorption feature characteristics. 
 

A continuum is a mathematical function that can isolate and enhance specific 
spectral absorption features (Clark & Roush, 1984), which has been used for various 
applications to analyze the feature characteristics of field (Kokaly & Clark, 1999; 
Mutanga et al., 2004; Smith et al., 2011), laboratory (Luleva et al., 2011; Yitagesu et al., 
2011), and image (Hecker et al., 2008; Hubbard et al., 2003; van der Meer, 2004; 
Youngentob et al., 2011) reflectance spectra. We analyzed four prominent vibrational 
absorption features in carbonate reflectance spectra: features at 2.3 and 2.5 µm in the 
wavelength range of 2.164–2.653 μm (SWIR) and features at 11.5 and 14 µm in the 
wavelength range of 10.89–14.81 µm (TIR). The absorption feature characteristics were 
computed using custom IDL scripts (Luleva et al., 2011; van der Meer, 2004) within 
IDL-ENVI software package (ITT, 2010). 
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3.3 Results 

3.3.1 SWIR spectra of pure calcite and dolomite with varying grain size 

SWIR spectral characteristics of the two vibrational absorption features in pure 
powdered calcite and dolomite are shown for each grain size fraction in Figure 3.2. It 
can be observed that varying the grain size fraction influences the reflectance value and 
absorption feature characteristics, especially the depth of absorption bands and the 
overall brightness in the SWIR wavelength region. The depth of absorption bands 
increases with increasing grain size fraction of calcite and dolomite between 45 and 250 
µm, and decreases when the grain size is greater than 250 µm (Figure 3.3). Overall 
reflectance decreases with increasing grain size fraction of the sample (Figure 3.2). 

   

Figure 3.2: Reflectance spectra of pure powdered calcite and dolomite for each grain 
size fraction in the shortwave infrared (SWIR) wavelength region. The center of 
absorption band position is not affected by grain size. 

 
FWHM and asymmetry of the features also vary slightly with grain size fraction, 

but the position of absorption bands for both features of calcite and dolomite is invariant 
to grain size fraction (Figure 3.2). The absorption band positions are centered at 2.340 
µm and 2.537 µm for calcite and at 2.323 µm and 2.515 µm for dolomite (Figure 
3.3(a,b)). The FWHM increases with increasing grain size fractions from 45 to 500 µm, 
but slightly decreases when grain size is larger than 500 µm (Figure 3.3). The feature at 
2.5 µm is wider and deeper than the feature at 2.3 µm for both minerals. The asymmetry 
of calcite and dolomite features has a negative value which tends to skew to shorter 
wavelengths (Figures 3.2 and 3.3) and the feature at 2.3 µm skews more to shorter 
wavelengths than the feature at 2.5 µm.  

3.3.2 TIR spectra of pure calcite and dolomite with varying grain size 

TIR reflectance spectra of pure powdered calcite and dolomite are characterized by 
the two prominent vibrational absorption features at 11.5 and 14 µm (Figure 3.4). The 
graphs show that change in grain size influences spectral shape, reflectance value, and 
absorption feature characteristics of both calcite and dolomite. Overall reflectance and 
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depth of absorption bands decrease with increasing grain size fraction for both features. 
The spectral features of calcite and dolomite become poorly defined as grain size 
fraction increases, particularly between 125 and 500 µm grain sizes. Additionally, the 
doublet at 11.75 µm and peaks at 12 and 13.50 µm disappear gradually with increasing 
grain size fraction, whereas the peak at 11.25 µm becomes more pronounced. 

 

 
Figure 3.3: Absorption feature parameters of  pure powdered (a) calcite and (b) 
dolomite as a function of grain size obtained from the spectral features at 2.3 (▲) and 
2.5 µm (●), shown in Figure 3.2. 
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Figure 3.4: Reflectance spectra of pure powdered calcite and dolomite for each grain 
size fraction in the thermal infrared (TIR) wavelength region. The center of absorption 
band position is affected by grain size. 

 
Absorption band position, FWHM, and asymmetry also vary with grain size 

fraction. The position shifts to longer wavelengths for the 11.5 µm feature (11.451–
11.600 µm for calcite and 11.417–11.527 µm for dolomite) and to shorter wavelengths 
for the 14 µm feature (14.006–13.919 µm for calcite and 13.662–13.438 µm for 
dolomite), from fine to coarse grain size fraction (Figures 3.4 and 3.5). The FWHM 
increases with increasing grain size fraction of calcite and dolomite. The asymmetry of 
the features has a positive value which tends to skew to longer wavelengths as grain size 
increases (Figure 3.4).  

 

Figure 3.5: Absorption band positions of pure powdered (a) calcite and (b) dolomite in 
the TIR wavelength region as a function of grain size (features at 11.5 (▲) and 14 µm 
(●)), shown in Figure 3.4. 
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Figure 3.6: Spectral features of calcite-dolomite mixtures for each grain size fraction in 
the SWIR wavelength region. Position of absorption bands is a function of calcite 
content in the sample. (C = calcite and D = dolomite, prefix numbers showing the 
mineral contents in percent). 

3.3.3 SWIR spectra of mixed calcite and dolomite with varying mineral 
contents 

Reflectance spectra of calcite-dolomite mixtures in the SWIR wavelength region 
used in absorption feature analysis are shown in Figure 3.6. The graphs show that 
reflectance intensity and spectral characteristics change with different calcite and 
dolomite contents and grain size. Overall reflectance tends to decrease with increasing 
grain size fraction. The 2.3 and 2.5 µm absorption bands shift in position as a result of 
different calcite or dolomite contents in the sample (Figure 3.7). These band positions of 
calcite-dolomite mixtures in the SWIR region are centered within the wavelength range 
of 2.323–2.340 µm and 2.515–2.537 µm, from the band position of pure dolomite to 
pure calcite. Absorption band positions of the mineral mixtures also subtly displace with 
grain size fraction, especially when calcite content increases from 25% to 75%. 

Absorption band depth, FWHM, and the asymmetry of both features also vary 
slightly with changing carbonate mineral content (Figure 3.7). For each grain size 
fraction, the depth of absorption bands increases with increased calcite content. Coarse 
grain size gives deeper absorption features than fine grain size. The FWHM decreases 
when more than 25% of calcite is in the sample. The asymmetry of features has a 
negative value which tends to skew to shorter wavelengths. 
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Figure 3.7: SWIR absorption feature parameters of calcite-dolomite mixtures for each 
grain size fraction (grain size: <45 µm (●), 45–125 µm (■), and 125–500 µm (▲)) 
obtained from (a) feature at 2.3 µm and (b) feature at 2.5 µm, shown in Figure 3.6. 

3.3.4 TIR spectra of mixed calcite and dolomite with varying mineral 
contents 

Figure 3.8 shows reflectance spectra of calcite-dolomite mixtures in the TIR 
wavelength region, for each grain size fraction. The graphs show that spectral shapes 
and absorption feature characteristics of both features (11.5 and 14 µm) vary with 
changing calcite and dolomite contents. Overall reflectance decreases with increasing 
calcite content and grain size fraction. The thermal infrared spectra of calcite-dolomite 
mixtures exhibit a relatively flat spectral curve when grain size fractions are in the range 
of 125 to 500 μm.  
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Figure 3.8: TIR spectral features of calcite-dolomite mixtures for each grain size 
fraction. Position of absorption bands is a function of the calcite content in the sample. 
(C = calcite and D = dolomite, prefix numbers showing the mineral contents in percent). 

 

 
Figure 3.9: Absorption band positions of calcite-dolomite mixtures in the TIR region 
for each grain size fraction (grain size: <45 µm (●), 45–125 µm (■), and 125–500 µm 
(▲)) obtained from (a) feature at 11.5 µm and (b) feature at 14 µm, shown in Figure 
3.8. 

 
The position of absorption bands of both features depends on the calcite content 

and grain size composing the sample, where the band positions range from that of pure 
dolomite to pure calcite or change to longer wavelengths as calcite content increases 
(Figure 3.9). These band positions of calcite-dolomite mixtures in the TIR region are 
centered within the wavelength range of 11.417–11.451 μm and 13.662–14.006 μm for 
grain size <45 μm, 11.421–11.497 μm and 13.631–13.977 μm for grain size 45–125 μm, 
and 11.469–11.578 μm and 13.563–13.940 μm for grain size 125–500 μm. Absorption 

band depth, FWHM, and asymmetry of the features also vary with calcite content 
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(Figure 3.8). The features tend to have positive asymmetry which skews to longer 
wavelengths. 

3.4 Discussions 

3.4.1 Effect of grain size 

Varying grain size in carbonate samples influences spectral shape and thus 
absorption feature characteristics in the SWIR and TIR wavelength regions. 
Particularly, reflectance and depth of absorption bands change (Figures 3.2 and 3.4). 
The studies by van der Meer (1995), Gaffey (1986), and Crowley (1986) also show that 
the reflectance and depth of absorption bands of these minerals in SWIR spectra are 
affected by grain size. Coarse grain size fractions absorb more electromagnetic radiation 
penetrating to the grain surface than fine grain size associated with thickness of the 
grain or internal optical path of the grain (Clark & Roush, 1984; Salisbury et al., 1987) 
according to Lambert-Beer’s Law, typical of transparent material (Salisbury et al., 
1987), and roughness of the grain surface (Crowley, 1986). 

The presence of carbonate ion in a mineral or rock is characterized by several 
fundamental vibrational bands in the SWIR (Clark, 1999; Clark et al., 1990; Gaffey, 
1986; Hunt & Salisbury, 1971) and TIR (Clark, 1999; Clark et al., 1990; Salisbury et 
al., 1987) regions. The two prominent absorption features in SWIR reflectance spectra 
of calcite and dolomite (Figure 3.2) are caused by overtones and combination tones of 
internal vibrational processes of carbonate ions (Clark, 1999; Clark et al., 1990; Gaffey, 
1986; Hunt & Salisbury, 1971). In TIR spectra (Figure 3.4), the two diagnostic 
absorption features are generated by two vibrational bending modes of carbonate ions, 
which are out-of-plane bends for the feature at 11.5 µm and in-plane bends for the 
feature at 14 µm (Clark, 1999; Clark et al., 1990; Salisbury et al., 1987).  

The position of absorption bands for both features in pure powdered calcite and 
dolomite spectra in the SWIR wavelength region appeared invariant to grain size 
fraction (Figure 3.3), confirming results reported by van der Meer (1995) and Gaffey 
(1986). Although the center of the absorption band position is not influenced by grain 
size, the band positions are centered at a slightly different wavelength, when compared 
to previous studies (Baissa et al., 2011; Gaffey, 1986; Hunt & Salisbury, 1971; van der 
Meer, 1995). Gaffey (1986) revealed that using different spectroscopic instruments and 
methods to calculate band position may result in changing the center of the band 
position. In this study, we used an advance hyperspectral spectrometer with very high 
spectral resolution for reflectance spectra measurement, so that it could be the reason 
why our result is slightly different from others. The FWHM and asymmetry of the 
features at 2.3 and 2.5 µm in the SWIR region varied with grain size fraction (Figures 
3,2 and 3,3), which is in contrast to what has been published in prior studies (Gaffey, 
1986; van der Meer, 1995). Here it was stated that the width and asymmetry of 
absorption features, and the number of absorption bands are not changing or invariant 
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with particle size (Gaffey, 1986; van der Meer, 1995). In addition, the FWHM for both 
absorption features is wider for dolomite than for calcite. 

The band position of both features in the TIR wavelength region appeared to be 
dependent on grain size fraction of the sample (Figure 3.4). The center of the band 
position changed slightly at different wavelengths, confirming results of previous 
studies (Huang & Kerr, 1960; Ji et al., 2009; Lane & Christensen, 1997; Reig et al., 
2002; Salisbury et al., 1987). Reflectance intensity of band shoulders on the left and 
right sides of both features at 11.5 and 14 µm decreased considerably more than for the 
band centers, when the grain size becomes coarser in the sample. Therefore, it 
influences spectral shapes and absorption feature characteristics. As grain size affects 
the shape of absorption features (Salisbury et al., 1987), it may also affect band 
position. The absorption band depth, FWHM, and asymmetry of the TIR carbonate 
features also varied with grain size, but the feature parameters were difficult to analyze 
given the weak nature of spectral features at larger grain sizes, especially between 125 
and 500 µm grain sizes. 

3.4.2 Effect of mineral mixing 

Varying quantity of calcite and dolomite in the sample affects absorption band 
position in the SWIR and TIR wavelength regions. Work reported by van der Meer 
(1995) for carbonate band positions in SWIR spectra of calcite-dolomite mixtures 
shows the same trends found in the course of this study. Gaffey (1985) also reported 
that absorption band position in calcite and dolomite spectra displaces with changed 
chemical composition such as increased Mg content in calcite and Fe content in 
dolomite. However, the absorption band position displaced also with grain size, 
especially when the calcite content in the samples increases from 25% to 75% (Figure 
3.7), although the band position did not shift in the SWIR spectra of pure powdered 
calcite and dolomite (Figure 3.3). This effect may be caused by the mixing of calcite 
and dolomite in the sample, which is dominated by one of the two carbonate minerals or 
“pilling effect” of the fine grains in the sample (Hunt & Salisbury, 1971). The FWHM 
of the 2.5 µm feature in mixed mineral spectra is wider than the 2.3 µm feature (Figure 
3.7), which is the same as the FWHM of pure calcite and dolomite spectral features 
(Figure 3.3), most likely due to stronger vibrational absorption at 2.5 µm (Hunt & 
Salisbury, 1971).  

The absorption band position of calcite-dolomite mixtures in the TIR was not only 
dependent on mineral contents, but also on grain size (Figure 3.9). Absorption features 
may be affected by grain size and multiple scattering effects (Salisbury et al., 1987). 
The absorption band depth, FWHM, and asymmetry of the features also varied with 
calcite content (Figure 3.8). These characteristics show the same pattern as pure calcite 
or dolomite feature characteristics (Figure 3.4), when the quantity of calcite-dolomite 
mixtures composing a sample is dominated by one of those minerals. It was also 
difficult to analyze due to less pronounced spectral features with increased grain size.  



Effect of grain size and mineral mixing on carbonate absorption features 

42 

3.4.3 Mineralogical mapping applications 

Results of this study indicate that absorption band positions of the two prominent 
carbonate features in the SWIR and TIR wavelength regions are distinctive of carbonate 
minerals with different grain size and mineral content (Figures 3.3, 3.5, 3.7 and 3.9). 
Previous research has revealed that the two prominent carbonate features in the SWIR 
(Baissa et al., 2011; Gaffey, 1986; Hunt & Salisbury, 1971; van der Meer, 1995) and 
TIR (Clark, 1999; Huang & Kerr, 1960; Salisbury et al., 1987) regions are essential to 
distinguish between calcite and dolomite, as they contain the strongest vibrational 
absorption features of carbonate ions. Therefore, these features are useful for identifying 
pure and mixed calcite and dolomite as well as estimating the relative abundances of 
both minerals in a synthetic sample or rock. Previous research has demonstrated that 
distinctive spectral reflectance characteristics in the near infrared through laboratory 
experiment and remote sensing imagery can assist in identification of carbonate 
minerals and dolomitization patterns (van der Meer, 1996a, 1998; Windeler & Lyon, 
1991). Van der Meer (1995) stated that estimation of the calcite-dolomite ratio from 
spectra could be done using diagnostic absorption features around 2.30–2.34 µm, of 
which the exact position is dependent on the relative amounts of calcite and dolomite. 
Consequently, knowledge of these precise absorption band positions may be applied to 
analysis of hyperspectral remote sensing imagery for mapping carbonate minerals and 
dolomitization patterns in limestones. 

3.5 Conclusions 

Absorption feature characteristics and reflectance values of pure and mixed calcite 
and dolomite spectra in the SWIR and TIR wavelength regions were influenced by grain 
size and carbonate mineral content. Absorption band positions of both features in these 
wavelength regions were displaced slightly as observed in previous studies. The 
positions of SWIR calcite features at 2.340 µm and 2.537 µm and dolomite features at 
2.323 µm and 2.515 µm were invariant to grain size. The FWHM and asymmetry of the 
calcite and dolomite spectral features at 2.3 and 2.5 µm in the SWIR region varied with 
grain size fraction, in contrast to what has been published in prior studies that the width 
and asymmetry of absorption features, and the number of absorption bands are not 
changing or invariant with particle size. In the TIR region, the positions depended on 
grain size and shifted to longer wavelength for the feature at 11.5 μm and to shorter 
wavelength for the feature at 14 μm from fine to coarse grain size fractions. The 
positions of both features of calcite-dolomite mixtures in the SWIR and TIR wavelength 
regions were determined by the calcite or dolomite content composing the sample. The 
positions of the features in the SWIR region were centered within the wavelength range 
of 2.323–2.340 μm and 2.515–2.537 μm. In the TIR region, however, the absorption 
band positions of the calcite-dolomite mixtures not only depended on mineral content, 
but also on grain size in the sample. Knowledge of these detailed feature characteristics 
can increase the accuracy of spectral identifications of pure and mixed calcite and 
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dolomite with different grain size and carbonate mineral content, which is of particular 
use for assessments of dolomitization patterns in limestones.  

This study has contributed to understanding the effects of grain size and mineral 
mixtures on the spectral absorption feature characteristics in the SWIR and TIR 
wavelength regions, which will help in improving mineral identification on the earth’s 
surface using hyperspectral remote sensing.  
  



Effect of grain size and mineral mixing on carbonate absorption features 

44 

 
 



 

45 

4. Determination of carbonate rock chemistry 
using laboratory-based hyperspectral 
imagery3 

  

                                                                    
3This chapter has been published as: Zaini, N., van der Meer, F., van der Werff, H., 2014. Determination 

of carbonate rock chemistry using laboratory-based hyperspectral imagery. Remote Sensing 6, 4149-4172. 
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4.1 Introduction 

Carbonate rocks are one of the important and abundant constituents of materials on 
the earth surface. This is because the rocks not only possess natural resources, such as 
valuable minerals and including fossil fuels, but also contain history of the earth surface 
environments in the past (Blatt et al., 1972; Pettijohn, 1975). Thus, identification and 
quantification of the abundances and proportions of carbonate minerals on the rock 
surfaces is essential for minerals exploration and understanding petroleum geology 
characterization. The rocks are constituted by a mosaic of minerals and naturally 
complex geologic mixtures, such as intimate mixtures, grain size variations, weathered 
constituents, and alteration products (Blatt et al., 1972; Pettijohn, 1975). Those mixtures 
can create a major obstacle to mineralogic identification (Clark, 1999; Kruse, Lefkoff, 
& Dietz, 1993; Mustard & Pieters, 1987), particularly determining the proportions of 
mineral mixtures. Conventional methods to identify carbonate minerals in rock samples 
include X-ray diffraction (XRD) (Bishop et al., 2011; Gaffey, 1986; Kaplan et al., 2013; 
Sepulcre et al., 2009), scanning electron microscopy (SEM) (Kaplan et al., 2013; Lein, 
2004), different thermal analysis (DTA) (Kaplan et al., 2013), thin section analysis 
(Forbes et al., 2010; Vincent et al., 2011), staining method (Dickson, 1965; Friedman, 
1959; Hitzman, 1999; Kato et al., 2003), and others. However, most of these methods 
incur costly techniques and time consuming in terms of sample preparation and 
analysis. A promising approach, which is fast, inexpensive, non-destructive and can 
achieve a higher degree of accuracy in identification and estimation of the abundance of 
carbonate mineral mixtures, is hyperspectral imaging spectroscopy techniques. 

The recent developments of laboratory-based imaging spectrometry sensors such as 
HyLoggingTM, HySpex, SisuROCK, and SisuCHEMA hyperspectral imagers, which 
integrated the sophisticated digital imaging of airborne hyperspectral sensor 
technologies with the highest spectroscopic resolution of field and laboratory 
spectrometers, have generated a new type of hyperspectral imagery that can be used for 
identifying geologic mixtures of surface mineralogy (Baissa et al., 2011; Haest et al., 
2012a, 2012b; Murphy et al., 2014; Specim, 2007). These spectrometers can acquire 
hyperspectral images of powdered or hand specimen samples for a wide variety of 
applications including chemical imaging, pharmaceutical, and mineralogical 
identification. These relatively novel datasets present new opportunities for analysis of 
the complex mixtures of surface mineralogy. However, the datasets have not been fully 
explored in determining mineral mixtures and estimating the proportions of these 
minerals on a hand specimen of rock or geologic sample (Baissa et al., 2011; Murphy et 
al., 2014). Therefore, the application of higher resolution hyperspectral imagery that 
enables the determination of the abundance of naturally mixed minerals on rock 
surfaces is still challenging. 

This analysis uses higher resolution hyperspectral imagery of the SisuCHEMA 
hyperspectral scanner to determine and estimate the abundance of mineral mixtures on 
hand specimens of fresh carbonate rock surfaces. It is also complemented by 
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geochemical analysis of spot measurements obtained by a portable X-ray fluorescence 
(PXRF) analyzer for identifying mineral chemistry of the rocks. The spectrometer, 
which was originally designed for chemical imaging, is an automatic hyperspectral 
imaging instrument for rapid scanning and analysis of various samples in laboratory 
(Specim, 2007). It acquires imagery of the sample mounted on its imaging tray using a 
push-broom hyperspectral sensor. The instrument can be equipped with a shortwave 
infrared (SWIR) sensor. In this regard, the higher resolution SisuCHEMA imagery 
provides an additional spatial detail to spectral information of surface feature 
characteristics in image pixels. It allows further determination of mineral assemblages 
or mixtures and estimation of the relative mineral abundances on the carbonate rock 
surfaces using various spectral recognition algorithms. 

In order to extract compositional information of mineralogy based on their spectral 
characteristics in hyperspectral imaging data, a number of well-developed spectral 
classification approaches are commonly used. These consist of wavelength position 
analysis (Clark & Roush, 1984; Kruse, Lefkoff, & Dietz, 1993; Rodger et al., 2012), 
spectral angle mapper (SAM) (Kruse, Lefkoff, Boardman, et al., 1993), and linear 
spectral unmixing (LSU) (Adams et al., 1993; Boardman, 1989). The approaches have 
various advantages of spectral classification algorithms, as well as relatively accurate 
methods in identifying minerals from image spectra. These methods have also been 
used extensively for mapping surface mineralogy of hyperspectral data in different 
geological samples or areas (Baissa et al., 2011; Hecker et al., 2008; Kruse, Lefkoff, 
Boardman, et al., 1993; Kruse, Lefkoff, & Dietz, 1993; Murphy et al., 2012; Murphy et 
al., 2014; Riaza & Muller, 2010; van der Meer, 2006). Wavelength position analysis 
approach is sensitive to band position shift and noisier spectral responses (Murphy et 
al., 2014; Rodger et al., 2012), which is determined from a polynomial fit (Rodger et al., 
2012) of continuum-remove spectra (Clark & Roush, 1984; Kruse, Lefkoff, & Dietz, 
1993). SAM, a spectral similarity measure (Kruse, Lefkoff, Boardman, et al., 1993), is 
insensitive to illumination and albedo differences (Aspinall et al., 2002; Hecker et al., 
2008; Murphy et al., 2012; van der Meer, 2006). LSU provides an interesting alternative 
approach to mixing problem of pixel spectra (Adams et al., 1993; Boardman, 1989). It 
can derive fractional abundances for selected endmembers within a pixel. Thus, 
detection of the exact absorption wavelength position and unique spectral shape is a key 
factor for direct identification of surface mineralogy (Clark et al., 1990; Hunt, 1977; 
Hunt & Salisbury, 1970, 1971; Kruse, Lefkoff, & Dietz, 1993). 

The SWIR reflectance spectra (1.0–2.5 µm) are rich in mineral spectral signatures. 
Within this spectral range, the diagnostic absorption features are determined by the 
occurrence of water (H2O), hydroxyl (OH), carbonate (CO3), and sulfate (SO4) (Clark et 
al., 1990; Hunt, 1977; Hunt & Salisbury, 1970, 1971). Spectral absorption feature 
characteristics of minerals vary, depending on the chemical composition, structural 
arrangement, and bonding characteristics (Clark, 1999; Povarennykh, 1978; van der 
Meer, 1995). Hence, these feature characteristics can be used for discriminating one 
mineral from the other. Carbonate minerals, such as calcite (CaCO3) and dolomite 
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(CaMg(CO3)2), are the most common constituents of carbonate rocks (Blatt et al., 1972; 
Pettijohn, 1975). They have two prominent absorption features in the SWIR region 
centered within the wavelength ranges of 2.530–2.541 µm and 2.333–2.340 µm and 
2.503–2.520 µm and 2.312–2.323 µm, respectively (Baissa et al., 2011; Clark et al., 
1990; Crowley, 1986; Gaffey, 1986; Hunt & Salisbury, 1971; Kurz et al., 2012; van der 
Meer, 1995; Zaini et al., 2012). Those absorption features are caused by vibrational 
processes of the carbonate ions CO  (Clark et al., 1990; Gaffey, 1986; Hunt & 
Salisbury, 1971). Moreover, the positions of absorption features of calcite-dolomite 
mixtures in the SWIR region were determined by the calcite or dolomite content in the 
carbonate samples (van der Meer, 1995; Zaini et al., 2012). Absorption feature 
characteristics of these minerals are also influences by particle size (Crowley, 1986; 
Gaffey, 1986; van der Meer, 1995; Zaini et al., 2012), texture (Crowley, 1986), porosity 
(Gaffey, 1986), and mineral impurities (Crowley, 1986; Gaffey, 1986; van der Meer, 
1995). The presence of clay minerals in intimate mixture with carbonates is usually 
indicated by a vibrational absorption feature around 2.20 µm and 2.30 µm due to the 
combination of the OH stretch with the Al-OH and Mg-OH bending modes, 
respectively (Clark et al., 1990; Hunt, 1977; Hunt & Salisbury, 1970). 

The objectives of this chapter are to (i) estimate the chemical composition and the 
relative abundance of carbonate minerals on the rock surfaces using wavelength 
position, SAM and LSU approaches, (ii) assess the accuracy of these classification 
methods for identification of surface mineralogy, and (iii) find relationship between 
mineral chemistry and mineral spectral characteristics in determining mineral 
constituents of rocks. The advent of higher resolution hyperspectral data provided by 
the SisuCHEMA SWIR sensor could potentially help to solve the problem of 
determining the relative abundance of mineral mixtures composing rocks or geologic 
samples. 

4.2 Materials and Methods 

4.2.1 SisuCHEMA hyperspectral data 

The data used in this study were higher resolution hyperspectral imagery of 
carbonate rocks acquired by the SisuCHEMA hyperspectral imager of Spectral Imaging 
Ltd. (SPECIM), Finland (Specim, 2007). We used the SWIR hyperspectral sensor, 
which acquires images with 320 spatial pixels per line at a spatial resolution of 0.21 
mm. The imaging sensor is configured to record continuous spectral information from 
970 nm to 2500 nm with 256 spectral bands at an average full width at half maximum 
(FWHM) of 6.23 nm and spectral resolution of 10 nm (Specim, 2007). Samples are 
scanned on a moving imaging tray under similar illumination conditions by using 
SPECIM’s diffused line illumination unit. The scanner is integrated with a computer 
workstation as shown in Figure 4.1 taken from (Agus, 2011) that allows acquiring and 
saving spectral image in real-time using the ChemaDAQ data acquisition software. An 
internal standard reference target is used for calibration measurement before each 
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sample scan. It results in automatically calibrated image data to reflectance. Its higher 
spatial and spectral resolution allows the SisuCHEMA to record distinctive spectral 
absorption features in the SWIR wavelength region, which can be applied to study 
mineralogical components on rock or geological surfaces. 

 

 
Figure 4.1: An integrated system of SisuCHEMA hyperspectral scanner (Agus, 2011). 

 
Figure 4.2: Fresh surfaces of carbonate rock samples, with red rectangles pointing out 
areas of selected SisuCHEMA images. 

 
The rocks imaged were hand specimens of fresh carbonate rock surfaces (Figure 

4.2). These rocks were collected from the Bédarieux mining area, which is an open and 
partly active dolomite mine in the Hérault department of Languedoc-Roussillon region, 
southern France. The samples are originating from the Jurrassic-Bathomien formation 
and their composition becomes sandier from west to east (Bogdanoff et al., 1984). A 
total of four rock samples (samples A, B, C, and D) were imaged, referred to as images 
A, B, C, and D. These rocks were chosen and assessed visually based on the physical 
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appearance of their carbonate mineral compositions. For the purposes of this study, the 
spatial and spectral subset hyperspectral images of carbonate rocks (Figure 4.3), with 
15,756 spatial pixels (156 samples–101 lines) selected carefully over a smooth area of 
the rock surfaces (red rectangles, Figure 4.2), and a spectral range between 2100 nm and 
2400 nm (Figure 4.4), were used. The ENVI software package version 4.7 (ITT, 2010) 
was used to process the images 

 

 
Figure 4.3: Selected SisuCHEMA images A, B, C, and D of carbonate rocks (bands 
200, 205, and 210) with locations of two portable X-ray fluorescence (PXRF) spot 
measurements (red circles). 

 
Figure 4.4: Example of SisuCHEMA spectra (right) of calcite (red curve), dolomite 
(blue curve) and calcite-dolomite mixtures (black curve) derived from different pixel 
locations of image D (left). The curves show shift in wavelength position of carbonate 
absorption feature. 

4.2.2 PXRF geochemical analysis 

The major and minor element concentrations of collected carbonate rock samples 
were measured using a portable X-ray fluorescence (PXRF), the Niton XL3t GOLDD+ 
from Thermo Fisher Scientific Inc. The PXRF was also equipped with a CCD camera 
for accurate positioning and documenting the measurement spots. This instrument offers 
a rapid and non-destructive measurement for determining and investigating elemental 
concentrations on rocks or geologic samples (Thermo Scientific, 2010). For analyzing 
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geologic samples, the analyzer was set up using mining mode option to operate 
excitation filters that optimize the analyzers’ sensitivity for various elements. The “High 
Range” filter is used to optimize Ba through Ag. The “Main Range” filter provides 
optimum sensitivity for the elements Mn through Bi. The “Low Range” filter is used to 
optimize the sensitivity for the elements from Ti to Cr. The “Light Range” filter is 
available only with He-purged (Thermo Scientific, 2010). Helium purge is required to 
enhance detection and the quality of measurement of light elements from Mg to Cl. 

Samples in the laboratory were placed on a sample compartment over the window 
frame of the sensor. Two PXRF spot measurements with an 8 mm diameter spot size 
were taken from each fresh carbonate rock surface within the selected area of 
SisuCHEMA images (Figure 4.3). The PXRF in mining mode setting is calibrated for a 
silicate dominated rock matrix. Some pure carbonate samples were analyzed to check 
the calibration in this mode and an over estimation of up to 10% was observed for Ca 
and Mg. As the samples used in this research consist of a mixture of calcite and 
dolomite, the last of which the Ca/Mg proportion is not known, it was not possible to 
establish a correction factor for these elements in the PXRF results. It is assumed that 
the measured Ca and Mg concentrations are proportionally correct. The lower limits of 
detection were approximately less than 0.02% for elements K, Al, and Cl (Table 4.1). 

 
Table 4.1: Elemental concentrations of the rock samples derived from portable X-ray 
fluorescence (PXRF) spot measurements (in percent). Some elements have lower limits 
of detection (LOD). 

PXRF Spots 
Code 

Ca Mg Ba Fe K Al Si Cl S 

A1 24.47 6.54 0.02 0.08 <LOD 0.09 0.22 0.02 0.08 
A2 31.66 7.10 0.03 0.07 <LOD 0.08 0.13 <LOD 0.04 
B1 35.05 4.56 0.02 0.03 <LOD <LOD  0.11 <LOD 0.04 
B2 31.96 4.90 0.02 0.01 <LOD 0.08 0.11 0.04 0.02 
C1 26.13 7.95 0.02 0.01 <LOD 0.07 0.18 0.05 0.11 
C2 30.65 6.79 0.02 0.08 <LOD 0.10 0.16 0.05 0.03 
D1 34.66 5.50 0.02 0.10 0.03 2.31 2.58 0.07 0.02 
D2 31.51 7.43 0.03 0.03 <LOD 0.51 0.63 0.06 0.07 

4.2.3 Spectral classification approaches of the SisuCHEMA imagery 

4.2.3.1 Laboratory spectral endmembers 

In image classification and compositional identification of hyperspectral remotely 
sensed data, image pixels represented by reflectance spectra of exhibited surface 
mineralogy are classified on the basis of reference spectra or known spectral 
endmembers of minerals (Kruse, Lefkoff, & Dietz, 1993). These endmembers are 
derived from field or laboratory spectra or the purest spectral image pixels or from 
published standard spectral libraries (Kruse, Lefkoff, Boardman, et al., 1993; van der 
Meer & de Jong, 2000). For classification of the selected SisuCHEMA images, we used 
pure and mixed laboratory spectral endmembers of powdered calcite and dolomite 
synthetic samples in the wavelength range of 2100 to 2400 nm with grain size fractions 
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between 125 µm and 500 µm (Figure 4.5). The synthetic sample preparations and 
spectral measurements of the pure and physical mixed calcite and dolomite were 
essentially those described by Zaini et al. (2012). The carbonate compositions of these 
calcite-dolomite mixture spectral endmembers were ranging from pure calcite to pure 
dolomite. The spectra and absorption feature characteristics from these laboratory 
synthetic samples (Zaini et al., 2012) were also used in the spectral absorption feature 
analysis, and compositional mineral quantification of the images by identifying 
absorption wavelength position of the spectral image pixels. 

 

 

Figure 4.5: Laboratory spectral endmembers of (a) pure and (b) mixed calcite and 
dolomite synthetic samples (C = calcite and D = dolomite, prefix numbers showing the 
mineral contents in percent) (Modified after Zaini et al. (2012)). 

4.2.3.2 Absorption wavelength position 

Mineral reflectance spectra in the SWIR wavelength region contain a number of 
diagnostic absorption features, which are essential for compositional quantifying and 
distinguishing surface mineralogy. As absorption wavelength position of spectral 
features of minerals exhibits distinctive characteristics of their chemical compositions 
and molecular bonds (Clark, 1999). The absorption wavelength position calculated from 
continuum-removed spectra (Clark & Roush, 1984; Kruse, Lefkoff, & Dietz, 1993) is 
defined as the wavelength at which the maximum absorption or minimum reflectance of 
an absorption feature occurred (Kruse, Lefkoff, & Dietz, 1993; van der Meer, 1995). 
The detail illustration of absorption feature characteristic definitions is given in previous 
studies (Kruse, Lefkoff, & Dietz, 1993; Zaini et al., 2012). 

In order to determine the relative abundances of mineral mixtures on the selected 
SisuCHEMA imagery using wavelength position analysis approach, the hyperspectral 
imagery was processed using Hyperspectral Python (HypPy) software package version 
2.6 (Bakker, 2012) through the following procedures. Firstly, we followed a method 
developed by Rodger et al. (2012) to calculate wavelength position of a prominent 
absorption feature in image spectra within the wavelength range of 2100 to 2400 nm. A 
continuum removal was then applied to the spectra within the selected wavelength range 
and followed by interpolation. A second order polynomial fit is modeled to three data 
points of minimum reflectance in the continuum-removed spectra. The wavelength 
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position of the minimum and depth of absorption feature was determined on the fitting 
polynomial curve or the resulting interpolated parabola. This process produced an image 
with two bands for every pixel consisted of the interpolated wavelength position of the 
minimum of the prominent absorption feature and the depth of the feature, respectively. 
The wavelength position image of band one was used to derive wavelength position of 
mineralogy on the image pixels. Finally, the proportion or percentage estimation of 
carbonate mineral mixtures on the classified wavelength position image was counted 
manually. It was calculated by dividing the number of pixels of each mineral class by the 
total number of pixels in the image and then multiplied by a hundred.  

4.2.3.3 Spectral angle mapper 

Spectral Angle Mapper (SAM) is a spectral matching approach that compares the 
spectral similarity between reflectance spectra from image pixels and reference 
reflectance spectra with known material constituents (Kruse, Lefkoff, Boardman, et al., 
1993). The spectral similarity is measured by calculating the angle between these 
spectra, which are characterized as vectors in space with n-dimensions equal to the 
number of bands. The angle of spectral vectors indicates a match of these spectra, where 
a smaller angle represents a closer match to the reference spectra. SAM only considers the 
vector directions in comparison of these spectral vectors, not their vector lengths, which 
are insensitive to illumination and albedo differences (Aspinall et al., 2002; Hecker et al., 
2008; Kruse, Lefkoff, Boardman, et al., 1993; Murphy et al., 2012; van der Meer, 
2006). Although SAM algorithm has been widely used for classifying surface 
mineralogy of hyperspectral imagery in various environmental and geological conditions 
(Baissa et al., 2011; Hecker et al., 2008; Murphy et al., 2012; Riaza & Muller, 2010; 
van der Meer, 2006), its dependency on average match of the entire reference spectra has 
leaded to a certain extent of ambiguity in classification results (Hecker et al., 2008; van der 
Meer, 2006). 

SAM classification was performed for the selected SisuCHEMA images of the 
fresh rock surfaces with a spectral subset of 2100 to 2400 nm using the laboratory 
spectra of calcite-dolomite mixtures of synthetic samples (Zaini et al., 2012) as 
endmembers with known mineralogical compositions (Figure 4.5b). The maximum 
angle used in the classification, such as single value or multiple values assigned to each 
spectral endmember of dataset, was defined by user in order to determine a closer match 
between the endmember spectral vectors and the image pixel vectors. We performed 
two SAM classifications with a value of 0.1 and 0.2 (in radians), which was used as a 
threshold angle for each laboratory spectral endmember. ENVI basic statistics showed 
the percentage estimation of mineral abundances or proportions of carbonate mineral 
mixtures of each classified endmember in the classified image. 
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4.2.3.4 Linear spectral unmixing 

Linear Spectral Unmixing (LSU) is a sub-pixel model algorithm assuming the 
reflectance at each pixel of the image to be a linear combination of the reflectance of 
each material (or spectral endmember) present within the pixel (Adams et al., 1993; 
Boardman, 1989). LSU uses the spectral characteristics of materials for determining the 
relative abundances of materials depicted in multispectral or hyperspectral imagery. But 
the number of endmembers used in this classification method must not be more than the 
number of spectral bands (Adams et al., 1993; Boardman, 1989). Based on user-selected 
spectral endmember materials extracted directly from the image or standard library, the 
proportional fraction of the pixel that contains the endmember material corresponding to 
the image was calculated using least squares techniques (Settle & Drake, 1993). Thus, 
the approach can estimate the abundance values of each endmember for every pixel.  

The unmixing algorithm was run for the selected SisuCHEMA images with a 
spectral subset of 2100 to 2400 nm using the laboratory spectral endmembers of the 
pure carbonate synthetic samples (Zaini et al., 2012) (Figure 4.5a) to quantify carbonate 
mineral compositions on the hand specimens of carbonate rocks. A unit sum 
unconstrained and constrained unmixing was applied to classify these hyperspectral 
images. In the constrained method, we defined the weight of a sum-to-unity constraint 
on the abundance fractions with a default value of 1.0. The results of the unmixing 
classification were generally presented as grey-scale images with values from 0.0 to 1.0. 
The pixels with values of 0.0 were displayed as pure black, whereas the pixels with 
values of 1.0 were displayed as pure white representing higher mineral abundances and 
a perfect match to the endmember. The pixels having values above 1.0 or below 0.0 
indicated the reference endmembers used for the classification were probably poor 
match, or other endmembers have to be included in the analysis (ITT, 2010). ENVI 
classification results also produce an RMS error image that can be used to evaluate 
pixels of omitted or incorrect endmembers. The proportion or percentage estimation of 
carbonate mineral mixtures on the classified unmixing image was calculated manually. It 
was computed by dividing the number of pixels having the same fraction value by the total 
number of pixels in the image and then multiplied by a hundred. 

4.3 Results 

4.3.1 Identification of carbonate mineral mixtures 

To identify carbonate mineral mixtures and estimate the relative mineral 
abundances on the fresh carbonate rock surfaces, three spectral analysis techniques, 
such as absorption wavelength position, SAM, and LSU, have been applied to the 
SisuCHEMA hyperspectral images. The results in the following subsections show the 
relative abundances and distributions of mineral surface components estimated using these 
spectral methods. Generally, classification results indicate that samples B and D are 
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composed of more heterogeneous carbonate mineral mixtures than samples A and C 
(Figures 4.6–4.8). 

4.3.1.1 Wavelength position classification results 

Figure 4.6a shows variation distributions and abundances of carbonate mineral 
mixtures on the four carbonate rock surfaces classified by analyzing absorption 
wavelength positions in the SWIR spectra (2100–2400 nm) of the selected SisuCHEMA 
images. Absorption feature analysis of the spectral image pixels indicates that images A 
and C are formed mainly of dolomite (blue pixels (100D), Figure 6a); while images B 
and D are constituted predominantly of calcite-dolomite mixtures with different 
compositions of carbonate mineral contents (green (25C-75D), yellow (50C-50D) and 
red (75C-25D) pixels, Figure 4.6a). Wavelength position of dolomite (100D) is centered 
within the range of 2313–2323 nm. Absorption wavelength positions for various 
compositions of calcite-dolomite mixtures are centered within the range of 2324–2327 
nm, 2328–2333 nm, and 2334–2337 nm for 25% calcite-75% dolomite (25C-75D), 50% 
calcite-50% dolomite (50C-50D), and 75% calcite-25% dolomite (75C-25D) mixtures, 
respectively. Calcite (100C) represented by cyan color in the classified images B and D 
(Figure 4.6a) is distinguished from dolomite by the presence of a carbonate feature 
within the wavelength range of 2338–2341 nm.  

 

 

Figure 4.6: (a) Wavelength position images, showing the variability carbonate mineral 
mixtures. (b) Estimated proportion of classified minerals derived from the images. (C = 
calcite and D = dolomite, prefix numbers showing the mineral contents in percent). 

 
The proportion estimation of carbonate mineral mixtures composing the rock 

samples based on the wavelength position analysis is shown in Figure 4.6b. It is obvious 
that the classified images of the rock samples are constituted by different proportions of 
carbonate mineral compositions. The wavelength position image A is dominated by 
abundant 100D of 64.94% and abundant 25C-75D of 30.80%. The classified image B is 
dominated by 50C-50D with the relative mineral abundances of 41.50% and also 
contains small abundances of 100C of 0.94%. The relative mineral abundance 
estimation of image C is almost the same as the image A, where abundant 100D 
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dominates the sample with a proportion of 73.97%. The classified image D is dominated 
by abundant 100D of 44.48% and abundant 25C-75D of 28.24% and also contains small 
abundances of 100C of 1.66%. 

 

Figure 4.7: SAM classification results: (a) SAM images using a 0.1 radians threshold 
angle, (b) estimated proportion of classified minerals derived from (a) images, (c) SAM 
images using a 0.2 radians threshold angle, (d) estimated proportion of classified 
minerals derived from (c) images. The classification images illustrate roughly similar 
carbonate mineral abundances in different threshold angles. (C = calcite and D = 
dolomite, prefix numbers showing the mineral contents in percent). 

4.3.1.2 SAM classification results 

The classified SisuCHEMA images of the rock samples resulting from the SAM 
algorithm using the laboratory endmembers of mixed carbonate synthetic samples 
(Zaini et al., 2012) and a 0.1 and 0.2 radians threshold are shown in Figure 4.7a,c. The 
SAM abundance images for both threshold angles illustrate the same overall spatial 
distribution of carbonate minerals and slightly different proportions of these mineral 
mixtures due to more unclassified pixels in the SAM images of 0.1 threshold angle. 
Some carbonate mineral mixtures distributed over the image pixels are unclassified for 
both approaches (Figure 4.7a,c), such as the relative small abundances of 100C in the 
images B and D.  

Figure 4.7b,d shows proportion estimation of carbonate mineral mixtures on the 
rock samples using the SAM classification method for different threshold angles. These 
graphs illustrate that the relative abundance of carbonate minerals in the resulting 
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images slightly increase with increasing threshold angle from 0.1 to 0.2 radians. It is 
caused by increasing the number of classified pixels in the images. The abundance 
images A are dominated mostly by abundant 25C-75D of 51.61% and abundant 100D 
with a slight different proportion which is of 41.74% in the 0.1 threshold image and 
42.09% in the 0.2 threshold image. The classified images B show the same dominant 
abundant 50C-50D composing the sample, but the proportions of this carbonate mineral 
are 58.12% in the 0.1 threshold image and 61.77% in the 0.2 threshold image due to a 
significant amount of unclassified pixels of 7.43% in the 0.1 threshold image. The 
classified images C present equal proportions of carbonate mineral mixtures for both 
threshold angles, which are dominated by abundant 100D of 69.12%. The abundance 
images D for both threshold angles contain mainly abundant 25C-75D of around 39%. 

 

Figure 4.8: LSU classification results: (a) unconstrained dolomite endmember images, 
(b) estimated proportion of classified minerals derived from the unconstrained images, 
(c) constrained dolomite endmember images using a 1.0 default value of weight, and 
(d) estimated proportion of classified minerals derived from the constrained images. The 
classification images present a slight variability of carbonate fractional abundances in 
different unmixing approaches. (C = calcite and D = dolomite, prefix numbers showing 
the mineral contents in percent). 

4.3.1.3 LSU classification results 

Figure 4.8a,c shows LSU classification images of the selected SisuCHEMA data 
using the laboratory endmembers of pure carbonate synthetic samples (Zaini et al., 
2012) as the reference spectra and unconstrained and constrained unmixing algorithms. 



Determination of carbonate rock chemistry using laboratory-based hyperspectral imagery 

58 

The LSU images show variations of spatial distribution and abundance of carbonate 
mineral mixtures between unconstrained and constrained unmixing algorithms. The 
small abundant 100C in the images B and D is roughly classified by those unmixing 
methods with different proportions. The LSU results also exhibit a number of 
unclassified pixels (black pixels, Figure 4.8a,c). In this case, pixels having values above 
1.0 or below 0.0 consider as the unclassified pixels. 

The estimation of relative mineral abundances of the carbonate samples derived 
from the unconstrained and constrained dolomite endmember images is shown in Figure 
4.8b,d. The abundance images A are dominated by abundant 100D with a slight 
different proportion which is of 58.18% in the unconstrained image and 56.78% in the 
constrained image. The unconstrained image B shows relatively similar proportions of 
carbonate mineral mixtures as the constrained image B. These classified images are 
dominated by carbonate abundances of 50C-50D, but the proportions of this carbonate 
mineral are about 9% higher in the constrained image than the unconstrained image. 
The unconstrained and constrained images C classify the same dominant mineral 
abundance, which is abundant 100D of around 69%. However, the small proportion of 
abundant 75C-25D (Red pixels, Figure 4.8c) is unclassified in the constrained image C. 
The unconstrained and constrained images D are constituted mainly by abundant 100D 
and abundant 25C-75D, whereas the proportions of abundant 100D are around 5% 
higher in the unconstrained image than the constrained image. In addition, although 
both unmixing algorithms identify the presence of small abundant 100C in the images 
D, these approaches estimate the abundant 100C in different proportions, which are 
1.41% for the unconstrained image and 0.04% for the constrained image. 

4.3.1.4 Comparison of the image classification approaches 

Figure 4.9 shows comparison of the relative estimated abundance of carbonate 
mineral mixtures on the rock samples derived from the classified images (Figures 4.6a, 
4.7a,c and 4.8a,c) by applying various spectral recognition methods. It shows that the 
proportion estimation of these minerals varies between the spectral classification 
approaches (Figure 4.9), but overall the classified mineral distributions on the rock 
samples are almost at the same general areas (Figures 4.6a, 4.7a,c and 4.8a,c). 

The wavelength position analysis approach of the SisuCHEMA image spectra well 
characterizes the carbonate mineral mixtures and estimates the proportions of these 
carbonate minerals on the rock surfaces. In comparison to the wavelength position 
classifier, the SAM and LSU algorithms tend to produce some misclassified and unclassified 
pixels of carbonate mineral mixtures (Figures 4.7a,c and 4.8a,c). The small abundant 100C 
in the images B and D (Figure 4.7a,c) is to be unclassified by the SAM algorithm. These 
small proportions of unclassified pixels from the SAM and LSU results are excluded 
from comparison of the classification methods. Hence, we only consider and analyze the 
proportions of five carbonate mineral mixtures consisted of 100C, 75C-25D, 50C-50D, 
25C-75D, and 100D for comparison and accuracy assessment of these classification 
methods. 
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Figure 4.9: Histograms comparing proportion estimation of carbonate mineral mixtures 
of three spectral analysis techniques applied to the selected SisuCHEMA images. 
Samples (a) A, (b) B, (c) C, and (d) D. Classification results of carbonate mineral 
abundances differ slightly from one approach to another for a given image. 

 
The proportions of carbonate mineral mixtures of 25C-75D and 100D estimated 

from the SAM results of images A differ approximately 21% and 23% from the 
wavelength position classification result, respectively (Figure 4.9a). The proportion 
differences of these carbonate compositions in images A result in around 6% for the 
unconstrained and 8% for constrained LSU methods, as compared to the wavelength 
position result (Figure 4.9a). The resulting proportion of 50C-50D from the SAM 
results of images B differs roughly 17% from the wavelength position result, and the 
unconstrained and constrained LSU results exhibit a difference of 0.30% and 8.67%, 
respectively (Figure 4.9b). The proportions of carbonate mineral mixtures derived from 
the SAM and LSU results of images C are nearly the same as the wavelength position 
result (Figure 4.9c). SAM classification results of images D illustrate that the proportions 
of 25C-75D and 100D differ approximately 11% and 21% from the wavelength position 
result, respectively, while the proportion differences of these compositions in images D 
result in less than 3% for the unconstrained and 7% for constrained LSU methods (Figure 
4.9d). 
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Table 4.2: Confusion matrix of the classified carbonate mineral mixtures by comparing 
spectral angle mapper (SAM) and linear spectral unmixing (LSU) results with 
wavelength position results. Samples (a) A, (b) B, (c) C, and (d) D. (C = calcite and D = 
dolomite, prefix numbers showing the mineral contents in percent). 
(a) Sample A 
 
SAM (0.1 rad) LSU (Unconstraint) 

  100C 75C-25D 50C-50D 25C-75D 100D   100C 75C-25D 50C-50D 25C-75D 100D 

100C 0 0 0 0 0 100C 0 0 0 0 0

75C-25D 0 30.77 0 0 0 75C-25D 0 53.85 2.58 0.02 0

50C-50D 0 69.23 68.82 10.26 0.34 50C-50D 0 30.77 37.84 8.84 1.50

25C-75D 0 0 24.12 71.35 44.40 25C-75D 0 15.38 57.60 59.20 24.18

100D 0 0 7.07 18.39 55.26 100D 0 0 1.98 31.94 74.32

Overall classification accuracy: 60.74%  Overall classification accuracy: 68.12%  

 
SAM (0.2 rad)     

 
LSU (Constraint)    

  100C 75C-25D 50C-50D 25C-75D 100D   100C 75C-25D 50C-50D 25C-75D 100D 

100C 0 0 0 0 0 100C 0 0 0 0 0

75C-25D 0 30.77 0 0 0.01 75C-25D 0 15.38 0.15 0 0

50C-50D 0 69.23 68.09 10.20 0.34 50C-50D 0 76.92 53.50 6.70 0.58

25C-75D 0 0 23.86 70.90 44.31 25C-75D 0 7.69 45.14 64.27 25.84

100D 0 0 8.05 18.90 55.34 100D 0 0 1.22 29.03 73.58

Overall classification accuracy: 60.64%  Overall classification accuracy: 69.83%  

   

(b) Sample B 
 
SAM (0.1 rad)      

 
LSU (Unconstraint)    

  100C 75C-25D 50C-50D 25C-75D 100D   100C 75C-25D 50C-50D 25C-75D 100D 

100C 0 0 0 0 0 100C 5.60 2.65 0.02 0 0

75C-25D 96.00 54.57 4.78 0.03 0 75C-25D 88.80 66.41 14.16 0.93 0.09

50C-50D 4.00 45.43 93.20 71.48 6.22 50C-50D 4.80 30.36 68.33 36.78 2.36

25C-75D 0 0 2.00 25.81 45.10 25C-75D 0.80 0.57 16.47 45.45 21.61

100D 0 0 0.02 2.67 48.68 100D 0 0 1.03 16.83 75.93

Overall classification accuracy: 63.47%  Overall classification accuracy: 64.49%  

 
SAM (0.2 rad)      

 
LSU (Constraint)    

  100C 75C-25D 50C-50D 25C-75D 100D   100C 75C-25D 50C-50D 25C-75D 100D 

100C 0 0 0 0 0 100C 4.58 0.40 0 0 0

75C-25D 94.04 55.54 4.94 0.03 0 75C-25D 90.20 56.93 5.23 0.19 0

50C-50D 5.96 44.46 93.10 71.44 6.16 50C-50D 4.58 42.57 82.02 41.28 2.43

25C-75D 0 0 1.93 25.73 44.68 25C-75D 0.65 0.11 12.65 51.43 26.76

100D 0 0 0.03 2.79 49.16 100D 0 0 0.09 7.10 70.81

Overall classification accuracy: 63.41%  Overall classification accuracy: 68.55%  
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Table 4.2: (continued) 

(c) Sample C 
SAM (0.1 rad) LSU (Unconstraint) 

  100C 75C-25D 50C-50D 25C-75D 100D   100C 75C-25D 50C-50D 25C-75D 100D 

100C 0 0 0 0 0 100C 0 0 0 0 0

75C-25D 0 50.00 0.31 0 0 75C-25D 0 0 0.31 0.03 0

50C-50D 0 50.00 35.31 5.03 0.10 50C-50D 0 68.42 41.88 8.37 0.30

25C-75D 0 0 59.84 74.67 12.70 25C-75D 0 31.58 56.25 71.99 11.16

100D 0 0 4.53 20.31 87.20 100D 0 0 1.56 19.61 88.54

Overall classification accuracy: 82.31%  Overall classification accuracy: 82.92%  

 
SAM (0.2 rad)       

 
LSU (Constraint)    

  100C 75C-25D 50C-50D 25C-75D 100D   100C 75C-25D 50C-50D 25C-75D 100D 

100C 0 0 0 0 0 100C 0 0 0 0 0

75C-25D 0 47.37 0.31 0 0 75C-25D 0 0 0 0 0

50C-50D 0 47.37 35.31 5.03 0.10 50C-50D 0 94.74 48.13 8.92 0.22

25C-75D 0 0 59.84 74.67 12.70 25C-75D 0 5.26 50.94 73.47 11.30

100D 0 5.26 4.53 20.31 87.20 100D 0 0 0.94 17.61 88.48

Overall classification accuracy: 82.31%  Overall classification accuracy: 83.45%  

 

(d) Sample D 
 
SAM (0.1 rad) 

     
LSU (Unconstraint) 

   

  100C 75C-25D 50C-50D 25C-75D 100D   100C 75C-25D 50C-50D 25C-75D 100D 

100C 0 0 0 0 0 100C 26.25 7.73 0.10 0 0

75C-25D 100 95.32 21.11 0.09 0 75C-25D 61.78 78.03 17.34 0.16 0

50C-50D 0 4.68 66.41 38.03 3.66 50C-50D 11.97 13.99 50.75 20.27 2.25

25C-75D 0 0 12.34 59.20 46.50 25C-75D 0 0.25 30.94 58.11 18.69

100D 0 0 0.15 2.68 49.84 100D 0 0 0.87 21.46 79.06

Overall classification accuracy: 59.48%  Overall classification accuracy: 68.43%  

 
SAM (0.2 rad)       

 
LSU (Constraint)    

  100C 75C-25D 50C-50D 25C-75D 100D   100C 75C-25D 50C-50D 25C-75D 100D 

100C 0 0 0 0 0 100C 0.77 0.20 0 0 0

75C-25D 100 95.28 21.16 0.11 0 75C-25D 91.19 82.19 11.14 0 0

50C-50D 0 4.72 66.30 37.93 3.65 50C-50D 8.05 17.61 65.57 23.55 2.17

25C-75D 0 0 12.35 59.06 46.45 25C-75D 0 0 23.00 62.70 24.28

100D 0 0 0.19 2.90 49.89 100D 0 0 0.29 13.75 73.55

Overall classification accuracy: 59.48%  Overall classification accuracy: 69.31%  

 
The overall classification accuracies of carbonate mineral mixtures using these 

spectral analysis approaches are illustrated in Table 4.2. The results show that the 
classification accuracies of LSU images are slightly higher than SAM images when 
compared with wavelength position images. The classification accuracies of SAM 
results are almost the same for both threshold angles. It also indicates that the 
classification accuracies of constrained LSU results improve above 1% for images A 
and B and above 0.5% for images C and D when compared with unconstrained LSU 
results. The classification accuracies of the carbonate mixtures in image C using these 
spectral methods are around 80%, while the other classified images (images A, B, and 
D) show an overall accuracy around 60%. 
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Figure 4.10: Correlation between major geochemical elements in the carbonate samples 
and the average of spectral parameter results of the classified images. Physical model 
relating Ca and Mg contents in the carbonate samples and spectral parameters derived 
from images classified by (a) wavelength position analysis, (b) and (c) SAM and 
unconstrained LSU methods for 100D images, respectively. These average spectral 
classification results were acquired on the same regions of interest (ROIs) of the PXRF 
spot measurements. 

4.3.2 PXRF geochemical analysis results 

Geochemical analysis of elements on the selected carbonate rock samples using a 
PXRF over two spot measurements for each sample is shown in Table 4.1. The PXRF 
laboratory analysis result shows that the samples contain mineralogical associations of 
major elements, such as Ca and Mg and trace elements such as Ba, Fe, Al, Si, Cl, and S 
(Table 4.1). Element concentrations of Sr and Ti are mostly less than 30 ppm and 55 
ppm, respectively. These major and trace elements indicate that the rock samples are 
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dominated by carbonate minerals with various compositions of mineral mixtures. Low 
concentrations of the trace elements such as Fe, Al, Si, and S (Table 4.1) give possibly 
an indication of iron oxide, clay and sulfate mineral associations in the carbonate rocks. 

It can also be seen on the correlation between major elemental concentrations and 
average spectral classification results (Figure 4.10) derived from the regions of interest 
(ROIs) of the classified images (Figures 4.6a, 4.7a and 4.8a) over the same areas as 
PXRF spot measurements (Figure 4.3). As illustrated in Figure 10a, an approximate 
linear relationship is observed between chemical contents and average wavelength 
positions of the classified images. However, some relationships between chemical 
contents and average spectral angles of SAM and fraction values of LSU are poorer than 
the former for both 100C and 100D images (Figure 4.10b,c and Table 4.3). Although 
there is a well-fitted correlation of Ca content with average mineral spectral parameters, 
this relation becomes a relatively weak with Mg content in the samples. 

 
Table 4.3: Summary of the linear regression results from SAM and LSU classifications 
of images on the major geochemical elements (Ca and Mg) in carbonate samples. Note 
that the average spectral classification results were acquired on the same regions of 
interest (ROIs) of the PXRF spot measurements.  

Spectral 

Parameters 

Classification 

Methods 
Classified Images

Geochemical Parameters 

Ca Mg 

R2 Regression Equation R2 Regression Equation 

Spectral angle SAM (0.1 rad) 100C 0.88 y = −0.0031x + 0.1795 0.44 y = 0.0066x + 0.0417 

Fraction value LSU-Unconstraint 100C 0.70 y = 0.0231x − 0.4855 0.64 y = −0.0674x + 0.6541 

Fraction value LSU-Constraint 100C 0.54 y = 0.0196x − 0.4041 0.61 y = −0.0634x + 0.6026 

Fraction value LSU-Constraint 100D 0.91 y = −0.037x + 1.8083 0.50 y = 0.0835x + 0.1404 

 

The average band positions shift towards longer wavelength in the SWIR region 
with increasing Ca content, but the average band positions shift towards shorter 
wavelength in the SWIR with increasing Mg content (Figure 4.10a). It reveals that the 
wavelength positions depend on Ca and Mg contents in the samples. Definite patterns 
are not observed between the spectral angles of 100D rule images and Ca and Mg 
contents (Figure 4.10b). The average dolomite abundances (fraction values) of the 
unconstrained unmixing 100D images decrease with increasing Ca content and vice versa 
for Mg content (Figure 4.10c). It indicates that higher fractions represent the dominancy 
of dolomite, which is related to increasing Mg content in the samples. 

4.4 Discussions 

Results of this study indicated that differences in carbonate mineral mixtures 
identification and proportion estimation of these minerals of the rock samples depend 
on spectral classification approaches, user-selected parameters, and match between 
reference spectra and image spectra (Figure 4.9). However, the overall spatial 
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distribution of carbonate mineral mixtures classified by the three spectral analysis 
approaches (Figures 4.6a, 4.7a,c and 4.8a,c) has nearly the same pattern on the rock surfaces. 
Geochemical results analysis also demonstrated a high correlation between chemical 
contents and spectroscopic results, proving various compositional mineral mixtures 
identification in the samples (Figure 4.10 and Table 4.3).  

The absorption wavelength position analysis approach is sensitive to slight changes 
of carbonate minerals composition, even in areas with “noisier” spectral responses. The 
accurate determination of wavelength position improves by applying a polynomial fit to 
the continuum-removed spectra (Murphy et al., 2014; Rodger et al., 2012). It should be 
noted that absorption features of the SWIR carbonate spectra may be affected by the 
result of varying grain sizes (Crowley, 1986; Gaffey, 1986; van der Meer, 1995; Zaini et 
al., 2012), weathering, and mixing with organic matters forming a coating on carbonate 
particles (Crowley, 1986; van der Meer, 1995) and iron (Gaffey, 1986; van der Meer, 
1995) in carbonate samples. Nevertheless, the wavelength position approach can 
identify carbonate mineral mixtures based on spectral characteristics. Thus, occurrence 
of prominent absorption feature in the SWIR spectra around 2300–2350 nm due to 
vibrational processes of the carbonate ions (CO ) (Clark et al., 1990; Gaffey, 1986; Hunt 
& Salisbury, 1971; van der Meer, 1995) can be used to distinguish carbonate mineral 
mixtures in the rock samples (Clark et al., 1990; Gaffey, 1986; Hunt & Salisbury, 1971; 
van der Meer, 1995; Zaini et al., 2012). The band positions of both pure and mixed calcite 
and dolomite are centered within the range of carbonate wavelength positions observed in 
previous studies (Clark et al., 1990; Gaffey, 1986; Hunt & Salisbury, 1971; van der 
Meer, 1995; Zaini et al., 2012). The carbonate mixture band positions are determined by 
the quantity of calcite and dolomite in the samples (van der Meer, 1995; Zaini et al., 2012).  

The outcome of SAM and LSU classification methods demonstrates a number of 
misclassified and unclassified pixels of carbonate mineral mixtures (Figures 4.7 and 
4.8), as compared to wavelength position approach (Figure 4.6). This may contribute to 
the difficulty in proportion estimation of carbonate mineral mixtures on the rock 
surfaces (Figure 4.9). Most probably it could be due to the spectral shape similarities of 
endmembers used for classification (Figure 4.5) or omitted endmember from analysis 
and mismatches between spectral endmembers and spectra of image pixels. As depicted in 
Table 4.2, the overall classification accuracies of LSU images are slightly higher than 
SAM images. SAM algorithms were relatively poor in accuracy to discriminate carbonate 
mineral mixtures between 100D and 25C-75D and between 100C and 75C-25D. These 
misclassifications may be influenced by very similar shape of the endmember spectra 
although their band positions of absorption features are centered at a slightly different 
wavelength. Previous studies have also described that SAM algorithm is not searching 
for diagnostic mineral absorption features, but it depends on average match of the entire 
reference spectra (Hecker et al., 2008; van der Meer, 2006) and it is insensitive to 
illumination and albedo differences (Aspinall et al., 2002; Hecker et al., 2008; Murphy 
et al., 2012; van der Meer, 2006). 
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Furthermore, despite the fact that the shape of spectral endmembers of pure calcite 
and dolomite is similar to each other with a slight shift absorption band position, the 
unconstrained and constrained LSU algorithms provide a good agreement in carbonate 
mineral mixtures identification on the selected SisuCHEMA images. It indicated that 
the unknown spectrum at each pixel of the images may be formed by a linear 
combination of the reference spectrum or endmember. The results of linear unmixing 
processes depend on the combination of the correlation between spectral minerals 
forming the mixture and the endmembers used in analysis (Kruse, Lefkoff, & Dietz, 
1993; van der Meer & de Jong, 2000). Generally the LSU algorithms show a relative 
similar mineral mixtures distribution and proportion estimation of carbonate 
compositions to wavelength position approach. The constrained LSU results achieved 
slightly higher classification accuracies than the unconstrained LSU results, by 
comparing with wavelength position results. The differences in overall classification 
accuracy may be linked to more unclassified pixels in the unconstrained results, 
particularly in the images B and D (Figure 4.8a). However, wavelength position 
analysis and LSU classification methods require knowledge of spectral mixture 
characteristics and further preprocessing of the data to estimate the proportion of the 
mixed minerals on the selected SisuCHEMA images.  

The PXRF geochemical analysis results of the rock samples (Table 4.1) also 
confirm and prove the presence of carbonate mineral mixtures with various 
compositions. As the major element concentrations of Ca and Mg are lower than their 
stoichiometric values in pure calcite and dolomite. These major and trace elements can 
help to characterize mineralogic assemblages of carbonate rocks, which agree with 
results of previous studies (Barber, 1974; Robinson, 1980; Thompson et al., 1970; Wolf 
et al., 1967). The results from Figure 4.10 and Table 4.3 show that using the wavelength 
of minimum absorption through the wavelength position approach provides the best 
predictive value for inverting Ca and Mg chemistry to spectral parameters. Both the 
spectral angle (through SAM) and the fractional abundance (through LSU) overall 
performance is poorer than wavelength position approach. However, they showed 
acceptable results for individual chemical elements inversion. It should be noted that the 
LSU outperforms the SAM. This is attributed to the fact that the endmembers used are 
correlated and this works in favor of the LSU algorithm, which uses this dependency 
while the SAM assumes the endmembers are independent. In other words, in SAM 
endmembers are tested one at the time against pixel spectra, but in LSU all endmembers 
are used simultaneously in the inversion of the model. It can be envisaged that if the 
collinearity between the endmembers decreases by including more endmembers or less 
correlated endmembers (van der Meer & Jia, 2012) and this improves the performance 
of LSU over SAM although in the present study this could not be tested. As a result, the 
finding of this study could be implemented to determine naturally mixed minerals and 
estimate the proportions of minerals on rock surfaces using laboratory-based 
hyperspectral data, confirming results of previous studies (Baissa et al., 2011; Haest et 
al., 2012a, 2012b; Murphy et al., 2014).  
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4.5 Conclusions 

This study for the first time presents the use of SisuCHEMA hyperspectral imagery 
to identify the chemical composition of naturally mixed minerals and estimate the 
relative mineral abundances in hand specimens of carbonate rocks. We demonstrate 
how to derive the chemical composition (Ca-Mg ratio) of carbonate minerals at a pixel 
(e.g., sub-grain) level using spectral analysis methods from the image pixel spectra. 
Classified images created using wavelength position, spectral angle mapper (SAM), and 
linear spectral unmixing (LSU) were used to spatially map calcite-dolomite mixtures 
with various carbonate mineral compositions and proportions. The wavelength position 
approach enables to determine all compositional variations of carbonate mineral 
mixtures in the rock samples when compared to the SAM and LSU approaches. 

The relationship between major geochemical elements (Ca and Mg) and average 
spectral parameters (wavelength position, spectral angle of SAM, and fraction value of 
LSU) also proves the presence of various carbonate mixtures with different 
mineralogical compositions on the rock surfaces. Our study indicates that the 
wavelength position approach is a more stable, standardized and reproducible technique 
for determining the carbonate mineral chemistry from the image pixel spectra than the 
SAM and LSU methods. For future research, the established correlation between 
geochemical elements and wavelength position (physical models) can be used for 
inverse modeling of hyperspectral imagery in estimating the chemical composition of 
carbonate minerals on rock surfaces. In a practical sense, understanding of the carbonate 
mineral chemistry contributes to the developing a frame-work for the cement industry in 
assessing the purity and the chemical composition of carbonate minerals. 
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5. An alternative quality control technique for 
mineral chemistry analysis of Portland 
cement-grade limestone using shortwave 
infrared spectroscopy4 

  

                                                                    
4This chapter has been published as: Zaini, N., van der Meer, F., van Ruitenbeek, F., de Smeth, B., 

Amri, F., Lievens, C., 2016. An alternative quality control technique for mineral chemistry analysis of 
Portland cement-grade limestone using shortwave infrared spectroscopy. Remote Sensing 8, 950. 
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5.1 Introduction 

The manufacturing process and quality of Portland cement are directly controlled 
by the chemistry of the raw materials used. Therefore, it is essential to select raw 
materials that have the correct chemical composition. The composition and properties of 
Portland cement clinker show that it is made by blending different raw materials, which 
are predominantly a mix of calcareous and argillaceous materials (Chatterjee, 1983; 
Ghosh, 1983; Meade, 1926; Taylor, 1997). To correct any desired composition 
deficiencies, it may be necessary to add minor proportions of additive or corrective 
constituents, which may be a siliceous, aluminous, or ferruginous material or a 
combination of those materials, into the raw mix. However, the proportional estimation 
of the additive or corrective constituents depends on the compositional characteristics of 
the calcareous material as the main component in the raw mix (Chatterjee, 1983; Ghosh, 
1983; Meade, 1926; Taylor, 1997). 

The main naturally available calcareous material on the earth’s surface, as well as 
the preferred source of lime or calcium oxide (CaO) to make clinker, is limestone 
(Chatterjee, 1983; Ghosh, 1983; Meade, 1926; Taylor, 1997). The suitability and 
availability of this carbonate rock in very large amounts are vital for the production of 
clinker. Limestone is a sedimentary rock mostly containing calcium carbonate (CaCO3), 
normally in the form of calcite (Blatt et al., 1972; Pettijohn, 1975). The rock may also 
contain various amounts of mineralogical associations, such as dolomite (CaMg(CO3)2), 
siderite (FeCO3), magnesite (MgCO3), goethite (FeO(OH)), quartz (SiO2), clays 
(kaolinite (Al2Si2O5(OH)4), montmorillonite ((Na,Ca)0.33(Al,Mg)2(Si4O10)), illite 
((K,H3O)(Al,Mg,Fe)2(Si,Al)4O10[(OH)2, (H2O)])), halides (fluorite (CaF2) and halite 
(NaCl)), phosphates (hydroxylapatite (Ca5(PO4)3OH), fluorapatite (Ca5(PO4)3F), and 
chlorapatite (Ca5(PO4)3Cl)), sulphates (gypsum (CaSO4·2H2O), barite (BaSO4), alunite 
(KAl3(SO4)2(OH)6), celestite (SrSO4)), and sulphides (pyrite (FeS2) and realgar (As4S4)) 
(Blatt et al., 1972; Pettijohn, 1975). Moreover, the mineralogical and chemical 
compositions of the rock depend on its mode of origin and depositional environment 
(Blatt et al., 1972; Ghosh, 1983; Pettijohn, 1975), which have a definite implication on 
the cement manufacturing process (Ghosh, 1983). Carbonate rock that is suitable in the 
manufacturing of Portland cement should contain specific chemical compositions, such 
as 44-52% CaO, 3-3.5% MgO, 0.6% (maximum) Na2O and K2O, 0.6-0.8% (maximum) 
SO3, 0.25-0.6% (maximum) P2O5, 1.3% TiO2, 0.5% Mn2O3, and SiO2, Al2O3, and Fe2O3 

in proportions suitable for cement manufacturing (Chatterjee, 1983; Meade, 1926; 
Taylor, 1997). The occurrence of some of those minor chemical constituents and trace 
elements in amounts exceeding the standard, for instance, MgO, SO3, P2O5, TiO2, Na2O, 
K2O, Cl, Cu, Pb, Zn, Cr, and others, are deleterious to the production and utilization of 
clinker (Chatterjee, 1983; Galan et al., 2015; Gineys et al., 2010; Gineys et al., 2011; 
Horkoss et al., 2011; Ichikawa & Kanaya, 1997; Li et al., 2014; Maki et al., 1992; 
Meade, 1926; Taylor, 1997, 1999).  
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Various techniques have been employed to characterize and control the chemical 
compositions of cement materials and products. Such techniques include X-ray 
fluorescence (XRF) (Fernandez et al., 2011; Mazouzi et al., 2014; Wu et al., 2012), 
energy dispersive X-ray spectroscopy (EDS) (De Weerdt et al., 2015; Irassar et al., 
2003; Pipilikaki et al., 2008; Tosun et al., 2009), electron probe microanalysis (EPMA) 
(Bertron et al., 2009; Ifka et al., 2014; Kurokawa et al., 2013; Taylor & Newbury, 
1984), and inductively coupled plasma optical emission spectrometer (ICP-OES) (Frias 
et al., 1994; Marjanovic et al., 2000; Potgieter & Maljanovic, 2007; Silva et al., 2002). 
However, these methods are expensive and time consuming for sample preparation and 
analysis. An alternative approach that is much simpler and faster than these 
conventional techniques is infrared spectroscopy. This spectroscopic method uses 
shortwave infrared (SWIR) spectral absorption feature properties, such as the 
wavelength position and depth of absorption feature (Kruse, Lefkoff, & Dietz, 1993; 
van der Meer, 2004), to identify and estimate the relative abundances of SWIR range-
active minerals and their compositions suitable for the manufacturing of cement clinker 
from hand specimens of fresh carbonate rock surfaces. The spectroscopic method can 
also be combined with X-ray fluorescence (XRF) or geochemistry data to determine the 
chemical compositions of rocks. Infrared spectroscopy techniques have been utilized to 
characterize the chemistry of cement products and the hydration rate (Kocak & Nas, 
2014; Mollah et al., 2000; Perraki et al., 2010; Pipilikaki et al., 2008; Ylmen et al., 
2010). However, their applications in determining the mineral chemistry and chemical 
compositions of cement raw materials, especially limestone or other calcareous 
materials, have not been completely explored. Previous studies have shown that the 
spectroscopic method complemented by geochemical analysis can identify and predict 
the composition and proportion of iron oxide and aluminum hydroxide (Al-clay) 
contents from drill core samples of channel iron ore (Haest et al., 2012a) and iron ore 
(Magendran & Sanjeevi, 2014). Zaini et al. (2014) recently presented a laboratory 
hyperspectral imaging spectroscopy approach to derive the carbonate mineral chemistry 
or Ca-Mg ratio from carbonate rock samples based on spectroscopic and geochemical 
parameters.  

The SWIR reflectance spectra in the wavelength range of 1.0–2.5 μm exhibit 
several diagnostic absorption features of mineral chemistries. These features are 
determined by the occurrence of hydroxyl (OH), water (H2O), carbonate (CO3), sulfate 
(SO4), and typical cationic transitional vibrations present in phyllosilicates (e.g., Al-OH, 
Mg-OH, and Fe-OH bearing clay, mica and serpentine) (Clark et al., 1990; Hunt, 1977; 
Hunt & Salisbury, 1970, 1971). The spectral absorption features of minerals are 
influenced by the chemical composition, structural arrangement, and bonding 
characteristics (Clark, 1999; Povarennykh, 1978; van der Meer, 1995). These spectral 
characteristics may allow for direct identification of surface mineralogy. Carbonate 
minerals, such as calcite (CaCO3) and dolomite (CaMg(CO3)2), have two distinctive 
absorption features in the SWIR wavelength region centered at 2.530–2.541 μm and 
2.333–2.340 μm and 2.503–2.520 μm and 2.312–2.323 μm, respectively (Clark et al., 
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1990; Crowley, 1986; Gaffey, 1986; Hunt & Salisbury, 1971; Kurz et al., 2012; van der 
Meer, 1995; Zaini et al., 2012), due to the vibrational processes of carbonate ions 
CO  (Clark et al., 1990; Gaffey, 1986; Hunt & Salisbury, 1971). The presence of 

clay and other phyllosilicate minerals in an intimate mixture with carbonates can be 
identified based on their vibrational absorption features around 2.20 μm and 2.30 μm 
(Clark et al., 1990; Hunt, 1977; Hunt & Salisbury, 1970). These absorption features are 
caused by the combination of the OH stretch with the Al-OH and Mg-OH bending 
modes, respectively (Clark et al., 1990; Hunt, 1977; Hunt & Salisbury, 1970). 

The objective of the present chapter is to investigate the potential and accuracy of 
SWIR spectroscopy as an alternative quality control technique for chemical and 
mineralogical analyses of Portland cement-grade limestone in deriving and estimating 
the relative abundances and compositions of carbonate and clay mineral chemistries 
from carbonate rock samples. This is conducted by correlating the spectral absorption 
feature characteristics (wavelength position and depth of absorption feature) with a 
geochemical analysis of spot measurements on the rock surface. 

5.2 Materials and Methods 

5.2.1 Carbonate rock samples 

The carbonate rock samples (Figure 5.1) used for this study were collected from 
two different locations, including (1) the Lhoknga limestone quarry, which is an open 
active limestone mine of PT. Lafarge Cement Indonesia, Aceh Besar, Indonesia. Two 
types of limestone samples, dark gray and light gray limestones (Figure 5.1a,b), were 
selected during fieldwork from 01 to 05 September 2014. The sedimentary rocks are 
from the Jurassic to Cretaceous-Raba Limestone formation of the Woyla group, which 
are composed of massive calcarenite and calcilutite and dark gray thin-bedded 
argillaceous and siliceous limestones (Barber & Crow, 2005; Bennett et al., 1981). The 
second area is (2) the Bédarieux mining area, which is an open and partly active 
dolomite mine in the Hérault department of the Languedoc-Roussillon region, southern 
France (Zaini et al., 2014). The representative dolomitic limestone samples (Figure 
5.1c) were selected during fieldwork in September 2008. These carbonate rocks are 
from the Jurassic-Bathomien formation, and their composition becomes sandier from 
west to east (Bogdanoff et al., 1984; Zaini et al., 2014). For the purpose of the present 
study, each carbonate rock type was grouped by five selective hand specimen samples. 
They consist of dark gray limestones (samples B20, B28, B33, B45, and B49), light 
gray limestones (samples B1, B26, B32, B36, and B41) and dolomitic limestones 
(samples F17, F18, F20, F23, and F26) (Figure 5.2). 

5.2.2 PXRF geochemical analysis 

The geochemical elements and oxide compositions of the selected limestone 
samples used for the quality control of cement raw material were analyzed using 
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portable X-ray fluorescence (PXRF) with the Niton XL3t GOLDD+ from Thermo 
Fisher Scientific Inc. The geochemical characterizations consisted of the weight 
percentages of CaO, MgO, SiO2, Al2O3, Fe2O3, SO3, K2O, TiO2, and P2O5. To measure 
the carbonate rock samples, the instrument was set up using the same procedure as 
previous research (Zaini et al., 2014). Five PXRF spot measurements with an 8-mm 
diameter spot size were performed from the same locations as ASD spot measurements 
on both fresh surfaces of each limestone sample (Figure 5.2). The analyzer in the 
mining mode setting was calibrated for a silicate dominated rock matrix; hence, the Ca 
and Mg concentrations of pure carbonate samples showed an overestimation of up to 
10% (Zaini et al., 2014). To overcome the instrument deficiency in acquiring these 
elemental concentrations, an inductively coupled plasma optical emission spectrometer 
(ICP-OES), Variant Liberty Series II, was used to correct the PXRF measurement 
results by analyzing some pure carbonate samples and limestone samples collected from 
the Lhoknga and Bédarieux mining areas, with a correction factor of 0.76 and 2.31 for 
the Ca and Mg PXRF values, respectively.  

 

Figure 5.1: Carbonate rock samples: (a) dark gray and (b) light gray limestone samples 
collected from the Lhoknga limestone quarry of PT. Lafarge Cement Indonesia, Aceh 
Besar, Indonesia, and (c) dolomitic limestone sample collected from the Bédarieux 
dolomite mine, Hérault department of the Languedoc-Roussillon region, southern 
France. 

(b) (a) 

(c) 
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(a) 

 

(b) 

 

(c) 

Figure 5.2: Examples of hand specimens of carbonate rock samples collected from the 
mines: (a) dark gray limestones (samples B28 and B45), (b) light gray limestones 
(samples B1 and B41) and (c) dolomitic limestones (samples F18 and F20), with white 
circles pointing out the locations of portable X-ray fluorescence (PXRF) and Analytical 
Spectral Device (ASD) spot measurements on both fresh surfaces of the rock samples.  

5.2.3 Carbonate rock spectral measurements 

A FieldSpec Pro Spectrometer from Analytical Spectral Devices (ASD) Inc., 
Boulder, CO, USA, was used to measure reflectance spectra of the carbonate rock 
samples from the visible/near infrared (VNIR) to the SWIR (350–2500 nm) wavelength 
regions. The spectrometer was equipped with a high-intensity light source that is 
integrated into a reflectance probe and a detector system, which consists of a 512–
channel silicon photodiode array for the VNIR spectral measurements (350–1000 nm) 
and a single thermoelectrically cooled indium gallium arsenide (InGaAs) detector to 
acquire the SWIR reflectance spectra (1000–2500 nm). A Spectralon (Labsphere, North 
Sutton, NH, USA) was used to calibrate the spectral measurements of each carbonate 
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rock sample. The reflectance spectra of rock samples were measured using the ASD 
contact probe, where a probe window frame 2 cm in diameter was placed in direct 
contact with each of the five spot measurements on both fresh rock sample surfaces 
(Figure 5.2). Five reflectance spectra were acquired to obtain an average reflectance 
spectrum from each ASD spot measurement of limestone samples. A total of five 
average spectral data were derived from five spot measurements of each rock sample or 
twenty-five reflectance spectra were recorded from each carbonate rock type. Raw 
spectral data were corrected by applying splice correction using ViewSpecPro software. 
ENVI software package version 4.7 was used to build a spectral library and process the 
spectral data in the wavelength range of 2.100–2.400 µm.   

5.2.4 Determination of spectral feature parameters 

The SWIR reflectance spectra have several distinctive absorption features of 
surface mineralogy. These spectral features can be used to estimate the mineral 
abundances and chemical compositions of rock or geologic samples based on their 
spectral feature characteristics, such as the wavelength position and depth of absorption 
feature (Haest et al., 2012a; Magendran & Sanjeevi, 2014; Murphy et al., 2014; Zaini et 
al., 2012, 2014). The position and depth of absorption feature were extracted from 
continuum-removed reflectance spectra (Clark & Roush, 1984). The absorption 
wavelength position is defined as the wavelength at which the maximum absorption or 
minimum reflectance of an absorption feature occurred (Kruse, Lefkoff, & Dietz, 1993; 
van der Meer, 2004). The depth of the absorption feature indicates the reflectance value 
at the shoulders minus the reflectance value at the position of the absorption wavelength 
(Kruse, Lefkoff, & Dietz, 1993; van der Meer, 2004). Detailed definitions of the 
characteristics of the absorption feature are described in previous studies (Kruse, 
Lefkoff, & Dietz, 1993; van der Meer, 2004; Zaini et al., 2012).  

In this study, the carbonate (CO3) and Al-OH absorption features present in the 
SWIR reflectance spectra of limestone samples were analyzed. As mentioned 
previously, carbonate minerals, such as calcite (CaCO3) and dolomite (CaMg(CO3)2), 
and clay minerals, such as kaolinite (Al2Si2O5(OH)4) and illite 
((K,H3O)(Al,Mg,Fe)2(Si,Al)4O10[(OH)2, (H2O)]), have prominent vibrational absorption 
features in the SWIR wavelength region due to the vibrational processes of carbonate 
ions (Clark et al., 1990; Gaffey, 1986; Hunt & Salisbury, 1971) and the combination of 
the OH stretch with the Al-OH and Mg-OH bending modes (Clark et al., 1990; Hunt, 
1977; Hunt & Salisbury, 1970), respectively. Those mineral constituents are the main 
components of the raw materials of cement and play an important role in the 
manufacturing of Portland cement clinker (Chatterjee, 1983; Ghosh, 1983; Meade, 
1926; Taylor, 1997). The presence of clay and other phyllosilicate minerals in selected 
rock samples was also confirmed using X-ray diffraction (XRD). The rock samples 
were pulverized and placed in acid. The acid-insoluble residue was filtered and dried 
and subsequently measured using the Bruker D2 Phaser XRD. However, there was very 
little material left after acid digestion on the powdered dolomitic limestone samples. 
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The acid-insoluble residue came into contact with a filter paper and could not be 
separated. Hence, it yielded unreliable XRD results of clay and other phyllosilicate 
minerals in the dolomitic samples. 

The wavelength position and depth of absorption feature of the mineral reflectance 
spectra were computed using Hyperspectral Python (HypPy) software package version 
2.6 (Bakker, 2012). These spectral parameters were processed by following a routine 
procedure as described in Zaini et al. (2014). Firstly, we used a method developed by 
Rodger et al. (2012) to calculate wavelength position of a prominent absorption feature 
of carbonate (CO3) and Al-OH spectral features in the wavelength ranges of 2.125–
2.400 µm and 2.170–2.250 µm, respectively. The depth of the absorption feature was 
determined by adapting an approach designated in previous studies (Kruse, Lefkoff, & 
Dietz, 1993; van der Meer, 2004; Zaini et al., 2012). A continuum removal was then 
applied to the spectra within the selected wavelength range, followed by interpolation. 
A second-order polynomial fit was modeled to three data points of minimum reflectance 
in the continuum-removed spectra. The wavelength position of the minimum and depth 
of absorption feature were determined on the fitting polynomial curve or the resulting 
interpolated parabola. This process produced the wavelength position of the deepest 
absorption feature and the depth of the feature for each of the spectra. Finally, these 
spectral parameters were validated and correlated with PXRF geochemical analysis to 
derive the abundance and composition of the mineral chemistries from the SWIR 
continuum-removed spectra of the carbonate rock samples. 

5.3 Results 

5.3.1 Geochemical characterization of the rock samples 

The geochemical characterization results of oxide compositions on the selected 
limestone samples over five PXRF spot measurements for each rock sample are shown 
in Table 5.1. The chemical analysis shows that calcium oxide (CaO) is a major 
constituent, comprising approximately 50% by weight, and there is a very low amount 
of magnesium oxide (MgO) in most of the Lhoknga limestone samples (samples B28, 
dark gray limestone and B41, light gray limestone). The results also show a significant 
elemental concentration of SiO2 and Al2O3 in the Lhoknga samples, especially the dark 
gray limestone sample (sample B28, Table 5.1). Thus, the quarried limestone samples 
contain a major amount of calcium carbonate, which is associated with clay and a 
mixture of other phyllosilicate minerals. In addition, the PXRF results (Table 5.1) 
indicate that the light gray limestone sample (sample B41) is purer than the dark gray 
limestone sample (sample B28) in terms of CaO, MgO, Al2O3, and SiO2 concentrations. 
In contrast, the selected dolomitic limestone sample from the Bédarieux dolomite mine 
(sample F20) contains major oxide elements of CaO and MgO, with concentrations over 
27% and 18% (Table 5.1), respectively. The high MgO concentration is attributed to a 
dominance of magnesium carbonate in the Bédarieux samples. The geochemical results 
(Table 5.1) also reveal a relative low elemental concentration of SiO2 and Al2O3 in the 
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rock sample. Moreover, the Lhoknga and Bédarieux rock samples contain low 
proportions of other oxide elements, such as Fe2O3, SO3, K2O, and TiO2 (Table 5.1). 
The oxide concentration of P2O5 is mostly less than 0.1% for the dark gray and light 
gray limestone samples and almost 0% for the dolomitic limestone samples. These 
elements indicate possibly the presence of iron oxide, phosphate and sulfate mineral 
associations in the limestones. The relative abundance of mineral chemistries and 
compositions in the rock samples (Table 5.1) illustrate that the Lhoknga limestone 
samples can be specified as a good quality limestone for the manufacturing of Portland 
cement clinker (Chatterjee, 1983; Taylor, 1997) compared with the Bédarieux sample.  
 
Table 5.1: Chemical composition of the selected limestone samples derived from five 
PXRF spot measurements on both fresh surfaces of each rock sample (wt%) (Samples 
B28, dark gray limestone; B41, light gray limestone; and F20, dolomitic limestone). 
The geochemical analysis illustrates a considerable variability in oxide concentrations 
and compositions of the carbonate rock samples that relate to the sample quality for 
Portland cement manufacturing. 

5.3.2 SWIR reflectance spectra of the rock samples 

The SWIR continuum removed reflectance spectra of the dark gray limestone samples 
(samples B28 and B45) derived from five ASD spot measurements on the rock surfaces 
are shown in Figure 5.3. The spectra exhibit dominant carbonate absorption with a 
prominent absorption feature of carbonate at ~2.34 µm due to the vibrational process of 
the carbonate ions CO  (Clark et al., 1990; Gaffey, 1986; Hunt & Salisbury, 1971). 
This wavelength position and spectral shape indicate that calcite is more dominant than 
other carbonate minerals in the rock samples. The reflectance spectra (Figure 5.3) show 
weak Al-OH absorption feature at ~2.20 μm, which suggests the presence of minor 
constituents of clays (e.g., montmorillonite and illite) and other phyllosilicates (e.g., 
muscovite) in the rock samples. This is caused by the combination of the OH stretch 
with the fundamental Al-OH bending mode (Clark et al., 1990; Hunt, 1977; Hunt & 
Salisbury, 1970). However, it is difficult to differentiate between montmorillonite, illite 
and muscovite based only on the subtle or weak absorption feature at ~2.20 μm. These 

PXRF 
Spots 
Code 

CaO MgO Al2O3 SiO2 Fe2O3 K2O SO3 TiO2 Sample Quality    

B28-1 46.736 0.501 2.984 4.463 0.345 0.373 0.197 0.148 

Good  
(Chatterjee, 1983; Taylor, 1997) 

B28-2 45.023 1.228 8.674 14.289 0.440 1.166 0.230 0.572 
B28-3 51.804 0 0.897 2.939 0.276 0.218 0.220 0.113 
B28-4 48.798 0.342 1.759 5.808 0.785 0.436 1.026 0.322 
B28-5 50.595 0.142 1.960 3.260 0.222 0.317 0.095 0.127 
B41-1 52.313 0 0.295 1.074 0.067 0.070 0.172 0.060 

Good  
(Chatterjee, 1983; Taylor, 1997) 

B41-2 51.388 0 0.395 1.196 0.059 0.045 0.225 0.045 
B41-3 50.967 0.342 1.240 2.390 0.076 0.039 0 0.053 
B41-4 50.360 0.511 1.578 2.846 0.060 0.069 0 0.050 
B41-5 50.525 0 1.265 1.862 0.069 0.052 0 0.053 
F20-1 27.635 21.941 0 0.169 0 0 0.172 0 

Bad  
(Chatterjee, 1983; Taylor, 1997) 

F20-2 29.132 21.239 0.079 0.182 0.034 0 0.192 0 
F20-3 28.606 18.086 0.711 0.958 0.107 0.023 0.162 0.020 
F20-4 26.877 17.728 0.832 1.535 0.113 0 0.157 0.022 
F20-5 29.442 20.174 0 0.237 0 0 0.140 0 
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phyllosilicate minerals exhibit relatively similar spectral shapes for the ~2.20 μm Al-
OH feature. The spectral curves also show variations of the absorption band depths for 
features at ~2.20 µm and ~2.34 µm, which are probably correlated with changes in the 
relative abundances of phyllosilicate and carbonate minerals on the rock surfaces, 
respectively. 
 

 

Figure 5.3: Continuum removed spectra of dark gray limestone samples: (a) sample 
B28 and (b) sample B45 derived from five ASD spot measurements on the rock sample 
surfaces in the SWIR wavelength region. The spectral curves exhibit variations of 
depths of absorption features at ~2.20 µm and ~2.34 µm corresponding to changes in 
mineral contents on the rock surfaces. 

 
Figure 5.4 shows the SWIR continuum removed reflectance spectra of the light 

gray limestone samples (samples B1 and B41) derived from the five ASD spot 
measurements on the rock surfaces. The spectra exhibit strong and weak carbonate 
absorption features at ~2.34 µm and ~2.16 µm, respectively, and a subtle Al-OH 
absorption feature centered at ~2.20 µm. These carbonate features and spectral shapes 
are attributed to the relatively pure calcite in the rock samples. It can be seen obviously 
from Figures 5.3 and 5.4 that the depth of carbonate absorption feature at ~2.34 µm in 
the light gray limestone samples (samples B1 and B41) is deeper than that in dark gray 
limestone samples (samples B28 and B45) and vice versa for the depth of Al-OH 
absorption feature at ~2.20 µm. This indicates that the light gray limestone samples 
contain more calcium carbonate mineral (calcite) than the dark gray limestone samples; 
moreover, the relative abundance of clay and other phyllosilicate minerals content is 
higher in the dark gray limestone samples than in the light gray limestone samples. 

 

(a) (b) 
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Figure 5.4: Continuum removed spectra of light gray limestone samples: (a) sample B1 
and (b) sample B41 derived from five ASD spot measurements on the rock sample 
surfaces in the SWIR wavelength region, showing the variability in the depth of 
carbonate absorption feature at ~2.34 µm.   

 

Figure 5.5: Continuum removed spectra of dolomitic limestone samples: (a) sample 
F18 and (b) sample F20 derived from five ASD spot measurements on the rock sample 
surfaces in the SWIR wavelength region, showing the variability in the wavelength 
position and depth of carbonate absorption feature at ~2.32 µm.   

 
The SWIR continuum removed reflectance spectra of the dolomitic limestone 

samples (samples F18 and F20) differ slightly in the wavelength position and depth of 
carbonate absorption feature at ~2.32 µm (Figure 5.5). The shifts in the position of an 
absorption feature at ~2.32 µm towards longer wavelengths as observed in the spectra 
of sample F18 (Figure 5.5a) are related to changes in the carbonate mineral 
compositions of the sample, depending on the proportion of calcite-dolomite mixtures. 
Strong and weak carbonate absorption features at ~2.32 µm and ~2.15 µm (Figure 5.5) 
indicate that the rock samples are dominated by magnesium carbonate and dolomite, 
respectively. In addition, it can be observed from Figure 5.5 that there is no obvious Al-
OH absorption feature at ~2.20 µm in the spectra, which suggests that the abundance of 
clay and other phyllosilicate mineral chemistries in the rock samples is insignificant to 

(a) (b) 

(a) (b) 
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be determined spectroscopically, compared to the PXRF geochemical approach (Table 
5.1).  

 

 

Figure 5.6: Correlation between spectral and geochemical characteristics derived from 
the same spot measurements of (a) dark gray limestone samples (samples B20, B28, 
B33, B45 and B49), (b) light gray limestone samples (samples B1, B26, B32, B36 and 
B41) and (c) dolomitic limestones samples (samples F17, F18, F20, F23 and F26). 
Physical models relating depths of carbonate features and wt% CaO PXRF results, color 
coded with the wt% MgO results (left) and the depths of Al-OH features and wt% Al2O3 
PXRF results, color coded with the wt% SiO2 results (right).  

(b) 

(a) 

(c) 
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Figure 5.7: Geochemical charts of CaO vs. MgO (left) and SiO2 vs. Al2O3 (right) 
contents derived from PXRF spot measurements of (a) dark gray limestone samples 
(samples B20, B28, B33, B45 and B49), (b) light gray limestone samples (samples B1, 
B26, B32, B36 and B41) and (c) dolomitic limestones samples (samples F17, F18, F20, 
F23 and F26), color coded with the wavelength position of the carbonate and Al-OH 
absorption features. 

5.3.3 Estimation of mineral chemistry abundance and composition of the 
rock samples 

The spectroscopy and geochemistry results indicate that the depths of carbonate 
(CO3) and Al-OH absorption features deepen with increasing relative abundances of 
carbonate (CaO) and phyllosilicate (Al2O3) mineral chemistries in the rock samples 
(Figure 5.6). The depths of CO3 and Al-OH absorption features and the wt% CaO and 

(a) 

(b) 

(c) 
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Al2O3 contents in the rock samples have a relatively good correlation, with R2 = 0.774 
and 0.842 for the dark gray limestone samples (Figure 5.6a), R2 = 0.787 and 0.723 for 
the light gray limestone samples (Figure 5.6b), and R2 = 0.695 and 0.934 for the 
dolomitic limestone samples (Figure 5.6c), respectively. Figure 6 shows that the depths 
of CO3 and Al-OH absorption features vary between the limestone samples. Particularly 
for the depth of carbonate feature, the dark gray limestone samples tend to have lower 
band depth values than the light gray and dolomitic limestone samples. This is typical of 
opaque or organic materials, which can decrease the spectral reflectance value of the 
material (Crowley, 1986; Salisbury et al., 1987; van der Meer, 1995). However, the dark 
gray and light gray limestone samples contain more CaO and Al2O3 concentrations than 
the dolomitic limestone samples (Figure 5.6). The contents of wt% CaO in the samples 
are approximately 45–52%, 49–53%, and 26–44% for the dark gray, light gray and 
dolomitic limestone samples, respectively. 

The scatter plots shown in Figure 5.6 also indicate that SiO2 abundance is directly 
proportional to the Al2O3 content in the rock samples and vice versa for the relation 
between the MgO and CaO contents. As many clay minerals have Al octahedra and Si 
tetrahedra as their crystallographic framework (Brigatti et al., 2006), the correlation 
between Al2O3 and SiO2 indicates the presence of clay and other phyllosilicate minerals 
in the carbonate rocks. However, a number of spot measurements of light gray 
limestone samples and almost all dolomitic limestone samples do not have an Al-OH 
absorption feature or are spectrally featureless at ~2.20 µm (depth of Al-OH feature 
<0.005; Figure 5.6b,c). These results show that the light gray limestone (Figure 5.6b) 
and dolomitic limestone (Figure 5.6c) samples contain less than 1.2% and 0.7% of wt% 
Al2O3, respectively as determined by the PXRF geochemical analyzer (Table 5.1). The 
very low amounts of Al2O3 in the dolomitic limestone point to very low percentages of 
clay and other phyllosilicate minerals in this particular rock, and these phyllosilicate 
mineral contents will therefore likely be below the detection limit of the infrared 
spectroscopy used. 

Figure 5.7 shows the correlation between the CaO and MgO (left) and SiO2 and 
Al2O3 (right) contents in limestone samples, with the color-coded wavelength position 
of carbonate and Al-OH absorption features. These analyses reveal that the proportions 
of these mineral chemistries in carbonate and phyllosilicate minerals are linearly related. 
The wavelength positions of mineral chemistries vary slightly with their compositions 
(Figure 5.7). For the dark gray and light gray limestone samples, the position of 
carbonate feature is approximately in the wavelength range of 2.337–2.339 µm (Figure 
5.7a,b). The wavelength position is typical of calcium carbonate or calcite (Clark et al., 
1990; Crowley, 1986; Gaffey, 1986; Hunt & Salisbury, 1971; Kurz et al., 2012; van der 
Meer, 1995; Zaini et al., 2012), which is the dominant mineral in the rock samples. 
Nevertheless, the wavelength position of carbonate feature of the dolomitic limestone 
samples in the SWIR region is centered at 2.320–2.330 µm (Figure 5.7c), which is 
distinctive of dolomite (Clark et al., 1990; Crowley, 1986; Gaffey, 1986; Hunt & 
Salisbury, 1971; Kurz et al., 2012; van der Meer, 1995; Zaini et al., 2012), with a wt% 
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MgO content of approximately 9–22%. This indicates a larger dolomite or magnesium 
carbonate mineral content in the rock samples. 

Moreover, the position of Al-OH absorption feature is approximately in the 
wavelength range of 2.205–2.208 µm for dark gray and light gray limestone samples 
(Figure 5.7a,b). The wavelength position suggests the presence of montmorillonite, illite 
or muscovite (Clark et al., 1990; Hunt & Salisbury, 1970) in the rock samples. 
However, the wavelength position of Al-OH absorption feature of the dolomitic 
limestone samples is centered nearly at 2.210–2.216 µm (Figure 5.7c), which is 
suggestive of montmorillonite, illite or muscovite (Clark et al., 1990; Hunt & Salisbury, 
1970) of slightly different chemical composition. The longer wavelength position of the 
Al-OH feature indicates replacement of Al by Fe and Mg atoms in the crystal lattice of 
these minerals (Post & Noble, 1993). The majority of dolomitic samples contain 
relatively low concentrations (less than 0.4%) of Al2O3 (Figure 5.7c). As described 
above, some light gray and dolomitic limestone samples do not have an Al-OH 
absorption feature or are spectrally featureless at ~2.20 µm (Figure 5.6b,c). X-ray 
diffraction analysis of selected rock samples also confirms the presence of minor 
constituents of Al-containing minerals in the form of montmorillonite, illite, and 
muscovite in the dark gray and light gray limestone samples (Figure A.1; appendix A).  

5.4 Discussions 

The PXRF geochemical analysis, SWIR reflectance spectra, and spectroscopic 
parameters of the limestone samples as shown in Table 5.1 and Figures 5.3, 5.4, 5.5, 5.6 
and 5.7 indicate that the mineral abundance and chemical composition of the rock 
samples vary considerably. They depend on the type of limestone samples and the 
location of spot measurements on the rock surfaces. It seems that rough and porous 
surfaces within the area of spot measurements result in low elemental concentrations 
and reflectance intensity. The reason for this is probably that the incoming X-ray or 
electromagnetic radiation on the irregular surface will reflect diffusely, and only a few 
reflected radiations can reach the PXRF analyzer and spectroscopic sensors. 

The results of this study (Table 5.1 and Figures 5.6 and 5.7) reveal that the 
proportions of oxide compositions, such as CaO, MgO, Al2O3, and SiO2, of dark gray 
and light gray limestone samples collected from the Lhoknga limestone quarry of PT. 
Lafarge Cement Indonesia, Aceh Besar, Indonesia, are qualitatively suitable for 
Portland cement manufacturing. These limestone samples can be categorized as 
Portland cement-grade limestone. The chemical concentrations and compositions of the 
rock samples meet the standard quality requirements of cement raw material used for 
the manufacturing of Portland cement clinker (Chatterjee, 1983; Meade, 1926; Taylor, 
1997). However, the opposite is true for dolomitic limestone samples collected from the 
Bédarieux dolomite mine in the Hérault department of the Languedoc-Roussillon 
region, southern France. The proportions of the chemical compositions of the dolomitic 
limestone samples (Table 5.1 and Figures 5.6 and 5.7), especially the wt% CaO and 
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MgO concentrations, are present in quantities lower and higher than are allowed by the 
specifications of cement raw material for Portland cement making (Chatterjee, 1983; 
Meade, 1926; Taylor, 1997), respectively. A high amount of MgO (above 2%) in the 
cement clinker will generate the growth of periclase, which can restrict the reaction with 
water and consequently damage the hardened concrete (Taylor, 1997). 

These results (Table 5.1 and Figures 5.6 and 5.7) also indicate that the light gray 
limestone sample is purer than its dark gray counterpart. Naturally, pure limestone is 
harder and has more massive structure than impure limestone. Its hardness influences 
the efficiency of the crushing and grinding process of the limestone sample to a fine 
powder to intimately mix with clay or shale before being transported to the kiln. The 
physical properties are another factor to be considered in determining the suitability of a 
limestone for Portland cement manufacturing. The clinkerization process (reactivity and 
burnability) of a raw meal may depend on its fineness (Ghosh, 1983; Meade, 1926; 
Taylor, 1997). The less pure limestones (dark gray limestone samples), which relate to 
CaO, MgO, Al2O3, and SiO2 contents, are more suitable for cement manufacturing in 
relation to the efficiency of the crushing and grinding process than the hard or pure 
limestones (light gray limestone samples). 

The spectroscopic parameters, particularly the wavelength position and depth of 
absorption feature of carbonate and phyllosilicate minerals within the SWIR spectral 
ranges on fresh surfaces of limestone samples (Figures 5.6 and 5.7), also exhibit 
changes in the abundance and composition of these mineral chemistries. Previous 
researchers stated that the wavelength positions of carbonate minerals in the SWIR 
reflectance spectra are affected by the Ca and Mg contents (calcite-dolomite mixtures) 
in the samples (van der Meer, 1995; Zaini et al., 2012, 2014). Post and Noble (1993) 
observed that the wavelength position of clay absorption feature at ~2.20 µm depends 
on the relative content of Al in the sample. Haest et al. (2012a) and Magendran and 
Sanjeevi (2014) studied the correlation between the depth of Al-OH absorption feature 
and the content of Al2O3 in iron ore samples. They found that the spectroscopic and 
geochemical characteristics of clay mineral chemistry are linearly related. Furthermore, 
carbonate spectral feature characteristics are influenced by particle size (Crowley, 1986; 
Gaffey, 1986; van der Meer, 1995; Zaini et al., 2012), texture (Crowley, 1986), porosity 
(Gaffey, 1986) and mineral impurities (Crowley, 1986; Gaffey, 1986; van der Meer, 
1995). Some scientists have attempted to analyze weathering effects on the infrared 
reflectance spectra of carbonate rocks (Younis et al., 1997; Yue et al., 2010). They 
found that the reflectance values, shape and spectral absorption features of carbonate 
minerals are affected by the weathering processes of the rocks. 

The practical implications of the study with regard to the quality control of cement 
raw materials or characterization of Portland cement-grade limestones are as follows. A 
comparison of the spectroscopy and geochemistry parameters (Figure 5.6) illustrates a 
relatively good correlation between the depths of carbonate and Al-OH absorption 
features and the abundance of carbonate (CaO) and phyllosilicate (Al2O3) mineral 
chemistries in the carbonate rock samples, respectively. The results show that the 
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infrared spectroscopy within the SWIR wavelength range is an applicable technique for 
mineral chemistry analysis of Portland cement-grade limestones. Carbonate and clay 
mineral abundances in carbonate rock samples could be analyzed and estimated by 
applying these physical models (Figure 5.6) based on the spectroscopic parameter, 
especially the depth of absorption feature. This study confirms the results of previous 
studies (Kocak & Nas, 2014; Mollah et al., 2000; Perraki et al., 2010; Pipilikaki et al., 
2008; Ylmen et al., 2010) that used the infrared spectroscopy technique for 
characterizing the chemistry of cement products and hydration rate. These results also 
indicate that the SWIR spectroscopic approach can be used as a direct method for the 
characterization of other raw materials from a laboratory to real-time processes in the 
field or quarry. However, to implement this spectroscopic method on other limestones 
or rocks, some issues require further work. For instance, spectroscopic and geochemical 
characteristics should be derived from bulk measurements of the rock samples. It may 
provide a better interpretation of the method because the results of spot measurements 
on the rock surface are always at the mercy of the geological variation within a rock. 
Other spectral absorption feature parameters of carbonate and clay minerals should also 
be analyzed as alternative characteristics for identifying and estimating mineralogical 
variations and their compositions in rock.  

5.5 Conclusions 

Shortwave infrared (SWIR) spectroscopy in the 2.100–2.400 μm wavelength region 
is investigated in relation to the characterization of Portland cement-grade limestones to 
determine and estimate the chemical composition and mineral chemistry abundance on 
the carbonate rock surfaces. Spectral parameters, such as the wavelength position and 
depth of absorption feature derived from the SWIR continuum removed spectra fitted to 
the second-order polynomial curves, are helpful in analyzing and estimating carbonate 
(CO3) and Al-OH absorption features associated with CaO and Al2O3 contents and the 
compositions in the rock samples, respectively. The depths of these absorption features 
demonstrate a linear relationship with the contents of carbonate (CaO) and 
phyllosilicate (Al2O3) in the rock samples as determined by the portable X-ray 
fluorescence (PXRF) measurements. The wavelength positions of the CO3 and Al-OH 
absorption features vary with the chemical compositions of the samples. The results 
showed that dark gray and light gray limestone samples are more suitable for 
manufacturing Portland cement clinker (Portland cement-grade limestone) than 
dolomitic limestone samples in terms of CaO, MgO, Al2O3, and SiO2 concentrations 
and compositions. The approach illustrates that SWIR spectroscopy within the selected 
wavelength range is an applicable technique for the chemical quality control of cement 
raw materials, particularly for determining the carbonate and clay mineral chemistries in 
the carbonate rock samples.  
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6.1 Introduction 

Accurate and rapid determination and estimation of mineral chemistry and 
chemical composition of carbonate rocks is essential in various industrial sectors, 
especially the cement industry. The manufacturing process and their products quality 
are directly controlled by the mineralogical and chemical compositions of carbonate 
rocks, which are the main component of raw materials for making Portland cement 
clinker (Chatterjee, 1983; Ghosh, 1983; Meade, 1926; Taylor, 1997). Therefore, the 
suitability and availability of these sedimentary rocks in very large amounts are 
imperative to the production of cement clinker. Conventional analytical methods are 
well established for characterizing mineral chemistry of carbonate rocks. However, the 
majority of these traditional methods are a labor-intensive and time consuming process 
for sample preparation and analysis compared with infrared spectroscopy and 
hyperspectral imagery (hyperspectral imaging) approaches.  

Near- and shortwave-infrared spectroscopy (Hunt & Salisbury, 1971; Zaini et al., 
2016) and hyperspectral imaging (imaging spectroscopy) (Baissa et al., 2011; Buckley 
et al., 2013; Green & Schodlok, 2016; Kurz et al., 2013; Kurz et al., 2012; Mathieu et 
al., 2017; Murphy et al., 2016; Schodlok et al., 2016; Zaini et al., 2014) are recognized 
as advanced analytical methods for determining mineralogy and chemical information 
of carbonate rocks or geologic samples. These spectroscopic methods offer a non-
destructive method and can be used outdoors for analyzing mineral chemistry of the 
rocks or samples based on their spectral absorption feature characteristics. Moreover, 
the technological improvements of hyperspectral imaging sensors have offered an 
opportunity to apply the imagery for mapping continuous spatial distribution patterns 
and compositional variations of surface mineralogy on geological area or outcrop mine 
faces (Buckley et al., 2013; Kruse et al., 2012; Kurz & Buckley, 2016; Kurz et al., 2013; 
Kurz et al., 2012; Murphy & Monteiro, 2013; Murphy et al., 2012; Murphy et al., 2014). 
However, compared to infrared spectroscopy and imaging spectroscopy, most of the 
conventional methods are impractical for field application, particularly during mineral 
chemistry exploration and measurement process in a quarry or geological site. This is 
because the analytical instruments require a specific requirement for sample preparation 
and acquisition of the data. Furthermore, these spectroscopic techniques cannot 
determine exactly chemical compositions or elemental concentrations of carbonate 
rocks, as are characterized by the classical analytical methods, such as X-ray 
fluorescence (XRF), energy dispersive X-ray spectroscopy (EDS) attached to scanning 
electron microscopy (SEM-EDS) and electron microprobe analysis (EMPA). 

In the cement industry, X-ray diffraction (XRD) and XRF are two important 
analytical methods for determining and controlling mineralogical and chemical 
compositions in each stage of the cement production process, chain from the exploration 
of high quality raw materials in a quarry to the final cement products (Anderson et al., 
2015). However, these conventional methods pose some obstacles to characterizing and 
analyzing a geologic sample. To overcome this constrain,  infrared spectroscopy has 
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provided a great potential and opportunity for the chemical quality control and the 
quantitative analysis of carbonate rocks as cement raw materials by combining 
spectroscopic data of field spectrometry with geochemical data of X-ray analyzer (XRF) 
(Zaini et al., 2016). 

The general objective of the research presented in this thesis was to develop a 
methodology for determining and estimating the relative abundances and compositions 
of mineral chemistries from carbonate rocks using a combination approach of 
spectroscopy, geochemistry and hyperspectral imagery, particularly for the chemical 
quality control of carbonate rocks as cement raw materials. This chapter summarizes 
and elaborates on the main findings and outcomes of the research, which have been 
discussed previously in Chapters 3 to 5 with respect to the original research objectives. 
The objectives were defined as:  

 To analyze the effects of grain size and calcite-dolomite mixtures on carbonate 
spectral absorption feature characteristics (Section 6.2). 

 To estimate the relative abundance and chemical composition of carbonate 
minerals on the rock surfaces using SisuCHEMA hyperspectral imagery (Section 
6.3).  

 To investigate the potential and accuracy of shortwave infrared (SWIR) 
spectroscopy approach for chemical quality control of Portland cement-grade 
limestone (Section 6.4).  

The following sections discuss the achievements related to the research objectives 
and summarize the results of carbonate rock chemistry characterization, specifically to 
determine and estimate the relative abundance of mineralogical and chemical 
compositions of carbonate rocks using a combination approach of spectroscopy, 
geochemistry and hyperspectral imagery. The last section of this chapter highlights the 
limitations and proposes recommendations for future research. 

6.2 Carbonate absorption feature characteristics 

The first objective of the research was to analyze carbonate absorption feature 
characteristics. In this thesis, the main focus of discussion on carbonate minerals was 
calcite (CaCO3) and dolomite (CaMg(CO3)2). These carbonate minerals are the 
predominant constituents of carbonate rocks (Blatt et al., 1972; Pettijohn, 1975). Thus, 
knowledge and understanding of calcite and dolomite reflectance spectra and their 
absorption feature characteristics are essential for identifying and analyzing mineral 
chemistry and composition of carbonate rocks. Spectral feature characteristics of calcite 
and dolomite in both the shortwave infrared (SWIR) and thermal infrared (TIR) 
wavelength regions, as a function of grain size and carbonate mineral mixtures were 
discussed in Chapter 3. The absorption feature characteristics analysis of carbonate 
reflectance spectra consisted of wavelength position, depth, full width at half maximum 
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(FWHM), and asymmetry of absorption feature (Clark & Roush, 1984; Kruse, Lefkoff, 
& Dietz, 1993; van der Meer, 1995; van der Meer, 2004). 

Carbonate minerals have two prominent spectral absorption features in the SWIR 
(features at 2.3 and 2.5 µm) and TIR (features at 11.5 and 14 µm) wavelength regions 
due to vibrational processes of the carbonate ions (CO ) (Clark, 1999; Clark et al., 
1990; Gupta, 2003; Hunt & Salisbury, 1971; Salisbury et al., 1987). These spectral 
features can be used to distinguish carbonates from other minerals. The results of 
Chapter 3 showed that absorption feature characteristics and reflectance values of pure 
calcite and dolomite spectra in the SWIR and TIR wavelength regions were influenced 
by grain size fraction (Figures 3.2 and 3.4). In the SWIR region, the absorption band 
positions of both features were centered at 2.340 μm and 2.537 μm for calcite and at 
2.323 μm and 2.515 μm for dolomite (Figure 3.3). These SWIR band positions of the 
calcite and dolomite features were invariant to grain size fraction. The depth of 
absorption bands intensified with increasing grain size fraction of the calcite and 
dolomite features between 45 and 250 µm, and decreased when the grain size was 
greater than 250 µm. Overall reflectance values decreased with increasing grain size 
fraction of the sample. The FWHM and asymmetry of the calcite and dolomite spectral 
features at 2.3 and 2.5 μm varied with particle size (Figure 3.3). The FWHM increased 
with increasing grain size fractions from 45 to 500 µm, but slightly decreased when 
grain size is larger than 500 µm (Figure 3.3). The feature at 2.5 µm was wider and 
deeper than the feature at 2.3 µm for both carbonate minerals. The asymmetry of calcite 
and dolomite features has a negative value which tended to skew to shorter wavelengths 
(Figures 3.2 and 3.3) and the feature at 2.3 µm skewed more to shorter wavelengths 
than the feature at 2.5 µm.  

In the TIR wavelength region, the calcite and dolomite band positions of both 
features depended on grain size and shifted to longer wavelength for the feature at 11.5 
μm and to shorter wavelength for the feature at 14 μm from fine to coarse grain size 
fractions (Figure 3.5). Overall reflectance values and depth of absorption bands 
decreased with increasing grain size fraction for both carbonate features. The spectral 
features of calcite and dolomite became poorly defined as grain size fraction increased, 
particularly between 125 and 500 µm grain sizes. The FWHM and asymmetry of the 
calcite and dolomite spectral features at 11.5 and 14 µm also varied with grain size 
fraction (Figure 3.4). The width of calcite and dolomite features amplified with 
increasing particle size. 

Chapter 3 also presents that absorption band position of both features of calcite-
dolomite mixtures in the SWIR and TIR wavelength regions were determined by the 
calcite or dolomite composition in the samples (Figures 3.6 and 3.8). The depth, 
FWHM, and asymmetry of the SWIR and TIR carbonate features also varied slightly 
with changing calcite or dolomite contents in the samples (Figure 3.7). The band 
positions of the carbonate features in the SWIR region were centered within the 
wavelength range of 2.323–2.340 μm and 2.515–2.537 μm, from the band position of 
pure dolomite to pure calcite. In the TIR region, however, the absorption band positions 
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of the calcite-dolomite mixtures not only depended on carbonate mineral composition, 
but also on grain size of the sample (Figure 3.9). The TIR spectra of mixed calcite and 
dolomite exhibited a relatively flat spectral curve for coarse grain size fractions in the 
range of 125 to 500 μm. This study has contributed to understand the effects of grain 
size and mineral mixtures on the spectral absorption feature characteristics of calcite 
and dolomite in the SWIR and TIR wavelength regions, which will help in improving 
carbonate minerals identification and analysis using infrared spectroscopy and 
hyperspectral imagery approaches. 

6.3 Hyperspectral imagery of carbonate rock chemistry 

After analyzing carbonate absorption feature characteristics, the second research 
objective was applying of the results to hyperspectral imagery. The application of 
laboratory-based SisuCHEMA hyperspectral imagery for estimating the relative 
abundance and chemical composition of carbonate minerals on the rock surfaces using 
various spectral recognition algorithms were addressed in Chapter 4. These spectral 
analysis methods consisted of wavelength position analysis (Clark & Roush, 1984; 
Kruse, Lefkoff, & Dietz, 1993; Rodger et al., 2012), spectral angle mapper (SAM) 
(Kruse, Lefkoff, Boardman, et al., 1993) and linear spectral unmixing (LSU) (Adams et 
al., 1993; Boardman, 1989). The methods were used to extract compositional 
information of mineral mixtures from the spectral data of SisuCHEMA images by 
applying spectral endmembers of the carbonate synthetic samples established in Chapter 
3. It was also complemented by geochemical analysis of spot measurements obtained by 
a portable X-ray fluorescence (PXRF) analyzer for identifying mineral chemistry of the 
rocks. The accuracy of these classification methods and correlation between 
geochemical data and spectroscopic parameters in determining mineral components of 
carbonate rocks were also analyzed. 

The SisuCHEMA hyperspectral imager is a complete chemical imaging system and 
has a high spatial and spectral resolution (Specim, 2007). It allows the system to record 
distinctive spectral absorption features of mineral assemblages from the visible and near 
infrared (VNIR) to the SWIR wavelength regions. The SWIR imaging sensor can 
acquire images with 320 spatial pixels per line at a spatial resolution of 0.21 mm 
(Specim, 2007). It configures to record continuous spectral information from 970 nm to 
2500 nm with 256 spectral bands at a spectral resolution of 10 nm. Therefore, the 
hyperspectral image data can be used for the characterization of mineralogical and 
chemical constituents, their quantities and distributions on carbonate rock or geological 
surfaces (Specim, 2007; Zaini et al., 2014), based on the analysis of spectral reflectance 
shapes and absorption feature characteristics of SisuCHEMA image pixels. This dataset 
also offers an opportunity and challenge for quality control and quality assurance of the 
sustainable exploitation of the quarry raw materials (minerals and rocks), the 
manufacturing process of the raw materials, and mineral-derived products in many 
industries, such as the mining industry and cement industry. 
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The results of Chapter 4 show that chemical composition (Ca-Mg ratio) of 
carbonate minerals at a pixel (e.g., sub-grain) level can be extracted from the SWIR 
image pixel spectra using the spectral recognition approaches (Figures 4.6, 4.7 and 4.8). 
The results also indicated that differences in calcite-dolomite mixtures identification and 
proportion estimation of these minerals composing the rock samples depended on the 
classification approaches, user-selected parameters, and match between reference spectra 
and image spectra (Figure 4.9). However, the general spatial distribution of carbonate 
mineral mixtures classified by these spectral methods had nearly the same pattern on the 
carbonate rock surfaces. The wavelength position analysis approach of the SisuCHEMA 
image spectra was found to be sensitive to all compositional variations of calcite-
dolomite mixtures on the rock surfaces. The method was a more stable, standardized and 
reproducible technique for determining the carbonate mineral chemistry from the image 
pixel spectra than the SAM and LSU methods (Chapter 4). In comparison to the 
wavelength position classifier, the SAM and LSU algorithms tended to produce some 
misclassified and unclassified pixels of carbonate mineral mixtures. The overall 
classification accuracies of carbonate mineral mixtures using these spectral analysis 
approaches showed that the classification accuracies of LSU images were slightly 
higher than SAM images when compared with wavelength position images (Table 4.2).  

The geochemical analysis results on the carbonate rock samples (Chapter 4) 
demonstrate that the rock samples contain mineralogical associations of major elements, 
such as Ca and Mg and trace elements such as Ba, Fe, Al, Si, Cl, and S (Table 4.1). 
These major and trace elements indicated that the rocks were dominated by carbonate 
minerals with various compositions of mineral mixtures. The relationship between 
major geochemical elements (Ca and Mg) and spectroscopic parameters (wavelength 
position, spectral angle of SAM, and fraction value of LSU) also proved the presence of 
carbonate mixtures with different mineralogical compositions on the rock surfaces 
(Figure 4.10). As a result, the finding of this study could be implemented to determine 
naturally mixed minerals and estimate the proportions of minerals on rock surfaces 
using laboratory-based hyperspectral imagery. In a practical sense, understanding of the 
carbonate mineral chemistry contributes to the developing a framework for the cement 
industry in assessing the purity and the chemical composition of carbonate rocks.  

6.4 Shortwave infrared spectroscopy for chemical quality 
control of Portland cement raw materials 

Carbonate rocks or limestones are the main component of raw materials used for 
manufacturing Portland cement clinker (Chatterjee, 1983; Ghosh, 1983; Meade, 1926; 
Taylor, 1997). The mineralogical and chemical compositions of the rocks influence the 
manufacturing process and quality of cement clinker. Therefore, the accurate and rapid 
determination and estimation of the abundance and composition of mineral chemistries 
in carbonate rocks is essential for the cement industry. Conventional analytical methods, 
such as XRD and XRF are commonly used in the cement industry for characterizing and 
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controlling mineralogical and chemical compositions of carbonate rocks or cement raw 
materials (Anderson et al., 2015).  

An alternative approach that is better suited for field application than conventional 
techniques is infrared spectroscopy. Infrared spectroscopic techniques have been 
utilized to characterize the chemistry of cement products and the hydration rate (Kocak 
& Nas, 2014; Mollah et al., 2000; Perraki et al., 2010; Pipilikaki et al., 2008; Ylmen et 
al., 2010). However, their applications in determining the compositional characteristics 
of cement raw materials, such as carbonate rocks or limestones, have not been 
completely explored. 

The last research objective was to investigate the potential of shortwave infrared 
(SWIR) spectroscopy as an alternative quality control technique for the mineral 
chemistry analysis of Portland cement-grade limestone. It was discussed at greater 
length in Chapter 5 of this thesis. Previous studies reported in Chapters 3 and 4 show 
that the SWIR reflectance spectra of carbonate minerals exhibited distinctive vibrational 
absorption features of carbonate ions. The carbonate absorption feature characteristics 
in the wavelength region were influenced by grain size and calcite-dolomite mixtures in 
the sample (Chapter 3). These spectral shape and absorption feature characteristics were 
useful in the characterization and estimation of carbonate mineral chemistry from the 
SWIR image pixel spectra using the spectral recognition approaches (Chapter 4). The 
spectroscopic method can also be combined with geochemical data to determine the 
chemical compositions of carbonate rocks (Chapter 4). In Chapter 5, the spectral 
absorption feature properties of SWIR reflectance spectra, such as wavelength position 
and depth of absorption feature (Kruse, Lefkoff, & Dietz, 1993; van der Meer, 2004) 
and geochemical characteristics of limestone samples were used to identify and estimate 
the abundance and composition of carbonate and clay minerals on the rock surfaces that 
are suitable for making Portland cement clinker by following the approaches and results 
of Chapters 3 and 4. 

The results of Chapter 5 demonstrate that the SWIR reflectance spectra of dark 
gray and light gray limestone samples with prominent carbonate (CO3) and weak Al-OH 
absorption features at ~2.34 µm and ~2.20 µm, respectively, indicated the presence of 
calcium carbonate (calcite) as a dominant mineralogical constituent, which is associated 
with minor constituents of clays (e.g., montmorillonite and illite) and other 
phyllosilicate minerals (e.g., muscovite) in the rock samples (Figures 5.3 and 5.4). The 
SWIR reflectance spectra of dolomitic limestone samples with distinctive carbonate 
absorption feature at ~2.32 µm indicated that the rock samples were dominated by 
magnesium carbonate (dolomite) (Figure 5.5). These spectroscopic characteristics were 
confirmed by geochemical analysis results of the rocks samples (Table 5.1). The dark 
gray and light gray limestone samples contain a major oxide element of CaO mixed 
with a significant elemental concentration of SiO2 and Al2O3. These oxide elements are 
attributed to the presence of calcite and clays and other phyllosilicate minerals in the 
rock samples, respectively. Moreover, the dolomitic limestone sample is composed by 
major elemental concentrations of CaO and MgO (Table 5.1), which indicate a 
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dominance of dolomite in the rock sample. X-ray diffraction analysis of selected rock 
samples also proved the presence of minor constituents of Al-containing minerals in the 
form of montmorillonite, illite, and muscovite in the dark gray and light gray limestone 
samples (Figure A.1; appendix A).  
 
Table 6.1: Summary of the linear regression results (Figure 5.6) between spectroscopic 
characteristics (depth of carbonate (CO3) and Al-OH absorption features) and 
geochemical parameters (CaO and Al2O3) derived from the same spot measurements 
on both fresh surfaces of the carbonate rock samples.  

Rock 
Sample 

Geochemical 
Parameter 

( y )  

Spectroscopic Characteristic ( x )  

Depth of  CO3 Feature Depth of Al-OH Feature 

R2 Regression Equation R2 Regression Equation 

Dark gray 
limestone 

CaO 0 . 7 7 4  y  =  4 9 . 1 1 x  +  4 2 . 3 8      

Al2O3     0 . 8 4 2  y  =  2 0 3 x  -  1 . 1 0 5  

Light gray 
limestone 

CaO 0 . 7 8 7  y  =  2 0 . 2 9 5 x  +  4 3 . 3 5 7      

Al2O3     0 . 7 2 3  y  =  7 9 . 9 8 3 x  +  0 . 8 0 1  

Dolomitic 
limestone 

CaO 0 . 6 9 5  y  =  9 4 . 8 4 6 x  -  0 . 3 7 7      

Al2O3     0 . 9 3 4  y  =  1 1 9 . 4 x  +  0 . 0 6 7  

 
The most interesting outcome of this study (Chapter 5) was that the depth of the 

carbonate (CO3) and Al-OH absorption features were linearly correlated with the 
contents of CaO and Al2O3 in the rock samples, respectively (Figure 5.6), as 
determined by geochemical analysis of X-ray analyzer (PXRF; Table 5.1). Variations in 
the wavelength position of CO3 and Al-OH absorption features were related to changes 
in the chemical compositions of the samples (Figure 5.7). The results showed that the 
dark gray and light gray limestone samples were better suited for the manufacturing of 
Portland cement clinker (Portland cement-grade limestone) than the dolomitic limestone 
samples. It was indicated by the geochemical characteristics of the CaO, MgO, Al2O3, 
and SiO2 concentrations and compositions of the rock samples (Table 5.1). These 
compositional characteristics of the rock samples met the standard quality requirements 
of cement raw material used for Portland cement manufacturing (Chatterjee, 1983; 
Meade, 1926; Taylor, 1997). 

The practical implications of the study (Chapter 5) with regard to the quality 
control of cement raw materials or characterization of Portland cement-grade limestones 
were as follows. A comparison of the spectroscopy and geochemistry parameters 
illustrated a relatively good correlation between the depths of carbonate and Al-OH 
absorption features and the abundance of carbonate (CaO) and phyllosilicate (Al2O3) 
mineral chemistries in the carbonate rock samples (Figure 5.6), respectively. Carbonate 
and clay mineral abundances in carbonate rock samples could be analyzed and 
estimated by applying these physical models (Table 6.1) based on the spectroscopic 
characteristic, especially the depth of absorption feature. The results showed that the 
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SWIR spectroscopy approach within the selected wavelength range is an applicable 
technique for the chemical quality control of cement raw materials, particularly for 
determining the carbonate and clay mineral chemistries in the carbonate rock samples. 

6.5 Future research 

The results of this research show an alternative methodology for the 
characterization of carbonate rock chemistry using a combination approach of 
spectroscopy, geochemistry and hyperspectral imagery, particularly for the chemical 
quality control of carbonate rocks as cement raw materials. A number of future research 
opportunities could be investigated and implemented: 

 Bulk measurements of the rock samples (whole rock analysis). Bulk measurements 
could potentially enhance the result analysis of rock samples. It may provide a 
better interpretation of spectroscopic method because bulk measurements can 
overcome the limitation of spot measurements on the rock surface that always 
depend on the geological variation within a rock. However, in using the whole 
rock analysis, the rock samples should be ground into a powder before analyzing 
spectroscopic and geochemical characteristics from the same area of the powdered 
sample.  

 Including other spectral absorption feature parameters. Wavelength position and 
absorption feature depth of carbonate and Al-OH absorption features of SWIR 
reflectance spectra were useful for determining the abundance and composition of 
carbonate and clay minerals in carbonate rock samples. Other spectroscopic 
parameters, such as width of absorption feature, should also be analyzed as an 
alternative spectral feature characteristic for quantitative analysis of mineral 
chemistry on the rock samples. The width of absorption feature or full width at 
half maximum (FWHM) of carbonate minerals in the SWIR spectral region were 
influenced by grain size and mineral contents in the sample (Zaini et al., 2012). 
This spectral parameter may improve estimation of mineral chemistry in carbonate 
rocks.  

 Application of the quality control method to limestone quarries using 
hyperspectral imagery. Hyperspectral sensors have been continuously developed 
with more compact and lightweight technologies, allowing higher spectral and 
spatial resolution of hyperspectral imagery to be acquired by the imaging sensors 
mounted on different platforms, such as field-based (Buckley et al., 2013; Kruse et 
al., 2012; Kurz & Buckley, 2016; Kurz et al., 2013; Kurz et al., 2012; Murphy & 
Monteiro, 2013; Murphy et al., 2012; Murphy et al., 2014) and unmanned aerial 
vehicles (UAVs) or drone-borne systems (Jakob et al., 2017). These authors have 
demonstrated the capability and accuracy of the hyperspectral imaging techniques 
for compositional mapping of surface mineralogy in various mining area or 
geological site. However, the imaging approaches have not been explored for the 
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chemical quality control of cement raw materials on limestone quarries or other 
calcareous mining area. Further research is advised to extend this study using 
field- or drone-based hyperspectral imaging as a quality control technique for 
characterizing the mineral chemistry and chemical compositions of cement raw 
materials on limestone quarries of outcrop mine faces.  

 Implementation to other cement raw materials. The results of this study showed 
that the SWIR spectroscopy approach within the selected wavelength range is an 
applicable technique for the chemical quality control of carbonate rocks, as the 
main component of cement raw materials. The findings should thus be 
implemented to other cement raw materials, such as argillaceous materials.  
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Appendix A: XRD analysis of limestone samples 

 

 

Figure A.1: XRD pattern of clay and other phyllosilicate minerals of selected dark gray 
and light gray limestone samples, showing the presence of montmorillonite, illite and 
muscovite in the rock samples. 
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