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Abstract 

 The Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER) is 

a multispectral sensor, which has broad band coverage and is suitable for mineral and litho-

logic mapping. This research evaluated the use of ASTER imagery for both lithologic and 

mineral mapping in an arid area, Chocolate Mountains, southeast California. Various remote 

sensing techniques were applied to map alteration minerals including false colour composite, 

band ratios, Principal Components Analysis (PCA). Three classification techniques were used 

to map the lithologies, including Maximum Likelihood Classification (MLC), Spectral Angle 

Mapper (SAM) and Mixture Tuned Matched Filtering (MTMF). Finally, two prospectivity 

maps were produced by using weighted overlay and logistic regression models. 

The results indicate ASTER is very effective in mapping various alteration minerals. 

In lithologic mapping, MLC has the highest overall accuracy of 70.56%. SAM and MTMF 

have very low overall accuracy (37.15% and 16.78% in respect). The efficiency score for lo-

gistic regression is 90.5%, weighted overlay has an efficiency score of 84.7%. However, the 

results need further aseessment using field data. 
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 Introduction Chapter 1:

1.1 Remote sensing in mineral exploration 

 In the early age of remote sensing history, most sensors were developed for vegetation 

analysis (Langley et al., 2001; Jung et al., 2006). Vegetation is highly reflective in the near 

infrared and highly absorptive in the visible red. The contrast between these channels can be 

used as an indicator of the status of the vegetation. Therefore, the basic requirement for a sen-

sor for vegetation is the presence of both red and near infrared channels.  In 1972, the Earth 

Resources Technology Satellite (ERTS-1) was launched (EROS, 1979). It was renamed Land-

sat1 later, and was designed to study and monitor the earth’s surface, a large part of which is 

vegetation-covered. Later, several other remote sensing satellites equipped for vegetation 

monitoring were launched like Système Probatoire de l’Observation de la Terre series (SPOT, 

1986, France), Advanced Very High Resolution Radiometer (AVHRR) (NOAA-15, 1998),  

the Moderate Resolution Imaging Spectroradiometer (MODIS) (Terra\Aqua satellites, 1999) 

and  IKONOS (GeoEye, 2000) (Melesse et al., 2007).  

 In mineral mapping, ground-based geologic mapping relies greatly on ground observa-

tion or data derived from field and laboratory studies. Geologists then interpolate those data to 

obtain continuity. Remotely sensed images cannot replace this level of expertise; however, 

they can form valuable supplements that are more cost-effective than traditional methods.  

Remote sensing data can give information for a larger area in inaccessible regions, and help to 

isolate potential areas from non-interesting areas for further exploration (Rajesh, 2004).  

 Compared to vegetation analysis, geological remote sensing techniques require addi-

tional spectral bands in a larger wavelength region with narrow bandwidth. The middle or 

shortwave infrared (SWIR) region and to some extent, the thermal infrared (TIR) region pro-
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vide more diagnostic spectral information about minerals and rocks than visible and near-

infrared (NIR) region.   

 Multispectral sensors were used for mineral mapping since mid-1980s. The two mid-

IR bands on the Landsat Thematic Mapper TM (bands 5 and 7) are useful for discriminating 

between rock and mineral types, therefore Landsat TM and Landsat Enhanced Thematic 

Mapper Plus (ETM+) have been used to discriminate various lithologies (Loughlin, 1991; 

Liu, 2007). Other multispectral sensors of particular interest for rocks and minerals include 

the Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER) aboard the 

Terra platform launched in 1999, and the Advanced Land Imager (ALI) aboard the EO-1 plat-

form launched in 2000 (Crósta and Filho, 2003). Some hyperspectral remote sensing has also 

been used in geologic mapping like the Airborne Visible/Infrared Imaging Spectrometer 

(AVIRIS), and Hyperion on the Earth Observing EO-1 platform (Pearlman et al., 2003). 

These sensors allow observation of ground cover with narrow-band absorption features in 

their spectra.  A recent space borne earth observation program is Global Monitoring for Envi-

ronment and Security (GMES). The Sentinel 2 satellite, which is planned to be launched in 

2014, carries a single multi-spectral instrument (MSI) with 13 spectral channels in the visi-

ble/near infrared VNIR and short wave infrared spectral range SWIR. Its mission is to provide 

high-resolution optical imaging for land services (e.g. imagery of vegetation, soil) 

(Aschbacher and Milagro-Pérez, 2012). These data are not available at the time of writing.         

 Hyperspectral imaging can provide detailed mineral mapping due to its high spectral 

resolution. However, the high data volumes and the availability and regional coverage of hy-

perspectral data limit its use as targeted sensors looking at small, specific regions of interest.  

On the other hand, multispectral imagery systems like Landsat can only provide limited spec-
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tral information because of limited spectral ranges and lower spectral resolution (Kruse and 

Perry, 2007). 

 Spectral discrimination of potential areas of gold is a common application in remote 

sensing. Research has been conducted on the extraction of spectral information related to this 

type of target from different satellite sensors.  Minerals and rocks that are related to gold often 

have distinctive spectral patterns, which can be used to distinguish them from other spectral 

patterns using various image processing techniques such as band ratioing, principal compo-

nent analysis (PCA), and different classification techniquess, e.g. Maximum Likelihood Clas-

sifications (MLC) (Loughlin, 1991; Sabins, 1999; Kusky and Ramadan, 2002; Crósta and Fil-

ho, 2003; Gabr, 2010).  

1.1.1 Spectral characteristics of common minerals  

The mineral spectral features in the visible to NIR are related to the charge transfer ef-

fect of electrons between energy levels of constituent elements, especially the transitional 

metals, like Fe, Mg, and Cr (Hunt et al., 1971). The visible near infrared (VNIR) wavelengths 

(0.4-1.0 µm) are very useful in mapping Gossans
1
- deposits that are rich in iron and associat-

ed with weathered sulphide occurrence. Shortwave IR (SWIR) wavelength (1.0-2.5 µm) is 

very useful for mapping alteration minerals
2
, especially those containing clay family minerals 

or carbonates, and for regolith characterization. The thermal infrared (TIR) wavelengths (8-12 

µm) are very useful in mapping lithologies and distinguishing between rock-forming mineral 

groups like silicates and carbonates (Gupta, 2003).  

                                                 
1 Gossan [GEOL]: A rusty, ferruginous deposit filling the upper regions of mineral veins and overlying a sulfide deposit; formed by oxida-

tion of pyrites. Also known as capping; gozzan; iron hat. Source: McGraw-Hill dictionary of geology and mineralogy, 2nd ed. McGraw-Hill, 

2003.  pp.141 

2 Alteration: in mineralogy, the change in the chemical and mineralogical composition of a rock or mineral, since its original formation. It 

implies changes to new minerals or new rocks textures. Source: Dictionary of Gems and Gemology  Springer-Verlag Berlin Heidelberg New 
York 2009  10.1007/978-3-540-72816-0_577 
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Multispectral remote sensing has been used for mapping alteration zones (Gabr et al., 

2010). However, laboratory-measured spectra (e.g. USGS spectral library) do not exactly rep-

resent the actual field spectra due to many uncontrolled factors that make the field conditions 

different from laboratory measurements, including the presence of variability in minerals, 

vegetation cover, difficulties in atmospheric corrections (including missing data in atmospher-

ic absorption wavelengths) and reflected thermal radiation in the daytime images. Laboratory 

reflectance spectra of some common alteration minerals from the USGS spectral library are 

shown in Figure 1.1. From this figure we can see that the diagnostic absorption features 

around 1.5 and 1.8µm do not have spectral bands to record them. However absorption fea-

tures around 2.1-2.4 µm are well recorded by ASTER data. It is also evident why the narrow-

er ASTER bands are more useful than the single wider Landsat SWIR band 7or ALI band 9. 

 
Figure 1.1  Bandpasses of the Landsat ETM, ALI and ASTER multispectral sensors in relation to diagnos-

tic spectral features of mineral characteristics of hydrothermally altered rocks and ore deposits. (Hub-

bard and Crowley, 2005). 
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1.1.2 Limitations in geologic remote sensing  

Most research in mineral exploration studies can be ascribed to two different ap-

proaches: one is to map the surface geology and fracture patterns at regional and local scales. 

It has been demonstrated that lithologic units and linear features correlate in many places with 

the geologic structures that control mineralization.  Although some research has already been 

done in this area (Nicolais, 1974; Rowan and Bowers, 1995), there is still a need to develop a 

way to improve the surface structure analysis both manually and automatically in a specific 

local area.  

The other approach is the recognition of hydrothermally altered rocks that may be re-

lated to mineral deposits.  In geological remote sensing, only the uppermost 5-10 micrometers 

of a rock surface contribute to its spectral signature (Amos and Greenbaum, 1989). In a natu-

ral environment, most field exposed rock surfaces present a certain type or degree of altera-

tion or weathering effect according to their environment and lithology (Younis et al., 1997). 

In most cases, remote sensing images record data from weathered outcrops, which contain 

rocks and minerals together with soil and vegetation (Sabins, 1999). This means the spectral 

signature derived from the satellite image will be obscured compared to the laboratory-

derived pure mineral or rock signature. As a geological map usually does not provide infor-

mation about the weathering or the amount of superficial cover, to evaluate the weathering 

process effect on the spectral response of the rock surface might pose problems in this re-

search. 

Desert varnish, which is a ubiquitous rock coating observed in deserts worldwide, can 

also obscure bedrock mineralogy in remote sensing systems. Nevertheless, the varnished sur-
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faces retain some reflectance information concerning the underlying rocks since these rocks 

determine the composition of the varnish to a large extent (Rivard et al., 1993). 

In many areas, mineral deposits can be obscured or concealed by vegetation and soil. 

Although remote sensing images can be readily applied in arid areas, which often have an 

extensive exposure of bedrock, completely barren areas are rare.  It has been found that 

differentiation among rocks can be lost where vegetation and soil cover exceeds 50% of the 

surface area (Siegal and Goetz, 1977). Even in arid areas, the sparse vegetation still may pose 

a problem in lithologic interpretation. For areas covered with alluvium, gravels or rubble, the 

surface roughness (such as the shadows) and grain size may make the spectrum different from 

the underlying rock. Furthermore, the underlying rocks might be covered by soils or landslide 

debris from another area, and hence complicate the geological interpretation of the classified 

image. This is, however, not too different from ground-based mapping since extensive alluvial 

deposits are usually mapped as such, obscuring the underlying bedrock geology. It is possible 

that remote mapping might allow more detailed mapping of alluvial composition than is 

currently done, since it is able to detect the dominant mineral composition of gravels. This is 

of potential use in mapping source rocks for placer deposits.  

1.2 Geology and gold exploration 

The method and applicability of remote sensing techniques in prospecting gold depos-

its are closely linked to the mode of formation and occurrence of gold deposits. Gold occurs 

in many different geologic settings, and is contained within sedimentary, igneous, and meta-

morphic rocks. Basically, there are two types of deposits: primary and secondary. Primary 

deposits form where gold precipitates during chemical reactions between hydrothermal (hot 

fluids) mineralizing solutions (metal-bearing) and rocks in the earth’s crust. Secondary depos-
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its form later during the chemical and mechanical processes of weathering and erosion as well 

as the physical reconcentration of gold-bearing sediment into placer deposits (Syed, 2010). A 

recent study by Weatherley and Henley (2013) has discovered a clear link between seismic 

activity and precipitation of gold in earthquake faults. During a major earthquake, the veins 

shift and expand, reducing the pressure of the fluid, and allowing gold to filter out and deposit 

on the ground. Moreover, this deposition can happen within seconds, hence the process is 

called “flash vaporization”, unlike traditional mine geologic thinking around the formation of 

gold minerals formations under equilibrium conditions. Consequent small magnitude earth-

quakes progressively build economic-grade gold deposits. 

One common type of gold deposit is epithermal gold, which is a type of hydrothermal 

deposit. Epithermal gold deposits form at temperatures below 350°C by the convective circu-

lation of fluids to depths of approximately two kilometres, usually near hot igneous bodies in 

volcanically active regions. In this situation, gold occurs in relatively low concentrations 

(Syed, 2010). 

Gold deposits found near the surface are often spatially associated with recognizable 

geologic features (Rajesh, 2004), including host lithology, alteration minerals and faults or 

fractures.  In many cases, the epithermal vein deposits are accompanied by hydrothermal al-

teration rocks. The deposits come with the alteration assemblages of predominantly clay min-

erals. The extent of alteration is often two or three times greater than the actual economically 

valuable deposit. Epithermal gold deposits are usually hosted from within felsic to intermedi-

ate volcanic rocks (such as rhyolites, rhyodacites, dacites, trachy andesites, and andesites) 

which depend on the geological situation. Volcanic host structures include breccia pipes, 

veins, stockworks, disseminations, replaced zones, faults, joints, and open-space fillings. 
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Some structures such as faults and breccia pipes can be detected by remote sensing images 

(Gupta, 2003).  

Mineral deposits are usually associated with hydrothermal alteration. Certain diagnos-

tic minerals are associated with hydrothermal processes, such as the iron bearing minerals, 

hydroxyl minerals (OH) and hydrated sulphates (Rajesh, 2004). Mapping of these alteration 

minerals can be useful in locating gold deposits. Therefore, the presence of the altered rock 

and minerals in association with broader gold zones is used as an indicator of gold mineraliza-

tion (Rokos et al., 2000).    

 All the mineralization indicators can be combined together to locate the mineralized 

zones by mineral prospectivity mapping. Mineral prospectivity refers to the likelihood that 

mineral deposits of the type sought can be found in a piece of land (Carranza, 2009). Tradi-

tionally, deposit potential modeling would have been done manually. During the past few 

decades, there have been several developments that have allowed for the production of GIS 

based mineral prospectivity maps. 

1.3 ASTER data for mineral exploration 

The Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER) 

sensor is an imaging instrument that was launched in December 1999, and provides medium 

spectral resolution data that enables mineral exploration, particularly for areas with poor 

ground-based information (Di Tommaso and Rubinstein, 2007). ASTER was launched by 

NASA and Japan's Ministry of Economy. The satellite was designed to obtain medium-

resolution global, regional and local images of Earth (Abrams and Hook, 2002).  

ASTER data consists of 15 bands which include a band from a second onboard sensor 

which points backwards to create parallax (band 3B) (see Table 1.1). Parallax is very useful 
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for topographic mapping and creation of digital elevation models (DEM), as well as for map-

ping bidirectional reflectance functions (BRDF) but is not used in the present research. The 

at-sensor radiance values have been scaled to integer digital numbers (DNs), as this ‘scaled 

radiance’ format can be stored and transmitted more compactly. There are three visible and 

near infrared (VNIR) bands which have 15m resolution and an 8-bit unsigned integer data 

type. There are six short wave infrared (SWIR) bands that have 30m resolution and are also 8-

bit data type. There are five thermal bands (TIR) which have 90m resolution (Abrams and 

Hook, 2002).  The TIR bands have 12-bit depth. 

Table 1.1 Performance parameters for the ASTER radiometer (Fujisada, 1995) 

System  Band 

number 

Spectral 

range(µm) 

Spatial 

resolution 

Radiometric 

quantization 

levels 

 

 

VNIR 

1 0.52– 0.60  

 

15m 

 

 

 

8 bits 

 

2 0.63– 0.69 

3N 0.78– 0.86 

3B 0.78– 0.86 

 

 

 

SWIR 

4 1.600– 1.700  

 

 

30m 

 

 

 

 

 

8 bits 
 

 

5 2.145– 2.185 

6 2.185– 2.225 

7 2.235– 2.285 

8 2.295– 2.365 

9 2.360– 2.430 

 

 

TIR 

10 8.125– 8.475  

 

90m 

 

 

 

 

12 bits 
 

 

11 8.475– 8.825 

12 8.925– 9.275 

13 10.25– 10.95 

14 10.95– 11.65 

Note. Band number 3N refers to the nadir pointing view, whereas 3B designates the backward pointing view. 

ASTER data provide good data for understanding the geology and soils of the earth 

surface. Fig 1.2 shows the spectral reflectance of the main geological materials in ASTER 

bands. The VNIR can also identify vegetation and iron oxide minerals in surface soil and map 

carbonates and silicates.  

The six ASTER SWIR bands were designed to distinguish Al-OH, Fe, Mg-OH, Si-OH 

and CO3 absorption features (Abram and Hook, 1995). Therefore, the ASTER SWIR bands 
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are capable of identifying hydrothermal alteration minerals, such as alunite, kaolinite, calcite, 

dolomite, chlorite, talc and muscovite, as well as mineral groups (Bedell, 2001; Hewson et al., 

2001; Rowan and Mars, 2003; Rowan et al., 2005). Figure 1.2a shows some common altera-

tion minerals and their spectra in ASTER bands.  

 

 (a) 

 

  (b) 
Figure 1.2 (A) Laboratory spectra of limonite, muscovite, kaolinite, alunite, epidote, calcite, and chlorite 

resampled to ASTER VNIR and SWIR bandpasses (Clark et al., 1993). (B)  Emissivity spectra of (a) car-

bonate rock, (b) quartzose rock, (c) granite, (d) diorite, (e) gabbro, (f) peridotite, with the convolved data 

to match ASTER bandpasses. (Ninomiya et al., 2005). 

 

The TIR bands, in addition to the VIS and SWIR bands, can be used to produce sever-

al mineralogical indices for detecting mineralogical composition of quartz, carbonate and sili-

cate rocks (Ninomiya et al., 2005; Rockwell and Hofstra, 2008; Aboelkhair et al., 2010). Fig-

ure 1.2b shows spectral emissivity properties of selected typical rocks with varying degrees 

of silica content in ASTER TIR bands. Major carbonate minerals show spectral emissivity 
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minima in ASTER band 14 due to the C-O bending mode, as shown in Figure 1.2b(a).  

Quartz and rocks containing silicate minerals usually do not show any spectral features in the 

VNIR to SWIR spectral region.  But they show prominent spectral features in the TIR region 

due to Si-O-Si stretching vibrations. Quartz shows spectral emissivity minima in ASTER 

bands 10 and 12, and relatively higher emissivity in band 11. For silicate minerals and rocks, 

the broad spectral emissivity minimum shifts to longer wavelengths as the SiO2 content in-

creases. Because the spectral and spatial resolution (90 m) of the ASTER TIR data is low and 

because of the nature of mineral spectral features, only the largest and most thickly bedded 

exposures of quartz and carbonate minerals can be identified using TIR (Ninomiya et al., 

2005).  Table1.2 summarises the ASTER bands and their primary use in lithologic mapping. 

Table 1.2 ASTER band and primary use 

Wavelength Band number Primary use Source of information 

0.52 to 0.86 µm 

VNIR (1-3) 

Band 1 Topographic mapping, 

DEM generation  

band 1 and band 3 for 

Fe-oxides detection 

Hirano et al., 2003 

Rowan et al., 2005 Band 2 

Band3 

1.6 to 2.43 µm  

SWIR (4-9) 

Band4 Soil, lithological map-

ping 

band 5 and band 6 for 

Al-OH detection 

band 7 for Fe-OH de-

tection 

band 8 is for Mg-OH 

detection  

Yamaguchi and Naito, 

2003 Band5 

Band6 

Band7 

Band8 

Band9 

8.125 to11.65 µm  

(10-14) 

Band10 SiO2 content in igne-

ous rocks 

Ninomiya, 1995 

Band11 

Band12 

Band13 

Band14 
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1.4 Research questions   

1.4.1 Study area 

  The study area is located in the southeast Chocolate Mountains minerals area (approx-

imately at 32.9° N, 115.1° W), in the eastern part of Imperial County, California, USA    

(Figure 2.2). The area lies in the north of Yuma, Arizona, the nearest population centre, and 

is bounded by the Colorado River to the east (Morton, 1977). Climate in the area is typical 

arid desert with hot, dry summers and mild winters. Precipitation in the vicinity averages four 

inches (100mm) per year. There are no reported previous remote sensing studies covering the 

whole study area, though some previous works covered part of it (Durning et al., 1998; 

Zhang, 2007). This research will be built on Zhang (2007) and Kulon (2010)’s work. Some 

techniques used by Zhang and Kulon will be evaluated and adapted and extended to this study 

area. In addition, additional image enhancement and classification techniques will be explored 

in mapping the primary lithology and minerals to assist in gold exploration.  

1.4.2 Objectives and research questions 

 The primary objective of this study is to employ remote sensing techniques using the 

ASTER data for purposes of mapping alteration minerals and major lithological units in this 

arid region of South California. The second objective is to combine the mapped rock types, 

alteration minerals and structures to interpret favourable sites for gold exploration.  

 The following research questions arise: 

 How can ASTER data be processed to map the alteration minerals and igneous lithol-

ogies in this arid region in southern California to give similar information to the 1977 
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ground-based geological maps? In particular, what is the process of selection of pro-

cessing that adapts the overall research to this area? 

 Can ASTER data identify areas that correspond to those that would be designated as 

prime exploration sites for gold in this area? 
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 Methods background Chapter 2:

2.1 Image enhancement 

 Some minerals such as kaolinite are common alteration products associated with both 

gold and copper deposits. Thus, mapping these minerals can indicate the possible existence of 

gold. As ASTER data contains visible, shortwave infrared and thermal infrared bands, the 

analysis and combination of these bands can potentially provide the alteration mineral distri-

butions; the theory explained above should allow identification of surface exposures of iron 

oxides, siliceous rocks, carbonates, sericite, illite, alunite, and kaolinite (Sabins, 1999). Com-

mon ways of identifying these are to use spectral band indices developed for each mineral in-

dependently. Indices rely on the contrast of different reflectance values for a single mineral in 

two or more bands. They were originally developed, however, to identify vegetation density. 

2.1.1 Vegetation analysis: calculation of NDVI 

 The normalized difference vegetation index (NDVI) image was produced to measure 

the vegetation density and distribution throughout the image. NDVI image can be used to 

identify vegetated area from rocks or soils. The NDVI image, as a band ratio, can minimize 

the effect of topographic shadow in high-relief areas (Apan, 1997). According to Lillesand 

and Kiefer (2000), the NDVI is defined as: 

NDVI= (NIR– Red)/ (NIR+ Red)                                                                            (2.1) 

 Where NIR is the DN Value of Near-Infrared Radiation, and Red is the DN value of 

the red band radiation. The result is a ratio with possible values between -1 and +1.Values 

above 0 are generally considered vegetated, with higher values indicating denser vegetation. 

Clouds, water and snow (and sometimes shadow) have a higher red reflectance than NIR re-
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flectance which result in a negative NDVI value. Impervious surfaces (like concrete, build-

ings), bare land (like soil and rock), and senesced vegetation have similar reflectance in the 

two bands and  result in NDVI values close to 0, usually between 0 to 0.1 (Holben, 1986; 

Hurcom and Harrison, 1998 ).  

 Even though there are different approaches proposed to subdue the expression of 

vegetation and to enhance the underlying geologic substrate, the retrieval of mineral spectral 

features is still dependent on the degree of exposure of the remotely sensed geologic features 

and on the spectral responses of the vegetation (Galvão et al., 2005).   

2.1.2 Band ratios and relative band-depth image 

 Band ratio, mineral index method, and the Relative Band-depth image (RBD; Crowley 

et al., 1989) are quite similar techniques in that they can use the ratio of absorption feature 

bands to isolate particular mineral information. Band ratioing is a technique where the DN 

value of one band is divided by the DN value of another band. Band ratios are used to dis-

criminate mineral types and vegetation density by exaggerating the reflectance differences 

between the bands involved while suppressing the effects of topography and brightness 

(Abrams et al., 1983). Kalinowski and Oliver (2004) gave a comprehensive overview of min-

eral indices derived from ASTER data (Table 2.1). 
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Table 2.1 ASTER band indices and RDB for mineral features (after Kalinowski and Oliver, 2004) 

Feature  ASTER Band Calcu-

lation  

Comments  Reference  

Iron  

Ferric Iron, Fe3+  2/1   Rowan and Mars, 2003; Hewson 

et al., 2001, 2004a  

Ferrous Iron, Fe2+  5/3 and 1/2   Rowan and Mars, 2003  

Gossan  4/2   Volesky et al., 2003  

Ferrous Silicates (biot, chl, 

amph)  

5/4  Fe oxide Cu-Au 

alteration  

Hewson et al., 2001, 2004a  

Ferric Oxides  4/3  Can be ambiguous  Hewson et al., 2001, 2004a  

Carbonates / Mafic Minerals  

Carbonate / Chlorite / Ep-

idote  

(7+9)/8   Rowan and Mars, 2003  

Dolomite  (6+8)/7   Rowan and Mars, 2003  

Carbonate  13/14  calcite-dolomite Ninomiya, 2002  

Hydroxyl Group (7/6)*(4/6)  Ninomiya, 2003a 

Kaolinite (4/5)*(8/6)  Ninomiya, 2003a 

Alunite (7/5)*(7/8)  Ninomiya, 2003a 

Calcite (6/8)*(9/8)  Ninomiya, 2003a 

Silicates  

Sericite / Muscovite / Illite 

/ Smectite  

(5+7)/6  Phyllic alteration  Rowan and Mars, 2003; Hewson 

et al., 2001, 2004a  

Alunite / Kaolinite / Pyro-

phyllite  

(4+6)/5   Rowan and Mars, 2003  

Muscovite  7/6   Hewson et al., 2001, 2004a  

Kaolinite  7/5  Approximate only  Hewson et al., 2001, 2004a  

Clay  (5x7)/(6 x 6)   Bierwith, 2002  

Alteration  4/5   Volesky et al., 2003  

Silica (SiO2) 

Quartz Rich Rocks  14/12   Rowan and Mars, 2003  

Quartz (11/10)*(11/12)  Ninomiya, 2003a 

Quartz [11/(10 + 12)] 

*(11/12) 
 Rockwell and Hofstra, 2008 

Silica  (11x11)/10/12   Bierwith, 2002  

Silica 13/12,  12/13  Ninomiya, 2002  

Silica  11/10, 11/12, 13/10  Hewson et al., 2001, 2004a  

 

Ninomiya (2003a) applied defined mineral indices for hydroxyl minerals Index (OHI), 

Kaolinite Index (KLI), Alunite Index (ALI) and Calcite Index (CLI) in areas with a good suc-

cess, including the Cuprite district in Nevada, USA; the Yarlung Zangbo ophiolite zone, Ti-

bet, China; the Beishan mountains area, China; North-western Gansu province, China and an 

ophiolite zone in Oman (Ninomiya, 2002, 2003c, 2004). These indices also have also been 

used in the Chocolate mountains area (Zhang, 2007).  
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   Using the Relative Band-depth image (RBD) method is another way to distinguish dif-

ferent minerals. For each absorption feature, the numerator in an RBD is the sum of the bands 

representing shoulders and the denominator is the band located nearest to the absorption fea-

ture minimum. RBD images are useful for displaying the intensities of Al-OH, Fe, Mg-OH, 

and CO3 absorption. Figure1.2a shows that ASTER bands are located appropriately to con-

duct this kind of analysis.   

2.1.3 False colour composite 

Mapping of alteration minerals provides good information about lithology, because 

rocks are aggregates of minerals.  False colour composites (FCC) are used to enhance geolog-

ic features for visual analysis (Gad and Kusky, 2007; Massironi et al., 2008; Qari et al., 2008).  

In a false colour composite method, up to three bands or ratio images need to be selected 

based on known mineral absorption features. Visual analysis provides guidance for choosing 

appropriate band combinations for more complex algorithmic procedures, and gives some 

preliminary idea about the potential success in mapping the chosen lithologies. They also pro-

vide a good medium for communicating results in printed format or when interacting with ge-

ologists who do not have extensive remote sensing backgrounds. 

Table 2.2 lists the commonly used ratio and band combinations from ASTER data and 

the rock types for which they are most useful. All band numbers below refer to ASTER.  

Massironi et al. (2008) used ASTER band combination 7-3-1 in RGB in geological interpreta-

tion, the major geological boundaries and the main intrusives are visible and well defined.  

They further used RGB combinations of 4/6-2/1-4/3 and 4/8-2/1-4/3, which are sensitive to Fe 

and OH absorption, to detect many more mineral features. The 4/8 ratio is important for high-

lighting the Mg-OH bond stretching of biotite, chlorite, epidote, and amphiboles that can be 
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present inside in variable percentages in volcanic and plutonic rocks. The 4/6 ratio was select-

ed for detecting the Al-OH absorption of kaolinite and other clay minerals, which are altera-

tion products of K-feldspar, and of sericite. The 2/1 and 4/3 ratios were selected for the ab-

sorption bands due to Fe charge transfer and crystal field effects, respectively. 

 Boloki and Poormirzaee (2009) used a visualization with three band ratios, RGB = 

2/1-4/9-3/2, to highlight hydrothermal alteration in a volcanic area north-west of Iran. Band 

ratio RGB image of 4/7-4/6-4/10 has low levels of information redundancy (high optimum 

index factor, OIF), and indicates spectral features within these bands (Gad and Kusky, 2007). 

 

Table 2.2 Common ratio and band combinations from ASTER data (Kalinowski and Oliver, 2004) 

Feature Enhanced Assigned to Red Assigned to Green Assigned to Blue Reference 

Vegetation and Visible 
Bands* 

3, 3/2, or NDVI 2 1  

AlOH Minerals/Advanced 
Argillic Alteration** 

5/6 (Phengite) 7/6 (muscovite) 7/5 (kaolinite) Hewson et al., 
2001, 2004 

Clay, Amphibole, Laterite (5x7)/62 (clay) 6/8 (amphibole) 4/5 (laterite) Bierwith, 2002 

Gossan, Alteration, Host 
Rock 

4/2 (gossan) 4/5 (alteration) 5/6 (host) Volesky et al., 

2003 

Gossan, Alteration, Host 
Rock 

6 (gossan) 2 (alteration) 1 (host)  

Quartz (Decorrelation 
Stretch) 

13 12 10 Bierwith, 2002 

Silica, Carbonate, Basic 
Degree Index (Carb) 

(11x11)/10/12 
(silica) 

13/14 (carbonates) 12/13 (basic)  Bierwith, 2002 

Silica, Carbonate (11x11)/(10x12) 13/14 12/13 Ninomiya, 2002 

Silica 11/10 11/12 13/10 Hewson et al., 

2001, 2004 Discrimination for 
Mapping 

4/1 3/1 12/14   

Discrimination in 
Sulphide Rich Areas 

12 5 3  

Silica, Fe
2+

 14/12 (1/2)+ (5/3) MNF Band 1 Rowan and Mars, 

2003 Enhanced Structural 
features 

7 4 2 Rowan and Mars, 

2003 

*Equivalent to Landsat RGB 4-3-2 (Colour Infrared)     **Alunite/Pyrophyllite, Mica, Kaolinite/Dickite 

2.1.4 Principal Component Analysis (PCA) 

Principal Component Analysis (PCA) is a multivariate statistical technique that selects 

uncorrelated linear combinations (components or eigenchannels) of variables in such a way 
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that each successive component has a smaller variance and is uncorrelated to the other com-

ponents. Since each component contains correlated information from all input bands, it often 

occurs that a single component will show either bright or dark pixels that highlight the spatial 

distribution of a specific ground cover such as a lithology. Because PCA is calculated based 

on the band covariance (or correlation) matrix for the actual data input, the information in 

each PC is scene dependent.  In many cases, the first component is dominated by illumination 

effects caused by the sun angle and overall albedo of ground objects, which can sometimes be 

excluded from later processing. The most important thing is to identify the information con-

tent of each component. 

 It is generally accepted that the first three high order principal components (PC1, PC2 

and PC3) of input spectral bands often provide over 99% of the spectral information, while 

lower order components usually contain low signal-to-noise ratios (Amer et al., 2010). Higher 

order principal components provide subtle information about minerals and rock types that are 

spatially dominant in the image and lower order components can take up some spectral infor-

mation not dominant in the image. 

PCA is a widely used technique for alteration mapping. PCA can be used with multi 

spectral data to extract mineral information (Crόsta and Moore, 1989; Loughlin, 1991). Crosta 

et al. (2003) employed PCA over ASTER VNIR and SWIR bands to target key alteration 

minerals associated with epithermal gold deposits in Los Menucos, Patagonia, Argentina. 

Other researchers also used PCA with ASTER data to map mineralogical alteration in arid or 

semi-arid regions (Zhang et al., 2007; Moore et al., 2008).   
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2.1.5 The Minimum Noise Fraction (MNF) 

The Minimum Noise Fraction (MNF) transform is used to determine the inherent di-

mensionality of image data. It segregates the noise from the data and reduces the computa-

tional requirements for the subsequent processing (Green et al., 1988).  

Previous work has documented various ways for data reduction and noise correction.  

Noise in this definition means data that has no identifiable spectral signature and is irrelevant 

for most conceivable applications. Green et al. (1988) developed the concept of the MNF 

transformation, based on signal to noise ratio, and demonstrated noise filtering via complex 

matrix inversion.  Lee et al. (1990) more clearly defined the MNF transform as a two-phase 

PCA transform and documented the applicability of this technique to noise reduction in high 

spectral resolution data. The first step is also called noise-whitening, which calculates the 

principal components for the noise covariance matrix. By doing so, the noise is decorrelated 

and rescaled. In the following second step, principal components are derived from the noise 

whitened data which consists of two parts: one part has large eigenvalues and the other part 

has near unity eigenvalue and noise dominated images. Usually, components with eigenvalues 

less than 1 are excluded from the data as noise in order to improve the subsequent spectral 

processing (Jensen, 2005). The spectral results can thus be improved by using data with large 

eigenvalues separated from the noise (Green et al., 1988).   

 MNF can identify the locations of spectral signature anomalies, which is often indica-

tive of alterations due to hydrothermal mineralization. Thus, this technique has been used both 

in image enhancement and as a pre-processing tool in mineral mapping (Rowan and Mars, 

2003; Qiu et al., 2006; Qari et al., 2008).  Pour and Hashim (2011) applied the MNF tech-

nique to ASTER VNIR, SWIR, and TIR bands in separate steps. The resulting eigenimages 
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(eigenchannels) with less noise can be then selected to make an RGB composite image for 

detecting alteration minerals and for general lithological discrimination. They may also be 

used for input into various algorithms. 

2.2 Classification 

Image classification is a common procedure, whereby pixels of unknown class mem-

bership are assigned to a specific class, according to their spectral properties. The purpose of 

digital image classification is to produce thematic maps where each pixel is assigned to a par-

ticular class (Gupta, 2003).  

2.2.1 Pixel-based classification 

 Several statistical classification algorithms (decision rules) have been developed, to 

adapt to different data and problems. Some commonly used multispectral image classification 

rules include maximum likelihood classification, spectral angle mapper (SAM). 

2.2.1.1 Maximum likelihood classifier (MLC) 

 MLC classifier rests on spectral distance concept -pixels that are close together in 

feature space will be classified together based on statistical distribution pattern.  The MLC has 

been accepted as an effective method for geological mapping (Gomez, 2005; Massironi, 

2008).  

 Zhang et al. (2007) applied the maximum likelihood classification (Sabins, 1999) 

using 14 ASTER bands to do lithologic classification. Subtypes of one rock type was used in 

order to improve the classification results due to the spectral variations, and the overall 

classification accuracy was 82% for significant rock units for gold exploration in a southern 

California study area. 
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 MLC assumes a multivariate normal distribution for the individual class signatures. In 

reality, multispectral satellite images data might not have normal distribution or well-defined 

variances in each band due to atmospheric and topographic effect, the classification results 

might not be reliable in that case.  

 Furthermore, the classifier is based on one pixel one allocation. In some cases pixels 

may include two or more classes: the “average” spectral values would fit neither signature 

resulting in a low probability being assigned to either class. This is the “mixed pixel prob-

lem”. These problems limit the application under these circumstances. 

2.2.1.2 Spectral angle mapper (SAM)  

Spectral angle mapper (SAM) is a procedure that determines the similarity between a 

pixel and reference spectra based on the calculation of the “angular distance” between them. 

Image pixels that have similar shape patterns will be classified together into the same class 

(Yuhas et al., 1992; Kruse et al., 1993). Both the pixel and reference spectra are considered as 

vectors in the feature space, with the dimensionality equal to the number of bands. The “angu-

lar distance” between a reference spectrum vector (r) and the unknown pixel measurement 

vector (t) is computed using equation 2.2: 

     - (
∑        

   

 ∑   
  

    
 
  ∑   

  
    

 
 

)                                                                                   (2.2) 

Where r is the reference spectrum, t is the spectrum vector, and α is the spectral angle. 

The pixels with a small spectral angle indicate a close resemblance to the reference spectrum. 

For image derived training data, the reference spectrum is taken as the mean spectrum of 

training class. A pair of spectra and the corresponding spectral angle, calculated by SAM al-

gorithm are shown in Figure 2.1. 
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Figure 2.1 Schematic diagram of the spectral angle between image pixel spectra and the spectra of a refer-

ence in the library. The smaller the spectra angle, the more likely the image pixel belongs to the reference 

class (adapted from: Hirano et al., 2003). 

 

 To convert the image cube into a classification map, each pixel is assigned to the ref-

erence class that has the closest match. When used on calibrated reflectance data, this tech-

nique is relatively insensitive to illumination and albedo effects, since low irradiance will 

simply “move” a pixel along the vector towards the origin, not affecting the angle. The result 

are outputs both as a classification image showing best match at each pixel and as a “rule im-

age” for each class showing actual spectral angle between each pixel spectrum and the refer-

ence spectrum. The rule images can be used for subsequent classification using different 

thresholds to decide which pixels are included in which class on the SAM classification image 

(ITT, 2010). The SAM technique has been used on hyperspectral and multispectral data for 

lithological and alteration mapping (Rowan and Mars, 2003; Qiu et al., 2006; Tangestani et 

al., 2008).   

2.2.2 Sub-pixel classification 

Natural surfaces are usually composed of mixtures of intimately mixed primary mate-

rials, alteration products and/or vegetation. A pixel of an image is often a mixture of the ener-

gy reflected or emitted from different materials that cannot be identified by simple classifica-
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tion algorithms (Hosseinjani and Tangestani, 2011). In this case, a sub-pixel classification 

technique may be implemented, which can calculate the abundance of target materials within 

each pixel. In the algorithm used to unmix pixels, each pixel is recorded as a % of each of its 

possible constituent materials. There is one output channel for each constituent material and 

sometimes an additional channel showing pixels whose identified constituents do not sum to 

100%.  

Spectral unmixing is based on the assumption that each pixel is composed of a mixture 

of pure spectral objects, where the proportion is the area percent of the pixel footprint that 

each pure spectral object covers. It is sometimes possible to “unmix” a single pixel’s spectrum 

into its component parts, and to estimate the relative area occupied by each ground material in 

a single pixel.  The mixed pixel spectrum is compared with the spectra of known pure materi-

als which are often referred to as endmembers. There are primarily three ways to get the 

endmembers: image-derived “pure pixels”, spectroradiometric measures taken in situ, and 

spectra from laboratory spectral libraries such as US Geological Survey (USGS).  Using in 

situ measurements and laboratory-based endmembers often requires the removal of atmos-

pheric and topographic attenuation from the satellite image, and conversion of the DN to re-

flectance values. Because most pixels contain more than one ground cover, the extraction of 

image derived endmembers will go through different steps such as pixel purity index calcula-

tion and n-dimensional visualization to extract the purest possible pixels from the images (Qiu 

et al., 2006). In some cases, the endmembers derived are a mixture of several different feature 

types and not “pure” in an everyday sense: “pure” granite may be a mixture of pure quartz and 

pure feldspar, for example.  In this case, it might not be able to find the percentage of each 
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pure feature by unmixing. This usually occurs when selecting end-members from the image 

rather than from laboratory spectra.  

One of the common unmixing methods is linear combination model (LSU, linear spec-

tral unmixing), which assumes that the relative contribution of each endmember is linear, alt-

hough in reality, some non-linear relations exist. It is found that if the mixing scale is large in 

relation to pixel size, the mixing occurs in a linear fashion.  For microscopic or intimate mix-

tures, the mixing is usually nonlinear (Singer, 1981). If a single incident photon encounters 

one material, linear mixing models can describe the spectral reflectance characteristics (Sing-

er and McCord, 1979; Adams and Smith, 1986). Spectral unmixing methods have been wide-

ly used to map lithologic units in different areas (Boardman et al., 1995; Van Der Meer, 1995; 

Qiu et al., 2006; Gabr et al., 2010). 

2.2.2.1 Matched filtering 

 

Matched Filtering (MF) algorithms have been used to obtain spectrally unmixed 

endmembers related to alteration mineral assemblages (Hewson et al., 2001; Rowan and 

Mars, 2003; Pour et al., 2011). Unlike complete unmixing models, such as linear spectral un-

mixing (LSU), MF performs a partial unmixing of spectra to estimate the abundance of user-

defined endmembers from reference spectra. In remote sensing, matched filtering can be de-

scribed as filtering the input data for good matches to the target spectrum while suppressing 

the remaining background spectra. Matched filtering calculates a value of infeasibility- a 

measure of goodness of match for each MF classified pixel (Boardman et al., 1995; Research 

Systems Inc, 2003). However, MF can produce false positive results, when a spectrum having 

a huge difference from the background may produce a high matched score. An improvement 

of this is the mixture tuned matched filtering (MTMF). 
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MTMF is a hybrid method which combines the advantages of matched filter (MF) 

method and mixing theory (Boardman, 1998). MTMF does not require knowledge of all the 

endmembers in the scene. In other words, some endmembers might exist in the pixels that are 

not identified. MTMF maximizes the response of the endmember of interest and suppresses 

the response of the composite unknown. The MTMF consists of two phases: a MF calculation 

for abundance estimation and a mixture tuning calculation for identifying or rejecting the false 

positives (Mundt et al., 2007).  The results of MTMF may be presented as two sets of gray-

scale images for each endmember including the MF image score and the infeasibility image. 

The MF image provides a means of estimating relative degree of match to the reference spec-

trum with values from 0 to 1.0. The infeasibility image is used to reduce the number of false 

positives. Pixels with a high infeasibility are likely to be MF false positives. Correctly 

mapped pixels will have MF scores above the background distribution around zero and a low 

infeasibility value (Hosseinjani and Tangestani, 2011).  

Kratt et al. (2010) identified potential high purity mineral areas by adjusting the MTMF 

thresholds, so that the final mineral maps represented only those pixels with the best spectral 

matches to the target spectra. Hosseinjani and Tangestani (2011) used linear spectral unmixing 

(LSU) and mixture tuned matched filtering (MTMF) algorithms in the Sarduiyeh area in Iran for 

mineral resources exploration. Three groups of alteration minerals were identified: (1) py-

rophylite-alunite (2) sericite-kaolinite, and (3) chlorite-calcite-epidote. Both algorithms pro-

duced a high overall accuracy (82.9% and 90.24%, respectively). The results shows that both 

algorithms are suitable for sub-pixel mapping of alteration minerals, and MTMF is more suit-

able than LSU for identification of particular targets. 
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2.3 Topographic visualization 

 Remote sensing technologies have been widely used to map landforms through their 

direct representation of surface elevation; these include the topographic map and digital eleva-

tion models (DEMs) (Smith and Clark, 2005). In recent decades, printed topographic maps 

either have been replaced by independently-generated DEMs or are used to generate a DEM.   

2.3.1 DEM 

 DEM has been widely used in many research fields, including geology, hydrology and 

geomorphology studies. The interaction of geological processes with materials can create dis-

tinctive surface forms at various scales. The visualization of surfaces in DEMs is a powerful 

tool to aid the understanding and interpretation of the geological process in these environ-

ments. Thus, DEMs have been used to observe and map landforms and structural boundaries, 

and to understand spatial relationships of structures (Ganas et al., 2005; Picotti et al., 2009).  

 Recent studies have demonstrated strong links between topography and crustal defor-

mation by faulting, and elevation data are a key element in modeling fault growth and fault 

segmentation (Ganas et al., 2005). In mountain areas, high angle normal faults are easily rec-

ognized by their sharp relief caused by uplift of the footwall, indicating exposed escarpments. 

Normal faults may however be made less distinct because of sediments or erosion (Picotti et 

al., 2009). 

 Several techniques have been applied to DEMs to make a three-dimensional (3D) vis-

ualization, which include contouring, colour-shading and relief-shading (also called hillshad-

ing) (Kraak and Ormeling, 2003). Among all the techniques, relief shading is popular because 

it highlights subtle variations in the surface and allows for realistic depiction and interpreta-
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tion. DEMs, shaded relief images and terrain derivative maps (slope, aspect and curvatures) 

have been very useful in lineament and fault extraction (Ganas et al., 2005).  

2.3.2 Shaded relief lineament visualization 

 The shaded relief method uses a virtual light source to illuminate the landscapes with a 

user-specified azimuth and elevation, and create shadows that make the lineaments stand out 

visually (Smith and Clark, 2005). The visibility of any lineament that is expressed by topo-

graphic relief is enhanced by the shadows it casts. The direction of that shadow, and its size, 

depends on the solar azimuth and elevation angles at the time of image acquisition as well as 

on the direction and height of the lineament itself.  

 There are two types of sensors: passive and active. Passive systems are much more 

common than active systems. Active remote sensors, such as laser (LIDAR) or radar, illumi-

nate the object in study with their own artificially produced radiation and record the reflected 

component. Passive remote sensors detect only electromagnetic radiation emanating from the 

surface of the earth (emitted or reflected); therefore, for most objects, these satellite images 

recording reflectance are quite dependent on natural east-west solar illumination paths that 

can only highlight approximately north-south oriented linear features. This occurs because of 

the mid-morning image acquisition time of most images. A shaded relief map has the ad-

vantage of “illuminating” topography from any angle. Some lineaments are more visible 

through a small change of azimuth of the light source than from other angles (Smith and 

Clark, 2005). Light illumination can highlight linear features that are perpendicular to it, and 

supress lineaments that are illuminated along the structural trend.  

 Relief-shading is shown to be a valuable tool for the visualization and mapping of 

landforms.  In particular, multiple illumination azimuths are an effective way of enhancement 
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and to prevent azimuth-biasing effects. Onorati et al. (1992) compared lineaments on geologi-

cal maps to two relief-shaded images from two directions, indicating that multiple illumina-

tion azimuths improved the identification of lineaments. Mark (1992) presented a method for 

combining shaded-relief images illuminated from four basic directions: north, north-west, 

west and south-west through the weighted combination. The resulting multi-directional hill-

shading image emphasises not only the structures that receive illumination obliquely, but also 

those that are illuminated along the structural grain.  In single lighted hill-shaded images, the 

total number of relief formations is often insufficiently represented, due to many different 

main massif directions in mountainous terrains; another common problem is the existence of 

dark shading tones, which make difficult to detect the slight relief changes. In order to over-

come these deficiencies, Loisios et al. (2007) integrated four shaded relief images of different 

direction into one single final image using weights, calculated on a cell by cell basis. The re-

sulting images proved to be a satisfactory and functional solution for the lineament represen-

tation. Saadi et al. (2009) studied the geological structure of the Jifara Plain in northwest Lib-

ya, where the dominant trend of glacial lineaments in the image was toward the east-northeast 

(ENE) and north-northeast (NNE). Four shaded relief images with four azimuth angles (NE-

NNE, NW-NNW, NW-WWN, and N) were created. All lineaments observed within the four 

shaded maps were manually mapped through on-screen digitizing. The resulting four linea-

ment maps were combined into one map for further interpretation and analysis.  Abdullah et 

al. (2010) created two shaded relief images with multi-directional light, the first image with 

the four azimuth angles of the light sources that are 0°, 45°, 90° and 135°, and the second im-

age with the four azimuth angles of the light sources that are 180°, 225°, 270°, and 315°. Both 

images were used for automatic lineament extraction using PCI Geomatica software. The re-
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sults verify the similarity in the directional behaviour of the lineaments, the fault lines and the 

structures measured in the field. 

2.3.3 Lineament mapping 

 Lineaments are potential indicators of possible faulting or existence of other tectonic 

features. There are several definitions for linear features. O’Leary et al. (1976, p.1463-1469) 

defined a “lineament” as a “mappable, simple or composite linear feature of a surface, whose 

parts are aligned in a rectilinear or slightly curvilinear relationship and which differs distinctly 

from the pattern of the adjacent features and presumably reflects sub-surface phenomena”.  

The study of lineaments has been successfully used in the area of structural geology studies 

and mineral exploration (Woodall, 1994; Mostafa and Zakir, 1996; Arlegui and Soriano, 

1998; Suzen and Toprak, 1998). Lineament maps created by conventional field mapping 

techniques cannot identify all the lineaments over a large area. Multi-spectral remote sensing 

combined with the progressive development of image enhancement techniques may provide 

more reliable and comprehensive lineament maps compared to the conventional ground map-

ping.  

 There are two main methods for the extraction of lineaments from satellite images: 

manual and automated. In manual extraction processes, interpreters extract lineaments from 

satellite imagery or from aerial photographs based on their knowledge and experience to con-

nect lines that are collinear or broken into segments (Arlegui and Soriano, 1998 and Suzen 

and Toprak, 1998). There are several image enhancement techniques that can contribute to the 

process.  Some commonly used techniques include high-pass filtering operations, histogram 

enhancement, PCA, spectral ratioing and colour composites.  The filtering techniques can 

sharpen the boundary that exists between adjacent units.  Filtering techniques are the primary 
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and most cost effective means to generate lineament maps for geological purposes (Crósta and 

Moore, 1989; Suzen and Toprak, 1998).   Histogram equalization and stretching is often used 

on a single band to enhance the contrast (Suzen and Toprak, 1998).  

 Lineament maps can also be automatically extracted using complex statistical pro-

grams and algorithms such as the Hough Transform or Fourier series (Karnieli et al., 1996). 

These are not highly efficient and still may require manual interpretation in the context of lo-

cal geological knowledge, because not all visual edges are significant for interpreting the un-

derlying geology.  

     There are many techniques for the evaluation and automatic detection of the linea-

ments from the satellite images, most of which are based on edge filtering techniques. A more 

complex problem is automating the “joining” of edge pixels to form recognizable connected 

lines. The most widely used software for automatic lineament extraction is the LINE module 

in PCI Geomatica (Hung et al., 2005). The lineament features detected by the automatic ex-

traction do not always correspond to geological structures. Like unsupervised classification, 

automatic lineament extraction recognises patterns exist on the image, but is not much use 

until manually examined and assigned a certain feature name. Automated extraction may be 

combined with simple modeling to improve correspondence between extracted lines and geo-

logical features, relying on local knowledge of parameters such as preferred orientation and 

minimum length of lineaments (Mallast et al., 2011). 

 Manual lineament mapping depends on the interpretation by different users, which 

may introduce several problems. Automatic extraction can minimize the dependence on the 

interpreters and also makes the process more reproducible (Karnieli et al., 1996). However, 

the automatic extraction methods do not take into account the origin of the lineaments, thus 
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the output of the maps maybe biased or contain lineament features caused by other sources 

besides geological structures, such as power lines and railways (Leech et al., 2003). Therefore 

some manual intervention added to automated extraction is likely to produce the most accu-

rate result.  

2.4 Mineral prospectivity mapping 

 

 Mineral prospectivity modeling is used to delineate areas that are likely to host miner-

alized zones, which often requires the process of creating maps of recognition criteria (“pre-

dictor maps”), weighting and combining these maps to produce the final prospectivity map. 

The methods used in prospectivity modeling can be classified into two categories: knowledge-

driven approach, such as fuzzy logic and weighted overlay, and data driven approaches such 

as weights of evidence and neural networks. Knowledge driven techniques are more subjec-

tive, and rely on the expert’s input to provide relative weightings of different classes; data 

driven techniques offer a more objective approach and rely on mathematical relationships be-

tween known deposits and geologic features (Agterberg and Bonham-Carter, 2005). 

2.4.1 Weighted overlay  

 "Weighted Overlay Model" is developed using GIS techniques depending on a number 

of thematic layers (Omran, 2008).  In this model, geologists assign each evidence map a 

weight according to the importance in the overall modeling procedure.  The weighted index 

overlay model enables us to combine different maps to give a single meaningful output. In the 

present research the multi-criteria method is used and the model is defined as (Eastman, 

2001):  

   ∑                                                                                                          (2.3) 
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Where S is the cell value,    is the weight of i th factor map, and    is the criteria score 

of class of factor i. 

This techniques has been applied in the study of groundwater prospect mapping   

(Dinesh et al., 2007; Chowdhury et al., 2009; Kadam and Sankhua, 2012), and in gold pro-

spect mapping (Harris et al., 2001).   

2.4.2 Weights of evidence 

 Weights of Evidence (W of E) are a data-driven method. It is a widely used linear 

model in mineral prospectivity mapping. This method uses Bayesian statistics to calculate the 

relationship between known mineral deposits and predictor variables (evidence themes), and 

assign the layers weights. The spatial association is expressed in terms of weights of evidence 

for each evidential layer, which are combined with the evidential layer as input to derive pos-

terior probability of occurrence of targeted mineral deposits.  By assuming conditional inde-

pendence, the model ignores the effects of possible correlations among input layers which 

lead to bias in prospectivity maps. Weights of evidence method have been applied to mineral 

potential mapping by different researchers (Emmanuel et al., 2000; Brown et al., 2003; Ford 

and Hart, 2012).    

Weights of evidence can be performed by using software packages, such as the Spatial 

Data Modeller extension (Arc-SDM) developed for ESRI’s GIS software (Kemp et al 2001).   

In the GIS extension, W of E analysis was used to analyze the spatial associations among the 

training sites and evidence layers, and to reclassify the layers for optimal prediction. 

The spatial correlation of a theme (class) in the model can be calculated by using the 

relationship of the area of the theme and the number of training data points that fall onto it, 

which produce a pair of weights, W
+
 and W

-
. W

+
 value is based on training points falling on 
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the theme and W
-
 value is based on training points falling where the theme is absent.  The sci-

entific basis for that is if more points occur within a pattern than would be expected by 

chance, then W
+
 is positive and W

−
 is negative. Conversely, W

+
 is negative and W

−
 is positive 

for the situation where fewer points occur within a pattern than would be expected by chance 

(Bonham-Carter et al., 1989). 

 The Contrast value (C) is calculated by C=W
+
- W

-
. A larger C value indicates a 

stronger association between prospects and the evidence map. C is positive for a positive spa-

tial association, and negative for a negative spatial association.  A value of 0 indicates no rela-

tionship.  Studentized C is calculated (estimated as  √             ⁄   ) as a measure of 

statistical significance (confidence) of the contrast value. This confidence value corresponds 

to a normal z-score; for example, a value of 1.96 corresponds to 95% confidence. 

2.4.3 Logistic regression  

 Logistic regression makes no assumption about the distribution of independent varia-

bles, normally distributed or linearly related. As logistic regression is a nonlinear model, it 

does not require conditional independence of input predictor maps (Agterberg et al., 1993).  In 

logistic regression, independent variables can be any form: dichotomous, nominal, interval or 

ratio variables. Furthermore, the regression coefficients can be interpreted as measures of 

relative importance of various input predictor maps.  The probability estimates is within the 

unit interval of zero and one (Carranza and Hale, 2001).  Logistic regression is very appropri-

ate for studying relationships involving a dichotomous dependent variable, which can be rep-

resented only by a value of one or zero (i.e. present or absent) and the independent variable 

can take any form (Rock, 1988). Logistic regression is often used in mineral potential map-
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ping, where the target mineral deposit is presented as  present or absent and the probability ( 

with a value between 0 to 1) of its occurrence is related to different types of geological fea-

tures. Logistic regression is used to mathematically combine the evidence map patterns (Ag-

terberg et al., 1993) to predict the prospects.  

 In this study, weights of evidence and logistic regression are taken as the same model-

ling method. “Weights of evidence” is so-called based on the name of the toolset that is used 

to do the modelling in ArcGIS extension. Logistic regression is so-called because it is one 

important step in the same modelling process. 
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2.5 Regional geologic setting  

 
Figure 2.2 Location of the study area: south Chocolate Mountains 

 

The study area is located in the east of Imperial County, California. Chocolate Moun-

tains are characterized by sharp relief and general northwest alignment (Figure 2.2). Part of 

the Chocolate Mountains today is federally owned and closed to the public. The area has been 

used for decades as a military bombing range. Consequently, there are no public roads, and 

access to the interior is denied. This makes the use of remote sensing particularly attractive.  

Gold deposits are scattered throughout Imperial County in the desert mountain ranges. 

The whole eastern part of Imperial County has been mined for lode and placer gold, silver, 

lead and other minerals since 1857 (Morton, 1977; Liebler, 1987). The bulk of gold produc-

tion comes from the eastern part of the county, particularly the Cargo Muchacho, Picacho, and 
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Tumco districts. Smaller producing districts are the Chocolate Mountains and the Paymaster 

districts. Many small gold strikes were developed along the southwestern valley margin of the 

Chocolate Mountains ranges, and none of them is very large.  

Figure 2.3 shows the geologic map downloaded from the USGS website. The geolog-

ical description below uses non-SI units to follow the usage of the source publications.  

 
Figure 2.3 Geologic map with gold mines from the study area (modified from Jennings, 1977). 

  

There are many different types of rocks in the study area, which can basically be cate-

gorized into three different groups: 

Metamorphic Rocks 

The oldest rock unit exposed in the district is the Precambrian Chuckwalla Complex 

(gneiss) which is composed of quartz biotite gneiss and various foliated hybrid granitic rocks 

and granophyres, of these rocks, gneiss is the most common (Morton, 1977). The average 

Mesquite Mine 
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gneiss is composed of quartz (silicon dioxide, SiO2), albite (NaAlSi3O) other soda-lime feld-

spars, and biotite (K(Mg,Fe)3AlSi3O10(F,OH)2)  with minor magnetite and chlorite.  An over-

lying unit on the oldest rock in this area is pre-Tertiary Orocopia Schist (mica schist), which 

crops out in a several-square-mile area bordering the Colorado River from Picacho to Fergu-

son Lake.  The unit is composed mostly of sericite-albite schist, quartz sericite schist, biotite 

schist, phyllite, and quartzite. Limited Mesozoic metavolcanic and metasedimentary rocks 

(schist) cover the southeastern part of the study area. Schist of this unit in Imperial County is 

composed of metasandstone, metaconglomerate, phyllite, meta-andesite, other metavolcanic 

rocks, and minor limestone; phyllite is the most common of these.  

Igneous Rocks 

Much of the southern portion of the Chocolate Mountains is overlain by Tertiary vol-

canic rocks (Basalt) that crop out in a wide west-northwest-trending belt extending from the 

Colorado River between Ferguson and Senator Washes to the western limit of the district be-

yond Picacho Peak. The volcanic rocks are of widely variable composition and types, the old-

est of these are andesitic in composition and may be found with associated intrusives that are 

presumed to represent crystallized source magma chambers. The vesicular basalt flows (Tv
b
) 

cap most of the areas in the Black Mountains. This type of basalt flows (Tv
b
) are composed of 

fine-grained vesicular basalt and minor interceded conglomerate non-marine clastic rocks. 

Basalt is usually grey to black in colour, but rapidly weathers to brown or rust-red due to oxi-

dation of its mafic (iron-rich) minerals into rust. Relative to most common igneous rocks, 

basalt compositions are rich in MgO, FeO and CaO and low in SiO2 and the alkali oxides. 
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Sedimentary Rocks 

Most igneous rocks have bare outcrops, except there are sand beds from a few inches 

to a few feet thick overlaying the conglomerate (Tc) in the eastern part of the study area. Plu-

tonic rocks in the Chocolate Mountains are predominantly granite and quartz monzonite. The 

major rock units in the study area are listed in Table 2.3.  

Table 2.3 Related lithologies for gold search in the study area (Morton, 1977) 

Rock  name  

Age  

 

Compositions From county 

report (1977) 

From geologic 

map (2010) 

Tc: Tertiary 

Clastic rocks 

Conglomerate Tertiary Nonmarine sandstone, shale, 

conglomerate  

Tv
b
: Tertiary 

Basalt flows 

Basalt Tertiary Fine-grained basalt and  minor 

interbedded conglomerate 

Tv: Tertiary 

Volcanic rocks 

Basalt Tertiary Various volcanic rocks, contain-

ing intrusive (Tvi), pyroclastic 

(Tvp), andesitic (Tva) volcanics. 
Mmc:  McCoy 

Mountain For-

mation 

Schist Mesozoic  Metavolcanic and metasedimen-

tary rocks 

 

gr: Granitic 

rocks 

Granodiorite, 

 plutonic rock 

pre-Tertiary Biotite granite, leucogranite, 

quartz diorite, quartz monzonite 

mso: Orocopia 

Schist 

Mica schist pre-Tertiary Sericite albite schist, quartz se-

ricite schist, biotite schist, phyl-

lite 

mc: Chuckwalla 

Complex 

Gneiss Precambrian Quartz diorite gneiss (mc), foli-

ated hybrid granitic rocks, and  

granophyres 
 

Table 2.4 shows the major rock types and their area calculated from the geologic map 

in the study area. From this table, it can be seen that the major rock units in the study area are 

basalt, conglomerate, gneiss, and mica schist.  Schist, granodiorite and plutonic rocks occupy 

very small parts of the study area. 
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Table 2.4 Rock areas in the study area, a percentage is calculated by diving the total rock area 

Rock type Total area on geologic map (m
2
) Percentage 

Basalt 252,349,913 33.73% 

Gneiss  121,460,135 16.24% 

Conglomerate 230,121,794 30.76% 

Mica schist  100,229,682 13.40% 

Schist   11,831,052 1.58% 

Granodiorite  20,141,485 2.69% 

Plutonic rock  11,913,841 1.59% 

Total rock area 748,047,902 100% 

 

The Mesquite orebody is bounded by steeply dipping normal faults striking N40° W 

and is concentrated within these fault structures (Willis, 1987). Most of the veins are deposits 

along distinct fault planes, with mineralization occurring along minor fractures and planes of 

schist in gneiss. The lode gold deposits of the district are pre-Tertiary in age. Gneiss appears 

to be the more favourable gold host of the older rocks as indicated by larger number of depos-

its. None of the volcanic rocks appear to be associated with the mineral deposits, which is dif-

ferent from the situation in some other southern California areas. The most recent age for gold 

mineralization appears to be post deposition of the metaconglomerate. But none of the known 

gold deposits is contained wholly within the Orocopia schist or metaconglomerate (Morton, 

1977; Willis, 1987).  In the Chocolate Mountains area, gold is associated with pyrite, both dis-

seminated and in veins along faults and related fractures. Because of oxidation, native gold 

occurs with iron oxides, iron sulphates, biotite and chlorite. 

The area is sparsely vegetated as is typical of the arid environment. Soils are poorly 

developed, and desert pavement gravels are coated with desert varnish. Thus spectral interpre-

tations must take into account a mixture of green and senescent vegetation species, considera-

ble bare-ground soil crusts and powdery and salinized surfaces. 
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Zhang and Pazner (2007) compared ASTER, Hyperion, and ETM+ Data to map the li-

thology in the southeast part of Imperial County, California. The results show that Hyperion 

and ASTER can achieve better accuracy than ETM+ data. Even though Hyperion data have a 

better discrimination between similar classes, the ASTER data are more suitable for large-area 

lithologic mapping because of their broader spatial coverage (60 km * 60 km Vs 7.5 km * 100 

km). Furthermore, Zhang et al. (2007) used ASTER data to map gold related lithology and 

minerals in the same area. The method he used for lithology mapping is the Maximum likeli-

hood classification (MLC) with an overall accuracy of 82% and subpixel unmixing method- 

constrained energy minimization (CEM) for alteration minerals, which also obtained a good 

mineral identification.    

    Kulon (2010) applied remote sensing techniques to a light- to moderately-vegetated 

area in a different region that lies in North West Mexico to evaluate the potential of ASTER 

imagery in lithologic and mineral mapping. She used two classification methods: Maximum 

likelihood classification (MLC) and Spectral Angle Mapper (SAM). Because the study area 

was covered with moderate vegetation, the classification results are much poorer, 50.45% in 

overall accuracy for MLC. This is because some lithologies are too similar in spectrum to be 

separated and pixels from each lithologic class are generally scattered throughout the image 

without occurring in polygons with definite boundaries. In SAM classification, almost all pix-

els in the image scene fall outside of the 0.3 radian angle threshold, which results in the final 

classified image consisting of almost entirely unclassified pixels. The poor classification for 

SAM may due to in the fact that the (image-derived) endmembers might not be composed of 

pure rock units in the study area, but rather a mixture of different feature types. 
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 Methods Chapter 3:

3.1 Data collection 

 Different data sets were used in the thesis, including two sets of ASTER data, a 

1:750,000 scale geologic map (Jennings, 2010), a fault map downloaded from the USGS web-

site, a USGS digital elevation model (DEM) with 10m resolution, and a mineral map down-

loaded from the USGS mineral resources website. This last map was used to get the gold mine 

locations in the study area. Finally, a 1 meter resolution digital orthophoto from Google Earth 

image was acquired for outcrop identification.  A list of data and their source is in Table 3.1. 

Table 3.1 Data used in this study and their source 

Data  Source 

ASTER level 2 data Zhang, 2007 

Geologic map 

(1:750,000) 

Jennings, 2010 

Fault map USGS:http://tin.er.usgs.gov/geology/state/state.php?state=CA  

DEM  (10m) USGS:http://atlas.ca.gov/download.html#/casil/elevation 

Mineral map  USGS:http://mrdata.usgs.gov/mrds/select.php?place=f06025&div=fips 

Google Earth image http://earth.google.com/ 

3.1.1 ASTER image data  

 The ASTER data in use are AST_07 and AST_09T, which are on-demand higher-level 

(Level-2) ASTER geophysical products using ASTER-L1B (radiance at sensor data) as their 

input (Table 3.2). The satellite data was acquired on October 3
rd

, centred at 32.98° N and 

114.85° W, was obtained from the EROS data centre (USGS, 2011). Both AST07 and 09 

have a 16-bit signed integer data type.   

http://tin.er.usgs.gov/geology/state/state.php?state=CA
http://atlas.ca.gov/download.html#/casil/elevation
http://mrdata.usgs.gov/mrds/select.php?place=f06025&div=fips
http://earth.google.com/
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 NASA Land Processes Distributed Active Archive Center (LP DAAC) (2011), lists 

the technical details about the ASTER data product, of which the following are highlights, can 

be found in their website. The AST_07 product consists of 9 ASTER VNIR-SWIR channels 

calibrated to reflectance using atmospherically corrected radiance at the surface (Thome et al., 

1999). It includes two hdf files: one for the VNIR, and the other for the SWIR. In AST_07 

imagery, the reflectance data is rescaled to 0-1000 with a band scale factor of 0.001 (reflec-

tance between 0 and 1with 0.1% precision can be calculated by multiplying the band scale 

factor by the image DN).    

 AST_09T provides surface-leaving radiance for the TIR bands, which includes both 

surface-emitted and surface-reflected components. The data is atmospherically corrected and 

the output is in radiance units of W/ (m
2
*sr*μm). The value range in TIR bands is of 0-3000, 

which is calculated by applying slightly different band scale factors between 0.005225 and 

0.006882 to the raw data. No negative values were detected on TIR bands in use. There is 

slight striping in the TIR bands, which is caused by the inter-detector performance variation 

within the 10 detector arrays for each TIR band in the whiskbroom scanning system (Rock-

well and Hofstra, 2008). This might cause problems in the TIR ratio images, as ratios enhance 

spatial patterns.  

Table 3.2 ASTER higher-level standard data product summary (Abrams et al., 2004) 

Product ID Level Parameter Name Horizontal Resolution (m) 

AST_07 2 Surface reflectance-VNIR, SWIR 15, 30 

AST_09T 2 Surface radiance- TIR 90 
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3.2 Methods summary 

 The methods flowchart is provided below in Figure 3.1. 

 
Figure 3.1  Methods outline. 

1 PCA: Principal Component Analysis; 2 FFC: False Colour Composite; 3 MLC: Maximum Likelihood Classification; SAM: Spectral 

Angle Mapper; MTMF: Mixture Tuned Matched Filtering 
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3.3 Image pre-processing  

 Image processing, unless stated otherwise, was carried out using ENVI 4.8 (ITT, 

2010). In this study, the reflectance data (AST_07) which includes the 9 NIR and SWIR 

bands, and radiance data (AST_09) which contains 5TIR bands were utilized. The reflectance 

data and radiance data were combined into one data set. To unify the resolution for different 

ASTER bands, VNIR and TIR bands were resampled using nearest-neighbour to have the 

same 30m pixel spacing, considering most of the relevant indices for the minerals of interest 

make use of spectral reflectance in the SWIR, so the SWIR resolution is the most convenient 

to use.  The ASTER datasets were co-registered to the geologic map.  

 Before doing further image analysis, an NDVI image was created for vegetation anal-

ysis and a vegetation mask was generated; PCA was applied on 14 ASTER bands.   

3.3.1 Vegetation masking 

 In ASTER, band 2 is in red and band 3 is in the near infrared spectra, a Normalized 

Difference Vegetative Index (NDVI) was calculated using Eq. (3.1).  

 NDVI= (Band3 – Band2)/ (Band3 + Band2)                                                            (3.1)                                                                      

 After a comparison of the NDVI image with the Google Earth image, a vegetation 

mask was created with a threshold of 0.024, which was chosen since it most effectively sepa-

rated out these vegetated areas from the remainder of the image. The mask was used to elimi-

nate pixels dominated by vegetation (mainly near the Colorado River) and shadows in the fol-

lowing data analysis.  
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3.3.2 PCA analysis of all ASTER bands 

 PCA is widely used for alteration mapping. In this study, PCA was carried out using 

all ASTER bands as input. The output PC bands (eigenchannels) were used in the analysis of 

minerals and also served as inputs into the following lithologic MLC classification technique. 

3.4 Lineament mapping   

  As multi-directional hill-shading images can effectively represent relief information 

(Loisios et al., 2007), a method from Abdullah et al. (2010) was adopted to do automatic lin-

eaments extraction. First, two shaded relief images with multi-directional lights were created, 

by combing sun azimuth angle of  0°, 45°, 90° and 135 ° angles; and 180°, 225°, 270° and 

315° angles respectively. This allows shadows to be formed on both sides of any high loca-

tion, and may allow identification of lineaments in shadows with one angle only. LINE mod-

ule in the PCI Geomatica was then applied on the two images to do lineament extraction. The 

lineament extraction module consists of edge detection, threshholding and curve extraction 

steps (PCI Geomatica, 2001). These steps were carried out over both shaded relief images 

using the default parameters (Table 3.3). 
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Table 3.3 Parameters for lineament extraction in PCI Geomatica 

Name    Description  Values 

RADI Radius of filter  12 pixels 

GTHR Threshold for edge gradient 90 pixels 

LTHR Threshold for curve length 10 pixels 

FTHR Threshold for line fitting error 10 pixels 

ATHR Threshold for angular difference 30 degrees 

DTHR Threshold for linking distance 20 pixels 

 

 The two automatically extracted lineament results from the LINE model in PCI were 

loaded into the ArcMap software. As a result of visual interpretation, artificial lines and lines 

that were derived from the map edges or from the river were eliminated and short lines were 

rejected. The “unsplit” function in the toolbox was used to merge lines that have coincident 

endpoints. Rose diagrams were created for each lineament set to analyze the orientation and 

length (Jordan and Csillag, 2003). After a comparison of the two lineament maps, the one 

that better represents the structures shown on the geological map was selected. A lineament 

buffer map was created from the selected lineament map, using the “Feature Proximity” tool 

from “spatial data modeller (SDM)” in ArcGIS toolbox. The “Feature Proximity” tool calcu-

lates the distance from the selected feature, and a raster buffer map with 100 meter interval 

was created.  Positive integer values were assigned for each buffer zone from 0 to a larger 

number as the distances to the lineament get bigger.   
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3.5 Alteration mineral mapping 

 

 Band ratios and band combinations were designed to map key minerals in the study 

area, including the altered minerals (hydroxyl group), mafic minerals (rich in Fe-Mg), and 

silicate minerals. 

    Zhang (2007) concluded that the hydroxyl group and FexOx alteration minerals mainly 

correspond to the distribution of the gneiss (mc), schist (mso) and granitic rocks (gr).  Silicate 

minerals are typical of igneous and metamorphic rocks, and can depict the distribution of vol-

canic rocks in the study area. Compared to other compositions of volcanic rocks in the study 

area, SiO2 is lower and Fe-Mg is higher in the Black Mountain district (basalt). There are not 

many carbonate rocks exposed in the study area.   

3.5.1 VNIR/SWIR false colour composites  

  RGB image with ASTER band combination of 7-3-1 (Massironi et al., 2008) was first 

applied to enhance AL-OH, Mg-OH, and Fe minerals for visual analysis and selection of 

training sites. 

3.5.2 Band ratios 

    The following ratios were chosen to highlight different groups of alteration minerals 

that related to the rocks in the study area. Band ratios used in this study are: 

 Clay minerals:  4/5, 4/6, 4/7 

 Mg-OH, Fe minerals: 4/8, 2/1, 4/3 

 Silicates: 4/10 
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 The first group of ratios (Di Tommaso and Rubinstein, 2007) were applied to enhance 

altered minerals for alunite (4/5), kaolinite (4/6) and hydroxyl minerals (4/7).  Igneous and 

metamorphic rocks usually contain mafic (iron-rich) minerals, and their dominant presence 

can be used to depict the distribution of volcanic rocks and gneiss in the study area. Ratios of 

4/8, 2/1 and 4/3 are all related to iron minerals. Ratio image of 4/10 was used to highlight 

“quartz”, that is areas rich in silicate minerals. 

 Band depth images of alteration minerals from Rowan and Mars (2003) were created 

for the detection of: 

 Al-OH: (4+7) /6 

 Fe, Mg-OH: (7+9) /8 

 Mafic–ultramafic rock: (12+14) /13 

 Suites of alteration minerals contain a variety of species, among which, the iron bear-

ing minerals, hydroxyl minerals (OH), various carbonates, and fine quartz are some of the 

most significant are detectable in the ASTER wavelength region (Thomas and Walter, 2002).  

Accordingly, Some of the representative alteration mineral indices used were calculated in 

this study: Hydroxyl Group (OHI), Kaolinite (KLI), Alunite (ALI), Calcite (CLI) and Iron 

oxides (FEI), which were created using ASTER VNIR/ SWIR bands, and quartz (QI), car-

bonates (CI) and silicates (SI
-
), which were created using ASTER TIR bands(Table 3.4). 

Table 3.4 Mineral band indices (after Table 2.1, reproduced here for convenience) 

Mineral Index Minerals Band Indices 

QI Quartz [11/ ( 10 + 12)] *(11/12) 

CI Carbonates 13/14 

SI
-
 Silicates  12/13 

OHI Hydroxyl Group (7/6)*(4/6) 

KLI Kaolinite (4/5)*(8/6) 

ALI Alunite (7/5)*(7/8) 

CLI Calcite (6/8)*(9/8) 

FEI Iron oxides 4/2   
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  Thresholds were determined for each mineral index with reference to Ninomiya 

(2003a, 2005)’s experiments on the thresholds and at the level at which pixels began to occur 

outside of geologic units known to contain the appropriate minerals. A density slice routine in 

ENVI was used to define the threshold for each mineral index and pixels above the threshold 

were highlighted.  

 To verify the accuracy of the thresholds, ASTER emissivity spectra extracted from the 

pixels above the thresholds were visually compared with the reference laboratory spectra (see 

Figure 1.2). When the selected pixels for any mineral do not exhibit the characteristic or di-

agnostic spectral features of that mineral, the thresholds were redefined.  

3.5.3 PCA transformation  

3.5.3.1 PCA analysis on ASTER bands 

 First, PCA was applied on separately on two sets of ASTER bands to analyze the al-

teration minerals, namely VNIR +SWIR bands and TIR bands. The separation was based on 

the fact that the TIR data is in different units and is fundamentally independent data as com-

pared to SWIR and VNIR. The indices images were used to calculate a separate PC analysis 

as they already represent a rearrangement of the original bands, and would be very difficult to 

interpret were they to be input into the same PCA calculation.   

PCA transformation applied on VNIR + SWIR bands was intended to identify vegeta-

tion, iron oxide/hydroxide and clay minerals. PCA applied on TIR bands was intended to de-

tect quartz and carbonate rich rocks. This separation was because of the spectral location of 

diagnostic features of these mineral groups. For example, quartz is one of the most important 
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rock-forming minerals that does not show spectral absorption feature in the VNIR and SWIR 

regions, but displays clear spectral absorption features in the TIR region (8-12 µm). 

3.5.3.2 PCA analysis on mineral indices bands 

PCA was applied first on mineral index images created in the previous section (Table 

3.4), using the method developed by Zhang et al. (2007), which combines the advantages of 

index images and PCA. This was done by applying PCA transformation on mineral index im-

ages.  

Each component can be analysed using its factor scores (loadings) to identify the most 

likely ground object having that component’s particular variance pattern. If the first principal 

component accounts for the major total variance and positively correlates with the mineral 

indices, it would means the first PCA image identifies areas with the strongest signal for a 

combination of all the minerals, and so it is a very good indicator for alteration zones.  

3.6 Lithologic classification 

 In this study, the traditional multispectral image classification - maximum likelihood 

classification (MLC) - was adopted primarily according to Zhang’s (2007) successful use of 

this method in part of the same study area. Other spectral classification techniques specifically 

adapted to imagery with a larger number of bands: spectral angle mapper (SAM) and mixture 

tuned matched filtering (MTMF), were also applied to compare with the MLC techniques.  

3.6.1 Maximum Likelihood Classification (MLC) 

   Fourteen ASTER bands for one input, and  9 ASTER VNIR and SWIR bands 

(AST_07) for a second input, were used as two separate classification procedures, and com-

parison between the results was used to test the usefulness of TIR bands in the MLC classifi-
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cation. In addition, the principal components (PC), with noisy components excluded, were 

also tested as inputs into the MLC classifier.   

 Training sites were selected based on false colour composite image of 7-3-1, a geolog-

ic map, and 1-meter aerial orthophotos (the Google Earth image). The geologic boundaries 

and the vegetation mask were overlaid on the ASTER image to provide a reference in the se-

lection process, being aware that not all pixels within a mapped unit contain that rock exposed 

at the surface. Training samples for each class were collected manually according to its geo-

logic boundaries and outcrop status as well as it could be determined from the aerial images. 

 It is important to have training samples representative of the full variability of spectral 

response in each rock type, not just uniform or extreme cases. The minimum number of train-

ing samples is often acknowledged to be 10N pixels (where N is the number of bands input 

into the classifier) for calculating the covariance/variance statistics (Jensen, 2005). King 

(1999) recommends an absolute minimum of four training areas per class, although this small 

numbers call the meaningfulness of the calculated standard deviation into question. In the 

training stage, a total of 2362 training pixels for rocks were included (between 73 and 712 per 

individual class), distributed as shown in Table 3.5 below. The training samples were chosen 

from different areas. Basalt rocks are subdivided into three classes (Tva, Tvb and Tvc), due to 

their diverse spectral appearance on the images, and in total 9 classes of training data were 

collected. In addition, water, sand and alluvium training samples were also collected. 
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Table 3.5 Maximum likelihood classification training sample pixels for rock classes 

Training classes Number of training samples 

Extrusive igneous  

Basalt  (Tva)  713 

Basalt  (Tvb) 135 

Basalt  (Tvc) 247 

Intrusive igneous  

Granodiorite (gr1) 119 

Plutonic rock (gr2) 105 

Metamorphic Rocks  

Gneiss (Mc) 482 

Mica schist (Mso) 298 

Schist  (Mmc) 73 

Sedimentary Rocks  

Conglomerate (Tc) 190 

Total 2362 

 

 During the training process, the Transformed Divergence (TD) measure was used to 

indicate signature separability. This helped to select appropriate training sites. 

3.6.2 Spectral Angle Mapper (SAM) 

 Before doing a SAM or MTMF classification, endmembers were extracted through a 

“spectral endmember selection” procedure (Boardman, 1993; Boardman et al., 1995). The 

Minimum Noise Fraction MNF transform was first applied to the 14 ASTER bands (AST_07 

&AST_09T) to determine the inherent dimensionality of image data, and to segregate noise in 

the data to near-unity eigenvalues. The MNF output bands were input into the pixel purity in-

dex (PPI) algorithm.  

 PPI is a module in ENVI which finds the most spectrally pure (extreme) pixels in mul-

tispectral and hyperspectral images (ITT, 2010). The image was subset to the study area to 

derive pure pixels just from the study area.  In the Pixel Purity Index Parameters dialog, the 

number of times the data projected onto the random vector was designated by assigning 

“Number of Iterations” = “2000”. Normally, pure pixels derived from the PPI process were 

chosen as input to an N-dimensional-visualizer to determine the endmembers. Here in this 
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study, most pure pixels were clustered in the N-dimensional visualizer, the separation of dif-

ferent endmembers was difficult by this method. Instead, the geologic boundaries for different 

rock units were superimposed on the PPI image to assist endmember selection. Extreme-value 

pixels that fell within each rock unit’s boundaries were selected manually as different 

endmembers.  

 In order to see if endmembers really represent the rock,   the spectral plots of 

endmembers were compared to the rock samples with same name or in the same type from the 

ASTER spectral library (USGS, 2011). This was done by using the “Spectral Analyst” tool in 

ENVI. A match score was given for each rock sample based on their spectral similarities with 

the corresponding endmember. 

 The output of SAM classification is the classified image showing best match at each 

pixel and the “rule images” for each endmember. The rule images record the spectral angle in 

radians from the reference spectrum for each class. Larger spectral angles represented poorer 

matches to the endmember spectra (ITT, 2010). To eliminate some very poorly matched pix-

els from the final classification results, a threshold angle of 0.3 radians (≈17.18°) was ap-

plied to both sets of rule images. Pixels that are beyond the threshold were marked as unclas-

sified. Thresholds were chosen based on the criteria that most of the study area should be 

mapped in the final classification images. To convert the SAM rule images into a classifica-

tion map, pixels within the threshold were assigned to the reference spectrum class that yields 

the closest match. 
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3.6.3 Mixture Tuned Matched Filtering (MTMF)   

  The partial unmixing method- Mixture tuned matched filtering (MTMF) was used to 

extract the sub-pixel lithologic proportion of the rock types. This method does not require 

knowing all the endmembers. Instead, it maximizes the response of known endmembers and 

suppresses the response of the composite unknown background, thus matching the known 

signature (Research Systems Inc, 2003). In ENVI, MTMF classification was applied on the 

MNF bands. 

  The result is a fraction image and an infeasibility image for each end-member. The re-

sults were interpreted by plotting the MF score versus the infeasibility values in a 2- dimen-

sional scatter plot. False positives were reduced by selecting an infeasibility threshold such 

that pixels with low MF scores must have low infeasibility scores and pixels with higher MF 

scores are allowed higher infeasibility values (Mundt et al., 2007).   

 In Figure 3.4, the white area corresponds to all the pixels in the ASTER image. 

Threshholding of resultant infeasibility and MF images was performed by interactively select-

ing scatterplot values with reference to the rock unit in the geologic map. In this way, the best 

thresholds were determined for each endmember class in the MTMF. The selected pixels for 

each class were assigned to the related endmember (also called “hardening”). 
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Figure 3.4   Scatterplot of gneiss MF score (x axis) versus infeasibility score (y axis). White area represents 

all the pixels in the ASTER image, pixels within the red area were classified as corresponding rock unit.  

3.6.4 Accuracy assessment 

 Classified images often manifest a salt-and-pepper appearance. Post classification pro-

cesses were applied over a classified image to eliminate isolated pixels, and to generalize the 

classes for operational use. In this study, sieve classes and clump classes were used in the post 

classification to produce a systematic map. Sieve is usually run first to remove the isolated 

pixels, and then “clump” tool was run to combine adjacent similarly-classified areas together.  

 In ENVI, the “sieve” tool was first run on the classification images and “Group Mini-

mum Threshold” was assigned a value of 2. The “Sieve Class” method looks at the neighbor-

ing 4 or 8 pixels to determine if a pixel is grouped with pixels of the same class. If the number 

of pixels in a class that are grouped is less than the “Group Minimum Threshold” value, those 

pixels will be removed from the class. The removed pixels were left unclassified.  
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 The Clump method is used to clump adjacent similar classified areas together using 

morphological operators. Low pass filtering could be used to smooth images of lack of spatial 

coherency (speckle or holes in classified areas), but the class information would be contami-

nated by adjacent class codes (Ahmadi and Hames, 2009). Clumping classes solves this prob-

lem. The selected classes were clumped together by first performing a dilation operation then 

an erosion operation using a kernel of the size specified as 3*3 in the parameters dialog. 

 The testing samples were created for each lithologic unit using the geologic map as 

ground truth data. The vegetation mask was applied to the geologic map before the sampling. 

Testing samples were selected within the 7 rocks’ boundaries utilizing a stratified random 

sampling strategy. A minimum number above 100 points was guaranteed for each class to 

make sure there are enough data to do the accuracy assessment. The testing samples are listed 

in Table 3.6. 

Table 3.6 Testing samples for classified rocks 

Rock classes Random  testing samples 

Extrusive igneous  

Basalt  (Tv)  466 

Intrusive igneous  

Granodiorite (gr1) 188 

Plutonic rock (gr2) 142 

Metamorphic Rocks  

Gneiss (Mc) 229 

Mica schist (Mso) 206 

Schist  (Mmc) 124 

Sedimentary Rocks  

Conglomerate (Tc) 340 

Total 1695 

 

 A preliminary estimation of the effectiveness of classifications was made by visually 

comparing the results to the distribution of rock units shown in the geologic map. The classi-

fication accuracy was further evaluated against testing sites selected from the geologic map 

and the classified images. The confusion matrix and the kappa statistic (KHAT) were pro-

duced (Congalton and Green, 1999). The KHAT value was used to determine if the classifica-
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tion of the test points is significantly better than random results (Congalton, 1991). According 

to Congalton and Ross (1999), the Kappa values that have a value greater than 0.80 (80%) 

represent strong agreement; 0.40 and 0.80 (40-80%) represent moderate agreement; and a 

value below 0.40 (40%) represents poor agreement. In addition, the total area of each class 

within the same geologic rock area was evaluated and a percentage of each class within each 

geologic mapped unit was calculated. The percentage value can be used as an indicator of 

how well the classified rock units agree with the geologic map. 

 The confusion matrix was calculated based on the classified image and the testing 

sample. The  images classified in different ways were then compared for significant differ-

ences (using kappa hat), and the ones proving to be in significantly better agreement with geo-

logic map were selected as input to prospectivity modelling.  If two classified results are iden-

tical within statistical significance, the one with higher overall accuracy and high gneiss accu-

racy will be considered (because of the importance of gneiss to known gold occurrences). 
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3.7 Prospectivity map 

   Figure 3.2 shows the flow chart to create the prospectivity maps. First three thematic 

maps were created, these maps are called evidence layers, which were taken as input data into 

the modelling process. Then two prospectivity models were utilized: weighted overlay and 

weights of evidence (or logistic regression) and the prospecticity maps were created based on 

the outputs of the two models. 

 

 Figure 3.2  Flow chart of the prospectivity modeling. 

 

 Table 3.7 lists the key geologic exploration criteria and the reason for choosing them. 

The key geologic information included for the prospectivity modeling are: lithologies and 
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host rock preference, alteration minerals and proximity to lineaments. Accordingly, three evi-

dence layers were used in the model processing: MLC classified lithologic map, PC1 that was 

derived from PCA applied on mineral index images, was used to represent mineral abun-

dance, and a lineament buffers were created at 100m intervals based on the automatically de-

rived lineaments 

Table 3.7 Key geological criteria for exploration for gold mineralization 

 Exploration 

Criteria 

Rationale Evidence Layer 

Stratigraph-

ical criteria  

Igneous rocks Display close spatial relationship 

with gold mineralization accord-

ing to the local county report. 

Best result classified 

image 

Mineral  

occurrences 

Mineralization Although not necessarily aurifer-

ous, metallic mineralization pro-

vides direct evidence of mineraliz-

ing metalliferous fluids.   

Mineral abundance 

map derived from 

mineral index images 

  

Structural  

criteria 

proximity to 

faults that trend 

parallel to the 

strike of major 

structures 

Control second-order structures 

and important fluid pathways 

Buffered lineament 

map that combines the 

fault map and the ex-

tracted  lineaments 

  

  Proximity to 

second-order 

structures 

Structural control at a local level, 

ground preparation, enhanced 

permeability and particularly sig-

nificant where they intersect re-

gional structures 

 

 In the pre-processing stage, evidence layers are required by both models to be integer 

raster type. The lithology and lineament buffer layers are integer raster type, which do not 

need to be standardized. The mineral abundance map with continuous float values was reclas-

sified into 10 classes using the natural breaks techniques in ArcGIS software.   
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3.7.1 Weighted overlay analysis 

 In the weighted overlay analysis, the assignment of weights was based on both the 

county report and the relations of each variable to the gold mines known in this area, accord-

ing to the author’s judgments after trying different values. 

(a) Classified lithologic class 

 Areas lying within gneiss are assigned a high class weight (9). Conglomerate, basalt 

and mica schist are less related with known gold deposits and are assigned a medium weight 

value (5 or 3). On the other hand, rocks not related to known gold deposits and other classes 

like alluvium are assigned a low weight value (1).  

(b) Mineral abundance map 

 The alteration mineral abundance map was classified into eight classes, and the high 

mineral areas were given higher class weight values. Ordinal values were assigned from 

1(low) to10 (high). 

(c) Proximity to lineaments  

  Areas with a proximity close to the lineaments were given higher class weights values 

than the far away ones.  Pixels located within the 200m buffer were assigned the value 8, and 

those farther away than 1400m received class value 1. 

 “Theme weights” were assigned to each raster map, according to the author’s judge-

ments based on knowledge from existing reports and after observing the effects of different 

values. Table 3.8 lists the class value and thematic weights for each layer.  

 

 

 



62 

 

Table 3.8 Thematic parameters and weights for gold prospects evaluation and their class 

Thematic maps Class  Class value Theme weights (%) 

 

geologic map 

Gneiss 9  

 

30 
Conglomerate 5 

Basalt  and Mica schist 3 

Others  1 

Mineral abundance map Classes according to  

Mineral abundances 1-10 

1-10 50 

 

 

 

Lineament buffer (m) 

 

0-200 8  

 

 

 

20 

200-400 7 

400-600 6 

600-800 5 

800-1000 4 

1000-1200 3 

1200-1400 2 

≥1400 1 

3.7.2 Weights of evidence 

Weighted overlay analysis addresses the relative importance of data in use, but still re-

lies on expert opinion to determine weights for the map combination. Weights of Evidence 

(W of E), on the other hand, uses statistical analysis of evidence layers with training data to 

make decisions less subjective on how the map layers in any model are combined.  

Weights of Evidence were calculated using the Spatial Data Modeller extension devel-

oped for ESRI’s GIS software (Kemp et al., 2001). First, weights and other statistics were cal-

culated with Arc-SDM’s “Calculate Weights” tool.  The weights table and the evidence layers 

were taken as inputs into the logistic regression model, and the evidence maps were then 

combined with Arc-SDM’s “Logistic Regression” tool to produce a continuous-scale prospec-

tivity map. The logistic regression model makes no assumption about conditional independ-

ence of evidence maps, and therefore yields unbiased probabilities on the final map.   
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3.7.3 Cross-validation   

 Capture-efficiency curves depict the cumulative proportion of known deposits 

captured by a prospectivity model in cumulative proportions of the study area. The capture-

efficiency curves are created by plotting the the cumulative deposits (y axis) vs. cumulative 

area (x axis). They reflect how well the prospectivity models classify the distribution of 

known deposits and are used to evaluate or validate models. The efficiency curves can be 

created using the output tables from Arc-SDM’s “Area Frequency” tool. 

 The area under the curve can be summed to get an “efficiency” score (Sawatzky et al., 

2009). If the area under the curve is 0.50 (with an efficiency score of 50%) then the 

efficiency of classificaiton or prediction is random. 
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 Results Chapter 4:

 This chapter presents the results for the ASTER image analysis. The chapter follows 

the same order as the Methods chapter: image preprocessing, lineament analysis, mineral 

mapping, lithologic mapping and prospectivity mapping. 

4.1 Image pre-processing  

4.1.1 Vegetation masking 

 Results from the NDVI calculation are illustrated in Figure 4.1a. The output NDVI 

image has a value range of -0.5 to 0.6. In Figure 4.1a, areas with NDVI value above 0 are as-

signed a green to blue colour range; areas with NDVI value below 0 are assigned a yellow to 

red colour range.  

 The NDVI image analysis was done through comparison with the Google Earth image 

in the same area. In the NDVI image, NDVI values above 0 are concentrated along the Colo-

rado River. According to the Google Earth image, it can be seen that this area is well vegetat-

ed. Sparsely vegetated areas along the dry watercourses in the alluvium and mountain have a 

NDVI value between -0.1 and 0. Outcrops have a similar NDVI data range with sparse vege-

tation. This is probably due to the fact that outcrops and sparse vegetation have similar reflec-

tance in the Near-Infrared and Red bands (Hurcom and Harrison, 1998).   
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(a)  (b) 
Figure 4.1  NDVI images in the study area (a) Coloured NDVI image: values >=0 are shown in a green to 

blue color, while values<0 are shown in a yellow to red value. (b) Vegetation mask (in red) is overlaid on 

the elevation-coloured hill shade image with an NDVI value threshold of 0.024.  

 

 Because of the similar NDVI value of sparse vegetation and rocks, a vegetation mask 

was created with a threshold of 0.024, in order to mask only the heavy vegetation along the 

river (Figure 4.1b).  This vegetation mask covered the area along the Colorado River and a 

few small spots in the alluvium in the southwest. According to the analysis above, it can be 

concluded that the study area is very poorly vegetated except the area along the Colorado 

River, thus vegetation can be ignored in the mountain area. This does not however demon-

strate that the rock surface is entirely vegetation-free in unmasked areas. 

4.1.2 PCA analysis of 14 ASTER bands 

 The PCA was applied to 14 ASTER bands.  The PCs loadings were calculated based 

on correlation (rather than the covariance) matrix. The PCA eigenvector matrix is shown in 

Table 4.1, and Figure 4.2 gives loadings of some important PC bands from the results. For all   

PC images derived here and in the following PCA analysis, please refer to Appendix A.    
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 Table 4.1 PCA Eigenvector matrix of principal component analysis on VNIR and SWIR bands  

 Band  

1 

Band  

2 

Band  

3 

Band  

4 

Band  

5 

Band  

6 

Band  

7 

Band  

8 

Band  

9 

Band 

10 

Band 

11 

Band 

12 

Band 

13 

Band 

14 

Eigen-

value 

Variance 

(%) 

PC 1 0.90 0.87 0.89 0.89 0.89 0.88 0.88 0.88 0.88 1.00 1.00 1.00 1.00 1.00 4654104 98.594 

PC 2 0.39 0.45 0.41 0.44 0.44 0.45 0.46 0.47 0.46 -0.04 -0.05 -0.06 0.01 0.01 50370 1.067 

PC 3 0.04 0.04 0.04 0.04 0.02 0.02 0.04 0.04 0.04 0.06 0.06 -0.02 -0.03 -0.03 8682 0.184 

PC 4 0.18 0.18 0.18 -0.07 -0.10 -0.11 0.01 -0.02 -0.06 0.00 0.00 0.00 0.00 0.00 2953 0.063 

PC 5 0.00 0.01 -0.01 -0.03 -0.01 -0.01 -0.02 -0.02 -0.01 0.01 0.00 -0.03 0.01 0.01 1091 0.023 

PC 6 0.04 0.03 0.02 0.02 0.05 0.07 -0.06 -0.05 -0.04 -0.02 0.03 -0.01 -0.02 0.01 852 0.018 

PC 7 0.03 0.02 0.01 0.03 0.04 0.04 -0.05 -0.04 -0.03 0.01 -0.01 0.00 0.01 -0.01 765 0.016 

PC 8 0.01 0.01 -0.01 0.00 0.00 0.01 0.00 0.00 0.00 0.01 -0.01 0.00 -0.01 0.01 535 0.011 

PC 9 0.02 0.02 -0.04 -0.06 0.01 0.05 0.05 0.02 -0.04 0.00 0.00 0.00 0.00 0.00 345 0.007 

PC10 -0.04 -0.02 0.05 -0.06 0.00 0.04 -0.03 0.00 0.04 0.00 0.00 0.00 0.00 0.00 259 0.005 

PC11 -0.06 -0.05 0.06 0.02 0.00 0.01 0.04 0.00 -0.05 0.00 0.00 0.00 0.00 0.00 215 0.005 

PC12 -0.01 0.02 -0.01 0.02 -0.08 0.05 -0.04 0.06 -0.01 0.00 0.00 0.00 0.00 0.00 120 0.003 

PC13 0.01 0.00 -0.01 0.01 -0.06 0.04 0.04 -0.08 0.03 0.00 0.00 0.00 0.00 0.00 109 0.002 

PC14 0.10 -0.10 0.01 0.00 -0.01 0.01 -0.01 0.02 0.00 0.00 0.00 0.00 0.00 0.00 0.0005 0.001 
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Figure 4.2 Diagram of loadings for PC bands derived from 14 ASTER bands. 

 

Figure 4.3 shows some of the PC images. A RGB image was created with -PC4, PC5 

and PC6 (Figure 4.2d). Detailed discussion of PCA analysis and the selection are explained 

in the discussion section. The inverse of PC4 is obtained by multiplying all values by -1 in the 

image, in order to show the areas with iron oxide minerals as bright pixels. In this image, iron 

oxide minerals are shown in red, quartz shows a green colour, Fe, Mg (OH)-bearing minerals 

groups show a blue colour. From this image, it can be seen that the quartz are distributed in 

the northwest alluvium area and the southeast desert area (in green colour). The iron oxide 

minerals are distributed in the west mountainous area (in red colour), and gneiss in the south-

west contains both iron oxide minerals and Fe, Mg (OH)-bearing minerals as shown in ma-

genta.    
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(a) PC4                                                         

  

      (b) PC5      

 
     (c) PC6 

 
      (d) RGB: (-PC4)-PC5-PC6 

Figure 4.3 PCA outputs derived from 14 ASTER bands. (a)PC4. (b)PC5. (c)PC6. (d) RGB image of :         

(-PC4) -PC5-PC6 with vegetation mask applied, of which  iron oxide minerals are shown in red, quartz 

show a green colour, Fe, Mg(OH)-bearing minerals and carbonates show a blue colour. 

 

   

4.2 Lineament mapping 

 Two multi-directional hill-shading images were created by combining different solar 

incidence angles together (Figure 4.4). From the figure, it is clear to see that the one casts 

shadows in a NNE direction and the other in the opposite direction, thus highlighting the ma-

jor structural trends in the area. 
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Figure 4.4   (a) Multi-directional hill-shading images: combining four shaded relief images with sun angle 

of 0°, 45°, 90° and 135°. (b) Multi-directional hill-shading images: combining four shaded relief images 

with sun angle of 180°, 225°, 270° and 315°. 

 

  Figure 4.5 shows the two lineament maps after manual elimination of irrelevant edg-

es or artificial lines and combination of consecutive lines. The fault map from the USGS web-

site was added in a yellow colour for visual effect and comparison. It can be seen that faults 

field-mapped in alluvium are not identified by extracted lineaments because of the flat terrain 

(no relief to cast shadows) and faults are covered with soils or gravels. It can be seen that the 

two lineament sets extracted with different sun angle combinations show quite a lot of simi-

larity both in the direction and location of lineaments. After close visual interpretation of au-

tomatic lineament maps with DEM and Google Earth images, the extracted lineaments from 

the shaded relief image with sun angle of 0°, 45°, 90°, and 135° is the more capable of ex-

tracting  ridges and the topographic relief pattern in the mountain areas. Compared to the 

mapped faults a greater number of lines were extracted in this lineament map. 

 
  (a) 

 
   (b) 
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  (a) 

 
   (b) 

Figure 4.5 (a) Lineaments maps: lineaments derived from shaded relief image with combining sun angle of 

0°, 45°, 90° and 135°, (b) Lineaments maps: lineaments derived from shaded relief image with combining 

sun angle of 180°, 225°, 270° and 315°. 

  

 Figure 4.6 shows parts of the lineaments derived from the shaded relief image with 

sun angle of 0°, 45°, 90°, and 135°. Compared to the fault map, in the mountain areas, the 

long lines of major faults are missing in the lineaments map, instead, shorter lines were delin-

eated along the mountain ridges (Figure 4.6a). Mapped long faults are in practice extrapolat-

ed from geological relationships over much of their length, and are not always expressed as a 

continuous topographical feature even with young faults in a barren terrain such as this one. 

The most important feature in the mountain areas is the presence of the topographic relief pat-

tern. It is clearly seen that there is a good relationship between the lineament and topographic 

relief pattern distribution. In the mid-west of the study area, the surface is actually covered 

with dry watercourses (Figure 4.6b). Lineaments extracted from this area are related to the 

drainage pattern system distribution rather than bedrock topography.  

 



71 

 

  
(a)                                                                                  (b) 

Figure 4.6 Lineaments extracted from multidirectional shaded relief image with sunangle of 0°, 45°, 90° 

and 135° (a) extracted lineaments in mountainous area (b) extracted lineaments in flat area with dry wa-

ter watercourses.  

 

To summarize and analyze the lineaments in the study area, the basic statistics of ex-

tracted lineaments is shown in Table 4.2. Furthermore, rose diagrams for the total lineaments 

were generated, which is a polar plot of direction versus frequency of the lineaments (Figure 

4.7). The lineaments extracted from both images reveal that the major trends of lineaments in 

the study area are NNW-SSE, N-S, and NW-SE. The mean lineament orientation of both line-

ament maps is NNW (162.4 ° and 161.6 ° respectively). 

Table 4.2  Statistics of the automatic lineament maps 

 Multi-directional light  

(0°, 45°, 90° and 135°) 

Multi-directional light  

(180°, 225°,270°, and 315°)  

Reference 

fault map  

count  2171 1977 66 

Min. length (m)  288.19 299.40 217.25 

Max. length (m)  7486.75 4045.72 13829.37  

Total length(m)  1271902 1196319 201623.32 

Standard deviation  375.64 345.69 2904.98 

Linear directional  

mean (degrees) 

162.4  161.6  122.8 

342.4 341.6 327.3 
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 (a) 

 
   (b) 

 
  (c) 

 

Figure 4.7  (a) Rose diagram of automatic lineament map from combining four shaded relief images with 

sun angle of 0°, 45°, 90° and 135°. (b) Rose diagram of automatic lineament map from combining four 

shaded relief images with sun angle of 180°, 225°, 270° and 315°. (c) Rose diagram of fault map from 

USGS.  

 

The lineaments from combining four shaded relief images with sun angle of 0°, 45°, 

90° and 135°, which  better represent the geologic structure, were combined with the pre-

existing fault map to represent geologic structures in the study area, and a lineament buffer 

map was created in the study area with 100 meter interval (Figure 4.8). This map was used to 

test the relationship of the proximity of extracted lineaments to known gold mineralization. 
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Geological knowledge associates gold with some faults: but these results do not seem to con-

firm that the lineaments are associated with faults. If there is an association of gold with the 

extracted lineaments, this might be of interest in that such an association may be independent 

of their status as faults.  

    
 Figure 4.8  Lineament buffers at 100 m intervals. The buffers were used to test the spatial relationships 

between the proximity of faults and gold mineralization. 

4.3 Alteration mineral mapping 

 In order to map alteration minerals to facilitate gold exploration, PCA transformation, 

Band ratios and band indices were utilized and the results are presented in the following sec-

tion.  

4.3.1 VNIR/SWIR false colour composites  

 Using visual analysis such as band ratios is useful for qualitative detection of hydro-

thermal alteration minerals. A false colour composite (FCC) image was created using ASTER 

band 7-3-1(Figure 4.9).  AL-OH and Mg-OH bonds have absorption in Band 7, which occur 
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in clay minerals, alunite and or muscovite/sericite; Band 3 has a high reflectance in vegeta-

tion; Fe-Oxides minerals have absorption in both band 3 and band 1.   

In the following text, the colours indicated refer to the image in Figure 4.9, not to the 

rocks’ natural colours. The dark magenta colour in gneiss rock indicates a high absorption in 

band 3, thus rich in Fe-Oxide minerals. Mica schist has a medium blue colour; this indicates 

an absorption in band 7 and 3, which might be caused by both clay minerals and Fe-Oxides 

minerals. The dark colour of basalt in Black Mountains indicates absorption in all three bands. 

This indicates this area is rich in both Fe and clay minerals. The volcanic suites (basalt) in the 

east show a high variability with dominant yellow to dark green colour. This indicates an ab-

sorption in band1 (iron), showing the area has different levels of Fe mineral content. Accord-

ing to Morton (1977), the volcanic rocks have different formation time and mineral contents. 

It is not clear that formation time can be discerned in this area from surface reflectance with-

out recourse to field spatial relationships. In some semi-arid areas, recent volcanics can be 

given relative ages by observing the degree of re-vegetation on the surface (Clarkson, 1990). 

To figure out the varying reflectances in terms of formation and composition poses an inter-

esting question, and ground check field work might be conducted to measure the composition 

and reflectance in this area.    
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Figure 4.9 RGB image of 7-3-1, overlaid with lithological boundaries from the geologic map. 

4.3.2 Band ratios: Visual interpretation 

 The images in this section were created using band ratio combinations mentioned in 

the methods section to highlight altered minerals, iron, and silicate minerals in the study area.  

4.3.2.1 Ratio images 

 The RGB using ratio images 4/5-4/6-4/7 was used to highlight the absorption features 

of alunite (red), kaolinite (green) and hydroxyl minerals (blue) (Figure 4.10). The blue col-

oured areas (A and C) are within the gneiss rock units, indicating high hydroxyl mineral loca-

tions. Area B shows a green colour, indicating an accumulation of kaolinite minerals.  Basalt 

in the east of the image is quite variable, and shows mixtures of red, green, and blue patches 
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in different areas.  The alluvium in the south contains more hydroxyl minerals and in the 

north, it contains more kaolinite. 

 
Figure 4.10  Band ratio image of RGB = 4/5-4/6-4/7 with geologic layer overlaid. This enhancement can 

highlight the absorption features of alunite (4/5), kaolinite (4/6) and hydroxyl minerals (4/7). 

  

 In the RGB image of 4/7-4/6-4/10, most of the lithologies are dominated by a yellow 

colour indicating areas rich in both hydroxyl minerals and kaolinite (Figure 4.11). The con-

tacts between different rocks are not very clearly mapped. The sand area in the southwest has 

a pure blue colour, not surprisingly indicating quartz abundance.   

 The alluvium at the foot of the hills in the south shares similar colour to nearby rocks. 

Light red alluvium area in the southwest suggests a relationship between the alluvium soil and 

C 

A 

B 
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the source rocks from the hills. The alluvium deposits are probably caused by the flash floods 

carrying and depositing debris from local hills, therefore shares the same colour. However this 

makes it hard to discern rock units from these deposits.  

 

Figure 4.11 Band ratios RGB=4/7-4/6-4/10 imagery to enhance hydroxyl minerals (4/7) (R), kaolinite 

(4/6)(G), quartz (B). 

 

 The 4/8 ratio is important for highlighting the Mg-OH bond stretching, 1/2 is for ferric 

iron (Fe), and 4/3 is for ferric oxides and crystal field effects (Table 2.1). In the 4/8- 2/1-4/3 

colour composite (Figure 4.12), conglomerate in the mid-west appear green, and most vol-

canic sequences show green (e.g. area A and area B) to cyan colours, primarily indicating the 

strong and widespread iron oxide on the surface and the variable content of Fe. Some basalt 
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(Areas C and D), and gneiss (Area E, F and G), are distinguished by magenta to blue colour, 

which reflect the Mg-OH minerals and high iron oxide minerals.   

 In the west mountain ridges, mica schist rocks show a red to magenta colour that sim-

ultaneously indicates the Mg-OH absorption bands, and the influence of Fe absorption bands 

of the same mafic minerals or of their hematitic alteration.  

  

Figure 4.12 Band ratios RGB=4/8-2/1-4/3 imagery. The 4/8 ratio is used to highlight the Mg-OH (R), the 

2/1 and 4/3 were selected for Fe and its crystal field effects (G, B).  

 

A 

B 

C 

D 

E 

F 

Black 

Mountain 

G 
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4.3.2.2 Relative band depth  

 Figure 4.13 shows the RGB image using the relative band depth (RBD) technique to 

highlight Al-OH (red), Fe, Mg-OH (green) and mafic-ultramafic rock/soil (blue). The cyan 

colour area indicates Mg-OH and mafic mineral presence and the magenta areas are rich in 

AL-OH and mafic minerals. Gneiss and most basalt like the Black Mountain basalt are domi-

nated by a cyan colour. Mica schist and conglomerate in the north are shown in magenta col-

our. The yellow spot area in the schist and mica schist indicates a composition high in both 

Al-OH and Fe, Mg-OH minerals. 

 The colour of alluvium in the south is cyan and in the north it is magenta. This indi-

cates that in the south the surface of the alluvium contains more iron minerals and in the north 

it contains more Al-OH minerals. Seen from the Google Earth image, the Mesquite Mine are-

as are covered with impervious surface in the south and has a contrasting magenta colour 

compared to its surrounding environment.   
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Figure 4.13  RGB image of three RBD bands for Al-OH (red), Fe, Mg-OH (green) and mafic-ultramafic 

rock (blue).   

4.3.2.3 Band indices   

 

 Figure 4.14 shows the mineral index map for each index that was created by VNIR 

and SWIR bands. In the Alunite index image, the minerals are evenly distributed in general, 

and no areas are clearly distinguished from the background. Hydroxyl mineral (OHI) and Ka-

olinite (KLI) show similar mineral distributions to one another. Only part of the basalt has 

high hydroxyl minerals and kaolinite minerals abundances, other rock types show a dark tone, 

indicating low composition of hydroxyl minerals. The Calcite index image shows a high 

abundance in gneiss and basalt in the southeast, while the iron index image shows bright tones 

in the Black Mountain area in the south east and the gneiss in the west mountain range.  

Mesquite Mine 
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      (a) OHI 
 

(b) KLI 

 
       (c) ALI 

 
       (d) CLI 

 
  (e) FEI 

  

Figure 4.14  Mineral index images with a vegetation mask using ASTER VNIR and SWIR bands for  (a) 

Hydroxyl index (OHI), (b) Kaolinite index (KLI), (c)Alunite index (ALI), (d) Calcite index (CLI), (f) Iron 

index (FEI). 
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Thresholds for each mineral index image were determined in an interactive process to 

map alteration minerals within the geologic units. The spectra of selected pixels for the index 

images by threshholding are shown in Figure 4.15. It can be seen that the spectra derived 

from the thresholded pixels have very clear diagnostic spectral features similar to the refer-

ence spectra.  

 
            (a) 

 
            (b) 

Figure 4.15  Spectra of thresholded mineral indices distribution in all ASTER bands. 

 

A map of the thresholded minerals for hydroxyl groups (OHI), kaolinite (KLI), alunite 

(ALI), calcite (CLI) and Iron (FEI) was created (Figure 4.16). From Figure 4.16, it can be 

seen that strong mineral locations tend to fall within the same rock boundaries, even though 

the boundary cannot be detected by the mineral distributions. As most minerals are accumu-

lated within the rock boundaries, alunite minerals fall outside of the rock boundaries and are 
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distributed in the northern alluvium area.

 

Figure 4.16 Thresholded mineral indices map for hydroxyl groups (OHI), kaolinite (KLI), alunite (ALI), 

calcite (CLI) and Iron (FEI), vegetation mask was applied in the image. 

 

 In Figure 4.17, the carbonate index map (CI) is subject to striping noise in the across-

track (west-east) direction. A 3*3 filter was used to smooth and mitigate the striping in the 

scene. Carbonate minerals show bright colour within the basalt rocks in the southeast. Other 

distribution pattern is not very clearly detected from the carbonate index image. Ultramafic 

minerals show bright colour in basalt and gneiss. The quartz index (QI) map, shows a dark 

tone in the rocks, and is very high in the sand area at the bottom left of the image.  
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(a) QI 

 
(b) CI 

 
(c) SI

-
 

 

Figure 4.17 Mineral indices images with vegetation mask using ASTER TIR bands for (a) Quartz mineral 

index (QI) map. (b) Carbonate index (CI) map (c) Ultramafic mineral index (SI
-
) map.  

  

 The mineral index map was created using thresholded index images of quartz (QI), 

carbonate (CI), and Ultramafic (SI
-
) (Figure 4.18). Identified ultramafic minerals correspond 

well with basalt and gneiss. Many of the mapped quartz and carbonate anomalies are not lo-

cated within units. 
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Figure 4.18 TIR mineral indices for quartz (QI), carbonate index (CI) Ultramafic (SI

-
), vegetation mask 

was applied in the image. 

 

4.3.3 PCA transformation 

 In ENVI, the PCA was applied on three sets: ASTER VNIR and SWIR bands, TIR 

bands and index images. Outputs are PCA images and statistics that contain the eigenvectors, 

the covariance matrix, and the eigenvalues. The Eigenvectors matrix is used to identify the PC 

images in which the spectral information of particular minerals is loaded. Because the PCA 

was carried out using the correlation matrix, the Eigenvector entries also serve as loadings 

(correlations between input band and output component) without further calculation.  
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4.3.3.1 PCA analysis of ASTER VNIR and SWIR bands 

 Table 4.3 shows the eigenvector matrix for PCA transformation on VNIR and SWIR 

bands, and Figure 4.19 shows the diagram of loadings for some of the important PC bands. 

Table 4.3 PCA eigenvector matrix of principal component analysis on VNIR and SWIR bands 

 Band 

1 

Band 

2 

Band 

3 

Band 

4 

Band 

5 

Band 

6 

Band 

7 

Band 

8 

Band 

9 

Eigenvalue Variance 

 (%) 

PC1 0.98 0.98 0.98 0.99 0.99 0.99 0.99 0.99 0.99 224159 97.81 

PC2 0.18 0.17 0.18 -0.08 -0.11 -0.12 0.01 -0.03 -0.07 2974 1.30 

PC3 0.05 0.02 0.02 0.03 0.06 0.08 -0.08 -0.09 -0.06 870 0.38 

PC4 -0.02 -0.03 0.04 0.06 -0.01 -0.05 -0.04 -0.02 0.03 359 0.16 

PC5 0.03 0.01 -0.04 0.05 0.00 -0.03 0.03 0.00 -0.04 268 0.12 

PC6 -0.05 -0.04 0.05 0.01 0.00 0.01 0.04 0.00 -0.04 222 0.10 

PC7 0.02 -0.03 0.00 -0.02 0.04 -0.03 0.02 -0.03 0.01 133 0.06 

PC8 0.01 0.00 -0.01 0.01 -0.03 0.02 0.02 -0.04 0.02 110 0.05 

PC9 0.04 -0.04 0.00 0.00 -0.01 0.01 -0.01 0.02 0.00 79 0.03 

 

 
Figure 4.19 Diagram of loadings for PC bands derived from ASTER VNIR and SWIR bands. 
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 From these PC outputs, PC1 is dominated by overall scene brightness and topographic 

information. PC2 to PC6 can tell some mineral distributions. The rest of the higher PC bands 

have too small data variance, which either failed to correspond to any mineral distributions or 

are mostly dominated by noise.  Figure 4.20 shows some of the PC bands. 

 
(a) PC2 

 
(b) PC3 

 
(c) PC5 

 
(d) PC6 

Figure 4.20 PCA outputs on ASTER VNIR and SWIR bands (a) Image PC2, iron oxide mineral is shown 

in dark colour.  (b) PC3, Fe, Mg (OH)-bearing minerals are highlighted in this image (c) Inversed PC5; 

the Al (OH)-bearing minerals are highlighted in this image.  (d) Inversed PC6; iron oxide mineral and 

vegetation are highlighted in this image.   

 

After the PC analysis described in the discussion section, a RGB image of (PC3)-

(PC5)-(PC6) was created to highlight Fe, Mg (OH)-bearing minerals and carbonates (R), hy-

droxyl minerals (G) and iron oxide minerals (B) (Figure 4.21). In this image, Fe, Mg (OH)-
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bearing minerals and carbonate minerals are shown in a red colour (Calcite index analogs), 

hydroxyl minerals are shown in green, and iron oxide minerals show in blue colour. The red 

colour locates some basalt rocks, the blue colour areas are located within gneiss and Black 

Mountain (composed of basalt rocks) and some other basalt rocks in the west mountain areas. 

An obvious green colour area is located in the upper west corresponding to the mica schist 

rock. 

 
Figure 4.21  RGB image of (PC3)-(PC5)-(PC6) on ASTER VNIR and SWIR bands. Vegetation mask was 

applied. This image is chosen to highlight Fe, Mg (OH)-bearing minerals and carbonates (R), hydroxyl 

minerals (G) and iron oxide minerals (B).  

4.3.3.2 PCA analysis of ASTER TIR bands 

 The statistics result and related diagram from the principal component transformations 

to 5 TIR bands of ASTER is shown in Table 4.4 and Figure 4.22.  In general, PC1 is domi-

nated by scene brightness, PC2 and PC3 are capable of showing quartz in either bright or dark 

colours, and the rest of the PC bands are not very informative. 
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   Table 4.4  PCA eigenvector matrix (loadings) of principal component analysis on ASTER TIR bands 

 Band10 Band11 Band12 Band13 Band14 Eigenvalue Variance (%) 

PC1 1.00 1.00 1.00 1.00 1.00 4476791 99.68 

PC2 0.07 0.07 0.00 -0.04 -0.04 10391 0.23 

PC3 0.02 0.01 -0.06 0.01 0.01 2766 0.06 

PC4 -0.01 0.02 0.00 -0.02 0.01 797 0.02 

PC5 0.02 -0.02 0.00 -0.01 0.01 534 0.01 

 

 
Figure 4.22 Diagram of loadings for PC bands derived from ASTER TIR bands. 

 

Figure 4.23a shows the PC3 image. According to the PC analysis in the discussion 

section, PC1-PC2-PC3 was used to form the RGB image in Figure 4.23b. In the RGB image, 

quartz rich area is shown a purple colour, all other rocks are shown in green to yellow colour.  
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(a) PC3     (b) RGB image 

Figure 4.23 PCA outputs on ASTER TIR bands (a) PC3, quartz rich rock is demonstrated as bright pixels 

(b) RGB colour composite for PC1, PC2 and PC3 with vegetation mask applied. 

 

4.3.3.3 PCA analysis of mineral index bands 

The statistics results and related diagram of PCA for 8 mineral indices bands are 

shown in Table 4.5 and Figure 4.24.   

Table 4.5 PCA eigenvector matrix of principal component analysis on 8 mineral index images 

  QI CI SI
-
 OHI KLI ALI CLI FEI Eigenvalue Variance (%) 

PC1 0.99 1.00 1.00 1.00 0.99 1.00 0.99 0.97 1.8301 98.674 

PC2 0.04 0.01 -0.03 0.07 0.09 0.04 -0.09 -0.15 0.0103 0.558 

PC3 -0.03 -0.03 -0.03 0.04 0.01 0.01 -0.06 0.20 0.0073 0.392 

PC4 0.04 0.04 0.04 -0.05 0.04 -0.04 -0.02 0.03 0.0028 0.153 

PC5 0.09 0.02 -0.07 -0.02 0.00 0.03 0.00 0.01 0.0020 0.106 

PC6 0.00 -0.02 -0.04 0.02 0.04 -0.04 0.02 0.00 0.0016 0.084 

PC7 -0.03 -0.02 0.00 -0.02 0.02 0.02 0.00 0.00 0.0006 0.029 

PC8 0.02 -0.01 0.01 0.00 0.00 0.00 0.00 0.00 0.0001 0.004 
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Figure 4.24 Diagram of loadings for PC bands derived from 8 mineral index images. 

 

  Figure 4.25 shows some of the PC bands. After a PC loadings analysis, A RGB false 

colour composite was then composed using PC5-(-PC2)-PC6 in Figure 4.25d. PC2 image 

was inverted by multiplying -1 by the whole image to highlight iron minerals. In this image, 

quartz shows a red colour, hydroxyl minerals- kaolinite shows a blue colour, iron minerals 

show a green colour. Gneiss and the alluvium fan in the south are highlighted with a green 

colour. Blue coloured areas correspond to the basalt in the west, and vegetation and water are 

clearly distinguished by a cyan colour. 
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(a) PC2 

 
(b) PC3 

 
(c) PC6 

 
(d) RGB:PC5-(-PC2)-PC6 

Figure 4.25 Some of PCA outputs on 8 mineral indices. (a) PC2, (b) PC3, (c)PC6, and (d) RGB image for 

PC5-(-PC2)-PC6 with vegetation mask applied, of which quartz is shown in red, iron minerals shows a 

green colour, kaolinite shows a blue colour. 

 

In order to extract alteration mineral abundance related to rocks, PCA was applied to 

only 6 mineral index images: ultramafic (SI
-
), the hydroxyl groups (OHI), kaolinite (KLI), 

alunite (ALI), calcite (CLI) and gossan (FEI) (Table 4.6). The quartz index (QI) image was 

taken out, because according to this index image, the sand areas are very rich in quartz and 

rocks in the study area have very low QI values, so this image succeeds only in identifying 

sand areas which are easy to identify without it. Also, the carbonate index (CI) image was not 

included because of the noise in the index image, and also because according to Morton 

(1977), this study area has very small carbonate outcrops that can be simply ignored.  
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Figure 4.26 shows the colour-scaled image of PC1, areas with high to low values 

were taken as high to low alteration mineral abundances. Areas that have high values in all 

indices are shown as bright, and were considered to have high alteration mineral accumula-

tion. Areas that have low values were considered as have very poor mineral accumulation. 

Table 4.6 PCA eigenvector matrix of principal component analysis on 6 mineral indices bands 

 SI
-
 OHI KLI ALI CLI FEI Eigenvalue Variance (%) 

PC1  1.00 1.00 0.99 1.00 0.99 0.97 1.5121 98.72 

PC2 0.03 -0.08 -0.09 -0.03 0.10 0.09 0.0092 0.6 

PC3 0.02 -0.01 0.01 -0.01 0.05 -0.21 0.0060 0.39 

PC4 -0.05 0.03 -0.06 0.05 0.01 -0.02 0.0024 0.15 

PC5 0.06 0.02 -0.03 0.00 -0.02 -0.01 0.0012 0.08 

PC6 0.01 -0.03 0.01 0.04 -0.01 0.00 0.0008 0.05 

  

       This mineral abundance image shows the high mineral accumulations are located 

sparsely among the mountains, and some are in the foothills.  The drainage patterns in the 

north are also relatively high in these minerals’ levels compared to the alluvium. 

 
Figure 4.26 Colour-scaled image of PC1, areas that have high values as bright were taken as high mineral 

abundance areas. 
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4.4 Lithologic classification 

4.4.1 Maximum likelihood classification 

4.4.1.1 Training data extraction 

The spectral profile for each class used in classification is derived from training data 

(Figure 4.27). It can be seen that each rock class has distinct spectral features and so can be 

distinguished from each other, although some are more distinct than others.  

From this training data spectra in VNIR and SWIR bands (Figure 4.27a), it can be 

seen that all the rocks and alluvium training data are clustered within the DN values between 

150 and 350. The spectral profile of dune sand has the highest DN values, while water has the 

lowest spectral profile line. In the VNIR bands (0.5-0.9 µm), all of the rocks, including allu-

vium, have a dip at around 0.65 µm (band 2) In the SWIR bands (1.6-2.4 µm), there is a dip in 

all of the spectral profiles at around 2.3 µm (band 8). In band 4 (1.7 µm) some of the rocks 

have a slight rise, but not very obvious in rocks like schist and mica schist. 

In the TIR bands (Figure 4.27b), only two training classes are distinguishable. Water 

spectral profile is distinguished by the lowest level DN values. Dune sand spectral profile 

shows a divergent absorption pattern around 9 µm (band 12), which is an indication of silica.  



95 

 

 
      (a) 

 
         (b) 

Figure 4.27 Spectral profiles of the training data (a)  spectra resampled to ASTER  reflectance data VNIR 

and SWIR bands (b)  spectra resampled to the ASTER radiance data for  TIR bands. 

       

The transformed divergence for the training data was calculated to evaluate the sepa-

rability for each class in this study. It is based on the statistical separability of training sam-

ples for each class in all input bands. It also assumes the multivariate normal distribution of 

training samples.  Appendix B shows the histograms of all the training classes in all ASTER 

bands. From the histograms, it can be seen that all of the training samples in the VNIR and 

SWIR bands have an acceptable normal distribution. In the TIR bands, alluvium has bi-modal 

distributions in all five bands, while plutonic rocks and granodiorite have a more even distri-

bution, no obvious peak is detected. So in general, the distributions of training data samples 

obey the rule of multivariate normal distribution for MLC classification. 

TD values of 1.7 are usually considered the lowest that will lead to acceptable classifi-

cation accuracies using the MLC decision rule. From Table 4.7, it can be seen that a good 
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separability was achieved among several classes. Gneiss and mica schist have the lowest repa-

rability (1.61), indicating a low spectral separability.  All the other TD values are above 1.8. 

Table  4.7 Transformed Divergence separability statistics from the main rock units on raining data 

  mc  Tva   Tvb   Tvc   mso Tc Mmc gr1 gr2 Water Sand Alluvium 

mc  2.00            
Tva   1.87 2.00           
Tvb   2.00 2.00 2.00          

Tvc   1.99 1.82 2.00 2.00         

mso 1.61 1.91 2.00 2.00 2.00        

Tc 1.88 1.93 2.00 1.99 1.89 2.00       

Mmc 2.00 2.00 2.00 2.00 1.95 2.00 2.00      

gr1 1.97 2.00 2.00 1.99 2.00 2.00 2.00 2.00     
gr2 1.99 1.99 2.00 1.95 2.00 1.99 2.00 1.95  2.00    

Water 2.00 2.00 2.00 2.00 2.00 2.00 2.00 2.00 2.00 2.00   

Sand 2.00 2.00 2.00 2.00 2.00 2.00 2.00 2.00 2.00 2.00 2.00  
Alluvium 1.97 2.00 2.00 2.00 1.99 1.87 2.00 2.00 1.98 2.00 2.00 2.00 
(mc=gneiss; mso=Mica schist;  Tc=Conglomerate;  Mmc=Schist;  gr1= Granodiorite;  gr2=Plutonic rock)  

4.4.1.2 Maximum likelihood Classification results 

The training data classes shown in Table 4.7 were input into the MLC algorithm, ac-

companied by three inputs band sets that were used: 14 ASTER bands, 9 VNIR and SWIR 

ASTER bands, and selected PC bands with the last two noisy PC bands excluded.  The results 

from the MLC algorithm are three classified images.  

Figure 4.28 shows the MLC classified map using 14 ASTER bands-input.  This map 

was considered as the best candidate for lithologic mapping for reasons discussed in the next 

chapter. The geologic boundaries were overlaid and the gneiss boundaries from the geologic 

map were highlighted using bold black colour. The MLC classification map reveals many de-

tails in various lithology units. By comparing the classified map with the Google Earth image, 

conglomerate in alluvial areas is well identified. Areas classified as conglomerate occur main-

ly within the alluvium boundaries on the geologic map, and some mapped alluvium areas oc-

cupy the conglomerate areas on the geologic map. In general, the mountain areas have rela-
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tively high agreement between the MLC classified map and the geologic map, while in the 

plains areas, which are mostly covered with alluvium, the exposure of outcrops is not mapped. 

Accuracy assessment was performed on all the rock units and alluvium. The testing 

data were created using a stratified random sampling strategy within each rock unit bounds. 

Water and dune sand were eliminated from the analysis because of isolated and distinguisha-

ble distributions from the rock units and they are not the concerns of the study. The geologic 

map was used as the reference for lithologic boundaries.   
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 (a)                                                                                                                      (b) 
Figure 4.28 MLC classification image map, the outlined areas refer to rock boundaries from the geologic map. (a) Maximum likelihood classification results (b) 

Geologic map. The labelled area include: basalt, gneiss, conglomerate, mica schist, schist, granodiorite, plutonic rock, alluvium, water, and dune sand. 
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Table 4.8- 4.10 lists the accuracy results for the MLC classifier. The MLC overall accu-

racy for the 14-band input was 70.56% (with a KHAT value of 0.65). For the input of VNIR& 

SWIR bands the overall accuracy was 64.08% with a KHAT value of 0.58. For input of PC com-

ponents derived from the 14 bands, accuracy was 69.36% (with a KHAT value of 0.64).  The 

results indicate that classified images derived from 14-band input and PC-input have a higher 

agreement with the classification than VNIR&SWIR-input. The KHAT values also reveal that 

there is no significant difference between 14-band and PC inputs.  

Table 4.8 Confusion matrix for MLC classification on original 14 ASTER bands, red indicates correctly clas-

sified pixels 
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Reference  data 

Class Basalt Gneis

s   

Conglomer-

ate 

Mica 

schis

t 

Schi

st 

Granodio-

rite   

Plutonic 

rock 

Alluvi-

um 

Total 

Basalt 346 27 40 11 41 4 7 2 478 

Gneiss   9 127 4 29 0 25 17 0 211 

Conglomer-

ate 

44 9 281 14 20 1 0 10 379 

Mica schist 31 35 10 119 31 33 2 0 261 

Schist   1 0 0 0 32 0 0 0 33 

Granodiorite   13 5 1 6 0 123 8 0 156 

Plutonic 

rock 

16 2 1 7 0 2 65 1 94 

Alluvium 6 2 3 2 0 0 0 182 195 

Total 466 207 340 188 124 188 99 195 1807 

 Class  Producer’s Accuracy (%) User’s Accuracy (%)   

 Basalt 74.25 72.38   

 Gneiss  61.35 60.19   

 Conglomerate 82.65 74.14   

 Mica schist  63.30 45.59   

 Schist   25.81 96.97   

 Granodiorite  65.43 78.85   

 Plutonic rock  65.66 69.15   

 Alluvium 93.33 93.33   

 Overall Accuracy 70.56%    

 Kappa Coefficient 0.65     
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Table 4.9  Confusion matrix for MLC classification on 9 VNIR and SWIR ASTER bands  
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Reference data  

Class Bas-

alt 

Gneis

s   

Conglomer-

ate 

Mica 

schist 

Schi

st 

Granodio-

rite   

Plutonic 

rock 

Alluvi-

um 

To-

tal 

Basalt 258 15 26 12 37 5 2 1 356 

Gneiss   6 113 2 22 0 5 13 0 161 

Conglomer-

ate 

94 24 268 16 13 0 6 10 431 

Mica schist 32 37 7 104 18 40 3 0 241 

Schist   9 3 1 10 56 1 0 0 80 

Granodio-

rite   

36 10 4 14 0 129 12 4 209 

Plutonic 

rock 

20 2 1 6 0 4 51 1 85 

Alluvium 11 3 31 4 0 4 12 179 244 

Total 466 207 340 188 124 188 99 195 180

7 

 Class  Producer’s Accuracy (%) User’s Accuracy (%)   

 Basalt 55.36 72.47   

 Gneiss  54.59 70.19   

 Conglomerate 78.82 62.18   

 Mica schist  55.32 43.15   

 Schist   45.16 70.00   

 Granodiorite  68.62 61.72   

 Plutonic rock  51.52 60.00   

 Alluvium 91.79 73.36   

 Overall Accuracy 64.08%    

 Kappa Coefficient 0.58     
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Table 4.10  Confusion matrix for MLC classification on PC bands 
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Reference data  

Class Bas-

alt 

Gneis

s   

Conglomer-

ate 

Mica 

schist 

Schi

st 

Granodio-

rite   

Plutonic 

rock 

Alluvi-

um 

To-

tal 

Basalt 322 30 40 13 44 16 6 2 473 

Gneiss   13 126 0 28 0 18 17 0 202 

Conglomer-

ate 

58 10 276 14 8 1 0 15 382 

Mica schist 32 33 10 114 22 26 4 0 241 

Schist   2 0 0 1 50 0 0 0 53 

Granodio-

rite   

13 4 1 4 0 125 7 0 154 

Plutonic 

rock 

24 4 1 11 0 2 63 1 106 

Alluvium 2 0 12 3 0 0 2 178 197 

Total 466 207 340 188 124 188 99 196 180

8 

 Class  Producer’s Accuracy (%) User’s Accuracy (%)   

 Basalt 69.10 68.08   

 Gneiss  60.87 62.38   

 Conglomerate 81.18 72.25   

 Mica schist  60.64 47.30   

 Schist   40.32 94.34   

 Granodiorite  66.49 81.17   

 Plutonic rock  63.64 59.43   

 Alluvium 90.82 90.36   

 Overall Accuracy 69.36%     

 Kappa Coefficient 0.64     

 

4.4.2 SAM classification 

4.4.2.1 Endmembers extraction 

 In the endmember extraction process, the MNF transformation was run first on all 14 

ASTER bands. The MNF transformation eliminates background noise before doing standard 

principal components transformation, of which the PCAs are done, based on the covariance ma-

trix. Usually, components with eigenvalues less than 1 are considered as noise (Jensen, 2005).  

From the MNF output table (Table 4.11), it can be seen that all the MNF bands have eigenvalues 
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greater than 1. For this reason, all MNF bands were input into the PPI algorithm, and endmem-

bers were selected from PPI derived pure pixels that fell within the geologic rock boundaries.  

Table 4.11 MNF eigenvalues for each band 

  Eigenvalue Cumulative Percent Percent of Component 

1 1584.595 85.34% 85.34% 

2 153.3135 93.59% 8.25% 

3 34.3142 95.44% 1.85% 

4 17.317 96.37% 0.93% 

5 13.0677 97.08% 0.71% 

6 9.8439 97.61% 0.53% 

7 7.6712 98.02% 0.41% 

8 7.3954 98.42% 0.40% 

9 6.4844 98.77% 0.35% 

10 5.8183 99.08% 0.31% 

11 5.4291 99.37% 0.29% 

12 4.5898 99.62% 0.25% 

13 3.8499 99.83% 0.21% 

14 3.1848 100.00% 0.17% 

 

 Figure 4.29 shows the spectra of extracted endmembers. In the VNIR and SWIR bands, 

conglomerate (in yellow) and alluvium (in purple) have quite similar spectra and very close to 

each other. Basalt (Tva, Tvb), mica schist and gneiss all have distinctive absorption features in 

band 3 (~0.6µm) and band 8(~2.3 µm). In the TIR bands, the dune sand is distinguished from the 

other endmember as having deeper absorption features around 9 µm (band 12), and the spectra of 

endmembers are more sparsely distributed in the range of DN values, while the spectra from 

training data are more clustered.  
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       (a) 

 
         (b) 

Figure 4.29 Spectral profiles of the endmembers (a) Endmember spectra resampled to ASTER  reflectance 

data VNIR and SWIR bands (b) Endmember spectra resampled to the ASTER radiance data for VNIR, 

SWIR and TIR bands. 

  

 Using the “spectral analyst” tool in ENVI, the ASTER image derived endmembers were 

compared with the spectral library. Figure 4.30 shows the spectra of image derived endmembers 

and their corresponding spectral library rock that has the highest match score. It can be seen that 

endmembers and library derived spectra do not match well. There is a difference between the 

two. ASTER image derived endmembers resemble more of the in situ rocks in the field, and 

were thus used as a reference to do the following classification. 
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Figure 4.30 Reflectance spectra of 7 rock endmembers from ASTER reflectance image compared resampled 

spectra from spectral library: basalt, conglomerate, gneiss, granodiorite, mica schist, plutonic rock, schist. 

4.4.2.2 SAM classification results 

The image-derived endmembers were input into the SAM classifier and a spectral angle 

of 0.3 radians (about 17.18º) was used as the maximum threshold. Two inputs were used: one 

with 14 ASTER bands-input and the other with MNF bands-input.  

Figure 4.31 is the final classification image derived from SAM using MNF bands. In this 

image, a vegetation mask was overlaid as vegetation is not the concern.  The results of SAM 
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classification indicate that most pixels fell within the threshold angle. The unclassified pixels fell 

within the west mountain area, alluvium in the south, and the water body in the Colorado River. 

The unclassified areas are probably due to a large spectral angle between the endmembers and 

these pixels (> threshold angle of 17.18 º).   

 
Figure 4.31  SAM Classification image map on MNF bands. Linear black area on the right is vegetated. 

 

Accuracy assessment for both inputs was determined using the testing samples mentioned 

above. The resulting confusion matrices are presented in Table 4.12 and 4.13. The SAM overall 

accuracy for the 14-band input was 33.44% (with a KHAT value of 0.21) (Table 4.12).  For in-

put of MNF components derived from the 14 bands, accuracy was 37.15% (with a KHAT value 

of 0.25) (Table 4.13).  The SAM classification results have poor agreement with the geologic 

map. They are much lower than accuracies for the MLC classifications.    
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 Table 4.12  Confusion matrix for SAM on 14 ASTER bands 
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Reference data 

Class Bas-

alt 

Gneis

s   

Conglomer-

ate 

Mica 

schist 

Schi

st 

Granodio-

rite   

Plutonic 

rock 

Alluvi-

um 

To-

tal 

Unclassi-

fied 

0 0 0 0 0 0 0 0 0 

Basalt 118 14 10 16 42 4 3 1 208 

Gneiss   14 9 1 11 2 0 0 0 37 

Conglomer-

ate 

255 151 265 87 20 64 35 39 916 

Mica schist 4 13 0 35 29 7 1 0 89 

Schist   23 1 0 2 27 0 0 0 53 

Granodio-

rite   

3 8 3 14 4 24 0 5 61 

Plutonic 

rock 

7 3 3 3 0 32 41 66 155 

Alluvium 42 8 58 20 0 57 19 86 290 

Total 466 207 340 188 124 188 99 197 180

9 

 Class  Producer’s Accuracy (%) User’s Accuracy (%)   

 Basalt 25.32 56.73   

 Gneiss  4.35 24.32   

 Conglomerate 77.94 28.93   

 Mica schist  18.62 39.33   

 Schist   21.77 50.94   

 Granodiorite  12.77 39.34   

 Plutonic rock  41.41 26.45   

 Alluvium 43.65 29.66   

 Overall Accuracy 33.44%    

 Kappa Coefficient 0.21    
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 Table 4.13  Confusion matrix for SAM classification on MNF bands 
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Reference data  

Class Bas-

alt 

Gneis

s   

Conglomer-

ate 

Mica 

schist 

Schi

st 

Granodio-

rite   

Plutonic 

rock 

Alluvi-

um 

To-

tal 

Unclassi-

fied 24 37 12 24 3 41 1 46 188 

Basalt 196 42 26 46 86 5 6 2 409 

Gneiss   6 35 0 15 0 3 6 0 65 

Conglomer-

ate 173 54 249 32 8 18 13 31 578 

Mica schist 2 4 0 21 5 2 1 0 35 

Schist   9 0 0 8 22 0 0 0 39 

Granodio-

rite   0 0 0 1 0 2 0 0 3 

Plutonic 

rock 5 0 0 1 0 24 23 5 58 

Alluvium 51 31 53 36 0 93 24 111 399 

Total 

466 203 340 184 124 188 74 195 

177

4 

 Class  Producer’s Accuracy (%) User’s Accuracy (%)   

 Basalt 42.06 47.92   

 Gneiss  17.24 53.85   

 Conglomerate 73.24 43.08   

 Mica schist  11.41 60.00   

 Schist   17.74 56.41   

 Granodiorite  1.06 66.67   

 Plutonic rock  31.08 39.66   

 Alluvium 56.92 27.82   

 Overall Accuracy 37.15%     

 Kappa Coefficient 0.25     

 

4.4.3 MTMF classification 

The outputs of the MTMF classification were one MF score image and one infeasibility 

image for each rock unit. To eliminate the false positive pixels, a classification image was pro-

duced by using both the MF score and the infeasibility images. The MTMF classification image 

was produced based on a threshold value for each class (Figure 4.32).  
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Figure 4.32 MTMF classification thresholded image, false positive pixels have been eliminated. 

 

The confusion matrix for this classification is in Table 4.14. The overall accuracy is 

16.78%. And the KHAT value reached 0.12. This indicates a very low agreement with the geo-

logic map, as compared with random chance.  
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 Table 4.14 Confusion Matrix for threshold MTMF classification  
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Reference data 

Class Bas-

alt 

Gneis

s   

Conglomer-

ate 

Mica 

schist 

Schi

st 

Granodio-

rite   

Plutonic 

rock 

Alluvi-

um 

To-

tal 

Unclassi-

fied 351 132 213 126 80 117 62 125 

120

6 

Basalt 63 5 4 0 8 1 0 0 81 

Gneiss   7 28 2 6 0 3 2 0 48 

Conglomer-

ate 23 23 109 25 17 8 2 25 232 

Mica schist 4 13 2 16 8 18 2 0 63 

Schist   3 0 0 4 10 1 0 0 18 

Granodio-

rite   0 1 0 0 0 10 0 0 11 

Plutonic 

rock 1 0 0 0 0 2 18 0 21 

Alluvium 14 5 10 11 1 28 13 50 132 

Total 

466 207 340 188 124 188 99 200 

181

2 

 Class  Producer’s Accuracy (%) User’s Accuracy (%)   

 Basalt 13.52 77.78   

 Gneiss  13.53 58.33   

 Conglomerate 32.06 46.98   

 Mica schist  8.51 25.40   

 Schist   8.06 55.56   

 Granodiorite  5.32 90.91   

 Plutonic rock  18.18 85.71   

 Alluvium 25.00 37.88   

 Overall Accuracy 16.78%    

 Kappa Coefficient 0.12     

 

 Table 4.15 shows the statistics of overlap area of classified image as compared to the ge-

ologic map. Instead of using a number of points as the testing data, this table uses area of each 

class as inputs. The ratio for each class is calculated by overlapped class area (σ) of classified 

map and geologic map, divided by total class area from geologic map (γ) (similar to producer’s 

accuracy) or divided by the total class area from the classified map from classified map (β) (simi-

lar to user’s accuracy). In general, the overlap ratio statistics show similar patterns to the confu-

sion matrix, which serve as a validation of the accuracy assessment sites. 

 For the MLC, alluvium has the highest overlap ratio compared to other classes. Basalt 

shows the highest overlap ratio in rocks (72.62% of whole gneiss area from the geologic map).  



110 

 

 

Conglomerate, mica schist and granodiorite all have an agreement with the geologic map of over 

60%. Schist units have an overlap percentage of 26.47%. The overall MLC classification is 

76.81% accurate. This shows a moderate agreement of the MLC classified map with the geologic 

map.  This result corresponds to the divergence table of the training samples as shown in Table 

4.7. Plutonic rock is over-represented with an overlap ratio of 23.77% compared to the whole 

classified plutonic area. However, the divergence values of plutonic rocks with other rocks are 

very high (all above 1.95, Table 4.7). This indicates that the training pixels that formed the plu-

tonic rock signatures are not representative of this unit. 

 The SAM and MTMF classifications have lower overlap ratios (with overall ratios of 

49.02% and 26.88% compared to the geologic map total area). The MTMF classification with 

thresholds applied, reduced the number of false positive pixels, and lowered the overlap cover-

age as some pixels were unclassified (with overall σ/ β ratio of 62.61% compared to the classified 

areas). However, the σ/ γ value is very low (26.88%), indicating a high unclassified ratio. Figure 

4.33 shows the overlapped area for each classified maps. 

Table 4.15 The agreement of each class from classified images with geologic map calculated based on area.  

σ =Overlapped area of each class from classified image with corresponding class from geologic map; γ= total 

area of each class from geologic map; β=total area of each class from classified images 

Rock Type MLC SAM MTMF 

σ/ γ(MLC) σ/ β(MLC) σ/ γ(SAM) σ/ β(SAM) σ/ γ(MTMF) σ/ β(MTMF) 

Basalt 72.62% 72.52% 42.68% 57.78% 11.76% 77.92% 

Gneiss  52.60% 72.45% 15.52% 62.27% 9.84% 56.22% 

Conglomerate 64.88% 66.62% 66.42% 36.18% 35.50% 36.04% 

Mica schist  61.39% 54.83% 9.38% 65.70% 11.47% 45.92% 

Schist   26.47% 59.81% 19.31% 22.08% 8.83% 23.69% 

Granodiorite  65.17% 42.20% 1.38% 34.61% 4.56% 22.05% 

Plutonic rock  50.90% 23.77% 24.62% 10.04% 14.68% 52.38% 

Alluvium 90.42% 86.85% 59.30% 74.01% 37.75% 83.21% 

Total overlap 76.81% 75.78% 49.02% 56.52% 26.88% 62.61% 
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(a) MLC overlap map 

 
(b) SAM overlap map 

 
(c) MTMF overlap map 

 

Figure 4.33  Overlap maps for three classified images. These maps show the overlap area between the classi-

fied map and the geologic map. (a) MLC generated overlap map, (b) SAM generated overlap map, and (c) 

MTMF generated overlap map. 

 

4.5 Prospectivity map  

4.5.1 Weighted overlay analysis  

 In weighted overlay analysis, weights were assigned based on expert knowledge as dis-

cussed in the methods section. The output of the weighted overlay model was a map with 8 

classes, and these classes were reclassified into 5 categories from very high to low probability 

for gold prospects (Figure 4.35).   
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4.5.2 Weights of evidence 

   In the weights of evidence model, weights were calculated automatically based on the 

relation between known gold prospects and each theme layer. Table 4.16 shows resultant 

weights and other statistics. In the statistics for rocks, schist and granodiorite have no known 

deposits, thus have the 0 value for the correlation statistics. The other 5 rock types all have 

studentized contrast values above 1.96 (usually, a studentized contrast value of 1.96 corresponds 

to 95% confidence), which shows a significance in the association of these features with the gold 

deposits.  Gneiss has a very high positive weight (W
+
) (1.70),  which is calculated when this type 

of rock is present. It also has the highest C contrast value (1.86), indicating a strong positive 

correlation with the known gold deposits. The Studentized Contrast for gneiss is 4.77, which 

indicates a high confidence for this correlation. Plutonic rocks have a positive high weight (W
+
) 

(1.80),  C contrast value of 1.84, thus indicating positive correlation with the known gold 

deposits. Conglomerate, mica schist and basalt have a decreasing spatial association with gold 

deposits compared to gneiss and plutonic rocks. 

 In buffer distance image, the weights (W
+
) values decrease as distance from faults 

increases, suggesting a strong spatial correlation between proximity to faults and the known 

deposits. 

 In the mineral abundance image, class 10 stands for the highest mineral abundance,  and 

class 1 the lowest. The weights (W
+
) are 0 for class 10 and -0.31 for class 9, indicating a weak 

or negative association between gold deposits and these two classes. This is probably because 

the small number of known gold deposits located in these two classes (0 deposit in class 10 and 

1 deposit in class 9). From class 8 to class 1, W
+
 values decrease as mineral abundance becomes 

smaller, suggesting a strong spatial correlation between mineral abundances and the deposits. 
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Table 4.16  Weights of Evidence (Wof E) statistics for three evidence maps. Positive Weights (W
+
), Negative 

Weights (W
-
), Contrasts (C), Standard Deviations (σ), and Studentized Contrast = C/ σ (C) 

Note. Unit cell size = 0.009 km2; Number of training sites = 46; C = W
+
 - W

-
; Standard Deviations:      

√               where        and        are variances of W
+
 and W

−
. 

 

 Using the weights of evidence table calculated above, the three evidence maps were 

combined using the logistic regression model (using the “Logistic regression” tool in ArcGIS 

extension).  

Class Area 

(km2) 

Deposits W
+
      σ 

(W
+
)   

  W
−  

    σ 

(W
−
)  

C  σ (C) Studentized 

Contrast 

Rocks 

Gneiss 120.40 8 1.70 0.35 -0.16 0.16 1.86 0.39 4.77 

Basalt 710.37 17 0.67 0.24 -0.25 0.19 0.93 0.31 3.04 

Mica schist 171.55 6 1.05 0.41 -0.09 0.16 1.15 0.44 2.62 

Conglomerate 375.42 13 1.04 0.28 -0.23 0.17 1.27 0.33 3.88 

Plutonic rock 27.08 2 1.80 0.71 -0.04 0.15 1.84 0.72 2.54 

Schist 8.26 0 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Granodiorite 30.93 0 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Mineral aboundance image 

10 9.23 0 0 0 0 0 0 0 0 

9 115.76 1 -0.31 1.00 0.01 0.15 -0.31 1.01 -0.31 

8 670.73 13 0.50 0.28 -0.14 0.17 0.65 0.33 1.97 

7 1502.18 28 0.46 0.19 -0.46 0.24 0.92 0.30 3.04 

6 2595.75 42 0.32 0.15 -1.36 0.50 1.68 0.52 3.21 

5 3454.74 45 0.10 0.15 -1.70 1.00 1.80 1.01 1.78 

4 3718.02 46 0.05 0.15 -5.47 10.00 5.52 10.00 0.55 

3 3731.88 46 0.05 0.15 -5.40 10.00 5.45 10.00 0.54 

2 3920.74 46 0.00 0.15 5.79 10.17 -5.79 10.17 -0.57 

1 3920.74 46 0.00 0.15 9.16 14.14 -9.16 14.14 -0.65 

Buffer Distance 

0-100m 347.27 18 1.91 0.24 -0.44 0.19 2.34 0.30 7.7496 

1-200m 481.90 22 1.78 0.21 -0.57 0.20 2.34 0.30 7.942 

2-300m 574.17 26 1.77 0.20 -0.73 0.22 2.50 0.30 8.4102 

3-400m 649.71 32 1.85 0.18 -1.07 0.27 2.93 0.32 9.1378 

4-500m 714.54 35 1.85 0.17 -1.30 0.30 3.15 0.35 9.1173 

5-600m 767.64 36 1.81 0.17 -1.39 0.32 3.19 0.36 8.9328 

6-700m 818.68 41 1.87 0.16 -2.07 0.45 3.94 0.47 8.3221 

7-800m 864.29 44 1.89 0.15 -2.98 0.71 4.87 0.72 6.7303 

8-900m 905.26 44 1.84 0.15 -2.97 0.71 4.81 0.72 6.6551 

9-1000m 946.44 44 1.80 0.15 -2.96 0.71 4.76 0.72 6.5822 

10-1100m 981.72 44 1.76 0.15 -2.96 0.71 4.72 0.72 6.5218 

11-1200m 1017.24 44 1.72 0.15 -2.95 0.71 4.67 0.72 6.4627 

12-1300m 1052.45 45 1.71 0.15 -3.63 1.00 5.35 1.01 5.2886 

13-1400m 1085.37 45 1.68 0.15 -3.63 1.00 5.31 1.01 5.2514 

>1400m 1117.12 46 1.67 0.15 -8.23 10.00 9.90 10.00 0.99 
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 The coefficient and the standard deviation values were listed in Table 4.17. The 

coefficient indicates that the gold deposits are highly related to lineaments and certain types of 

rocks. “Lineament” has the highest coefficient value (3.89). Gneiss has a second highest 

coefficient value of 3.39, which agrees with the the county report (Morton, 1977) that gneiss is 

the most favourable host rock for gold deposits. The plutonic rocks  also have a strong 

correlation with the known gold deposits in this model, with  a coefficient value of 3.28. Other 

rocks that are not listed in the table make no contribution to the gold deposit model. The mineral 

abundance map has a very low positive corrrelation with the model (coefficient value of 0.44), 

and the  lineament  map also plays an important role in the model (coefficient value of 3.89).  

Table 4.17 Logistic regression model statistics 

Pattern Coefficient Standard Deviations 

Lineaments 3.89 1.02 

Gneiss 3.39 1.07 

Plutonic rock 3.28 1.24 

Conglomerate 3.05 1.05 

Basalt 2.96 1.04 

Mica schist 2.82 1.09 

Mineral abundance 0.44 0.53 

Constant Value -18.42 2.34 

 

 The output of  the logistic regression model is a probability map. The output map has  21 

classes with probabilitiy values ranging from 0 to -0.00171, which indicates that the highest 

probability of  areas for gold occurrence is only 0.171% . Since the purpose of this study is to 

develop a tool for reconnaissance mapping, not detailed mapping, and there is no test data 

available, the probabilities will not be regarded in absolute terms, but as a relative ranking of 

mineral potential, and were replaced by ranks instead of using the actual probability scores.  

 The final prospectivity map (Figure 4.36) is classified into five classes using the manual 

data breaks with upper breaks shown in Table 4.18. From this table it can be seen that the lowest 

probability class has an upper break at the prior probability value of 0.000015 and represents 
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‘very low’ Potential which covers about 56%. whereas the area of “very high”  probability area 

covers only about 2% of the total study area. 

Table 4.18 Breaks for Final probability map 

Class Upper Breaks of Probability Value % of Total Study Area 

Very High 0.00171 2.06 

High 0.00168 5.03 

Moderate 0.00119 11.04 

Low 0.00038 25.39 

Very Low 0.00001 56.47 

 

4.5.3 Cross-validation   

Model performance were evaluated by examining model classification efficiency. Figure 

4.34 was created by plotting the  cumulative deposits (or proportion of deposits) vs. cumulative 

area (or proportion of area) for both weighted overlay and logistic regression models. The 

diagonal line in this figure represents an inefficient prospectivity model, that is, the proportion of 

the deposits increases linearly with the proportion of the study area, indicating a random 

classification of prospectivity. The higher the curve above the diagonal line, the better the 

performance of the prospectivity model. 
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Figure 4.34  Efficiency curves for weighted overlay and logistic regression models. 

  

 In the present study, both models yield curves that are above the diagonal line. The 

weighted overlay model curve has the elbow close to (50,98) and the logistic curve has the 

elbow close to (20,96), which indicates that all known deposits  are captured in a small 

proportion of the study area. Furthermore, the logistic regression curve lies above the weighted 

overlay curve, indicating that the logistic regression model performs better in capturing the 

training deposits.    

 The area under the curve can be summed to get an “efficiency” score (Sawatzky et al., 

2009). The weighted overlay model has an 84.7% efficiency of classification, and logistic 

regression has 90.5% efficiency of classification. This indicates that both models are effective 

and that the logistic regression model is more capable in predicting the gold prospectivity. 
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Figure 4.35  Gold prospectivity map using weighted overlay techniques  



118 

 

  
Figure 4.36  Gold prospectivity map using weights of evidence regression model. 
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 Discussion Chapter 5:

5.1 Lineament mapping 

 In the mountain areas, most of the automatically-extracted lineaments are basically 

lines along the shadows cast by topographic relief. In the plain areas, the lineaments follow 

the drainage pattern, but are not very accurately. Lineaments occur related to topography so 

are often related to erosion or structure, particularly in a barren area, but the image is unable 

at this scale to determine what geological phenomenon is responsible for any particular line-

ament without additional input. 

 The rose diagrams indicate the similarity and congruence in the directions of linea-

ments with the fault map, but the differences between lineaments and the fault map are obvi-

ous. First of all, the number of lines is greater in the automatically extracted lineaments than 

in the fault map of the study area. Secondly, the extracted lineaments are shorter in length 

compared to the fault map, which might indicate second-order structures, or it might also in-

dicate that the algorithm is not too good at connecting segments of a line into a long connect-

ed lineament. 

The automated lineament extraction method is very effective in extracting ridges, 

scarps, and drainage patterns. However, the automated extraction method does not discrimi-

nate man made features and non-geological features which could lead to an increase the total 

number and total length of the lineaments. These rock properties cannot be stated in advance 

to be related to gold-producing processes. On the other hand, such a relation cannot be ruled 

out. 
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5.2 Alteration mineral mapping 

5.2.1 PCA transformation 

 The purpose of PCA was to transform a large number of variables into a smaller num-

ber of latent variables (principal components, PCs) which are not inter-correlated. By doing 

this, certain mineral distribution patterns might be found.  

5.2.1.1 PCA analysis of 14 ASTER bands 

Band loadings, in the range of -1 to +1, provide a quantitative measure of the correla-

tion between individual bands and each component. Their patterns across many bands provide 

a more qualitative idea of what ground objects might be highlighted in the individual compo-

nent. According to Loughlin (1991) the PC that contains the target spectral information shows 

the highest loadings from the ASTER bands, coinciding with the target’s most diagnostic fea-

tures, but with opposite signs (+ or -). Where a target is unique because of simultaneous re-

flectance in one band and absorption in another, these input bands will both have high load-

ings but with opposite signs. If the loadings are positive in a reflective band of a mineral, the 

image tone on the component image will be bright, and if they are negative, the image tone 

will be dark for the enhanced target mineral. 

The purpose of PCA applied to all ASTER bands is to detect hydroxyl minerals like 

alunite, kaolinite and iron from the VNIR and SWIR band loadings, and quartz, carbonate 

minerals from the TIR bands loadings. In the PCA statistics derived from the 14 ASTER 

bands (Table 4.1 and Figure 4.2), PC1 accounts for 98.59% of total dataset variance and has 

all positive loadings from all bands, which indicates that this band is dominated by topograph-

ic illumination and overall scene brightness (which are spectrally neutral, i.e. do not differ 
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greatly from one band to another) . Areas with high scene brightness are shown in bright tone 

(high DN value).  

Compared to the mineral spectral signature on ASTER bands (Figure 5.35), Iron ox-

ide minerals (e.g. Limonite in Figure 5.1 left) have low reflectance in visible ASTER bands 

1, 2 and higher reflectance in ASTER band 4 (Pour and Hashim, 2011).  Quartz (SiO2) shows 

absorption features in bands 10 and 12 of ASTER, and high emissivity in band 13 and 14 

(Figure 5.1 right (b)). The Carbonate minerals such as calcite and dolomite have absorption 

features in band 14 and high emissivity in band 13 (Figure 5.1 right (a)). 

 
 

 
 

Figure 5.1  Mineral spectra on ASTER VNIR, SWIR &TIR bands (Clark et al., 1993; Ninomiya et al., 

2005). 

 

In PC2, all 9 VNIR and SWIR bands have positive loadings, which do not tell much 

mineral information.  According to the spectral feature analysis, quartz is highlighted in a 

component that has negative high loadings in band 10, 12 and positive loadings in band 13. In 
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the TIR bands, PC2 has negative loadings from band 10 (-0.04) and 12 (-0.06), and positive 

loadings in bands 13 and 14 (0.01, 0.01), so quartz rich areas are highlighted.   

In PC3, no specific minerals are detectable in VNIR and SWIR bands because of all 

positive loadings from these bands. In TIR bands, PC3 highlights pixels that have high reflec-

tance in band 10 and 11(with loadings 0.06, 0.06 in respect), and absorption in band 12, 13, 

14 (with loadings -0.02, -0.03, -0.03 in respect). Considering the magnitude and the signs of 

the loadings for band 10, 12, 13, quartz is shown in dark tones in this image.  

According to the spectral features analysis, iron oxide minerals are expected to show 

bright colours in a component that has a positive loading in band 1,2, while negative loadings 

in band 4. PC4 shows positive loadings from band 1, 2 (0.18, 0.18), and negative loadings 

from band 4(-0.07). Therefore, iron oxide minerals are highlighted in PC4 (Figure 4.3a).  

In PC5 has negative loadings in band 4 (-0.03), and small loadings in band 1 and 2 (0, 

0.01). These signs are opposite to the iron minerals, so iron minerals are shown in dark col-

ours. PC5 has negative loading in band 12 (-0.03), and positive loadings from band 10, 13, 14 

(0.01, 0.01, 0.01). Considering the magnitude and sign on the loadings, quartz rich rocks are 

highlighted in bright tones (Figure 4.3b).  

According to spectral characteristics, OH-bearing minerals have high reflectance in 

band 4 (1.6µm). Al (OH)-bearing minerals such as kaolinite, alunite, muscovite and illite 

show major absorption in bands 5, 6 and 7 (2.14-2.28µm). Fe, Mg(OH)-bearing minerals such 

as chlorite and epidote, as well, carbonates such as calcite and dolomite have distinctive ab-

sorption in bands 8 and 9 (2.29-2.43µm) of ASTER data (Crosta et al., 2003; Mars and Ro-

wan, 2006).The absorption in band 4 of epidote and chlorite is caused by ferric and (or) fer-

rous iron.  PC6 has negative loadings in band 8 and band 9 (-0.05, -0.04), so Fe, Mg (OH)-
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bearing minerals and carbonates are highlighted in this image (Figure 4.3c). Other PC bands 

have very small variance and don’t tell much about the minerals information.   

5.2.1.2 PCA analysis of ASTER VNIR and SWIR bands 

 According to the PC statistics matrix derived from VNIR & SWIR bands in Table 4.3 

and Figure 4.19, it can be seen that all ASTER bands have positive loadings in PC1, and the 

eigenvalue shows that this component accounts for 97.81% of the total dataset variance. The 

overall scene brightness, or albedo, and topographic information (which influences shadow, 

and hence albedo) are responsible for the strong correlation of all bands and PC1 (Loughlin, 

1991).  

 PC2 contains 1.3% of the original data variance. PC2 has positive loadings for VNIR 

bands 1-3, and negative loadings for most SWIR bands. PC2 loadings indicate that it high-

lights pixels that have strongly contrasting reflectance in the VNIR and the SWIR. By looking 

for band 1 (0.18), band 2 (0.17) and band 4 (-0.08) in PC2, it can be seen that iron oxides can 

be distinguished by dark pixels in PC2 (Figure 4.20a).  

 Fe, Mg (OH)-bearing minerals such as chlorite and carbonates are highlighted in PC3, 

because of negative loadings in band 8 and band 9 (-0.09, -0.06 in respect), contrasting with 

positive loadings in bands 5 and 6 (0.06, 0.08) (Figure 4.20b).  

 PC4 only accounts for 0.16% of total dataset variance, however, there is still spatial 

coherency in the output image, so the features highlighted by bright or dark areas are worth-

while analyzing. In PC4, the positive contribution of band 3 (0.04) and negative contribution 

of band 2 (-0.03), indicate vegetation pixels appear as bright pixels in the PC4 image. Al 

(OH)-bearing minerals are also highlighted because of positive loadings from band 4 (0.06) 

and negative loading from band 6 (-0.05).  
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 PC5 has negative contribution in band 4 (0.05), and positive in band 6 (-0.03). The 

contrast between bands 4 and 6 shows Al (OH)-bearing minerals as bright.  Some alluvium 

areas are highlighted in this image. Vegetation along the river in PC5 shows dark colour be-

cause of positive loadings in band 2 (0.01) and negative loadings in band 3 (-0.04) (Figure 

4.20c).  

  In PC6, both vegetation and iron oxide minerals are highlighted, because of negative 

loadings in band 1 and band 2 (-0.05, -0.04) and positive loadings in band 3 and band 4 (0.05, 

0.01).  The rest of the PC images have very low eigenvalues and data variance less than 0.1%, 

and do not tell much of mineral information. PC 8 and PC 9 are dominated by noise.  

5.2.1.3 PCA analysis of ASTER TIR bands 

Quartz shows absorption features in bands 10 and 12 of ASTER, and high emissivity 

in band 13 and 14. The carbonate minerals such as calcite and dolomite have absorption fea-

tures in band 14 and high emissivity in band 13. In Table 4.4 and Figure 4.22, the first prin-

cipal component PC1 indicates loadings of 1.0 for all bands and has 99.69% of total dataset 

variance. While the 1.0 is probably an artifact of rounding and the correlation is not perfect, 

this loading pattern does indicate that extremely little non-correlated information exists in the 

thermal bands. The primary data in the thermal bands is therefore likely to be the rock tem-

perature, not absorption features. 

From the PC2 images, spatial patterns are found as very bright and dark colours in dif-

ferent areas. Considering the loadings in PC2 are positive in band 10 (0.07), and negative in 

bands 13 and 14 (-0.04, -0.04), quartz rocks would show as dark pixels in PC2.  

PC3 has positive loading in band 10 (0.02), a very high negative contribution in band 

12 (-0.06) and positive contribution in band 13 and band 14 (0.01, 0.01 in respect). Consider-
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ing the magnitude and sign of the loadings, quartz rich rock is demonstrated as bright pixels 

(Figure 4.23a). It can be seen that the desert area at the bottom left of the image is very 

bright; some alluvium areas are also rich in quartz compared to other areas. The volcanic 

rocks (basalt) and gneiss show the darkest colour in the study area, especially the Black 

Mountain area which is covered with iron rich basalt in the south of the study area. This cor-

roborates the geological facts that the desert area and alluvium in the study area are rich in 

quartz, while basalt rocks, in agreement with their geological definition, contain very little 

quartz in their composition. PC4 and PC5 contain primarily noise, not very informative in de-

tecting quartz rocks.  Carbonate minerals cannot be identified in these PC bands, even though 

they show absorption features in TIR bands. Other spectrally similar hydroxides (as noted 

above) cannot be detected in the TIR PC bands since they do not show characteristic absorp-

tion features in the TIR bands. 

5.2.1.4 PCA analysis of mineral index images 

The purpose of PCA applied on the mineral indices was to see if some minerals are 

grouped together within certain rocks (pattern recognition). Another purpose is to identify 

high alteration mineral concentration zones - including several different alteration minerals at 

the same place - in one single variable (PC band), so as to provide an input in the gold pro-

spectivity modeling. PCA of original ASTER bands can be difficult to interpret. It becomes 

even more non-intuitive when using indices, which are already one step removed from the 

mineral reflectance data. 

 Table 4.5 and Figure 4.24 shows PC loadings applied on all eight mineral index im-

ages. PC1 is composed of positive loadings of all indices and has 98.67% of total dataset vari-

ance. PC1 identifies areas with the strongest signal for a combination of all the minerals. 
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 In PC2, the iron mineral index (FEI) has a dominant loading (-0.15), with little contri-

bution from anything else. So because FEI is a negative loading, the iron rich areas are shown 

in dark tones, while areas with poor iron minerals are shown in bright tone (Figure 4.25a). 

The dark areas, in general, correspond well with highlighted areas from the iron index image. 

 PC3 occupies only a small percent of total dataset variance (0.4%).  In PC3, the iron 

index has a dominant positive loading of 0.2 compared to the other index images. Iron altera-

tion minerals are expected to show bright colour. PC3 has very small eigenvalue (0.0073), 

because of this, some iron rich areas like Black Mountain are highlighted, while other  iron 

contained rocks like Gneiss in the south west are not highlighted (Figure 4.25b).   

 In PC4, there are no dominant loadings that are much higher than the other index im-

ages. Hydroxyl and alunite minerals show in dark color, because of negative loading from 

OHI (-0.05) and ALI (-0.04), and iron/ultramafic minerals show in bright colour, because of 

positive loadings from ultramafic mineral index and iron index images (0.04, 0.03 respective-

ly). Basalt is the major rock being highlighted, while mica schist and conglomerate show ba-

sically dark colour, indicating rich in hydroxyl mineral groups. 

 In PC5 image, quartz is highlighted because of relatively high quartz index loading 

(0.09), ultramafic minerals show dark colour because of larger negative loading (-0.07) as 

compared to SI
-
 index image. In PC5, most basalt areas are highlighted in bright colour. PC6 

has very small variance of 0.084%.  However, some spatial patterns can be seen in the image: 

kaolinite minerals are highlighted due to the related positive loadings from the index images 

(0.04); alunite and ultramafic minerals are shown in dark colour, because of both negative 

loadings (-0.04, -0.04 in respect) (Figure 4.25c). PC7 and PC8 are not quite informative be-

cause of the dominance of noise in the two bands.  
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PCA applied on the mineral index images can be considered as an exploration to see if 

areas with multiple minerals show up. The very high positive loadings from all minerals in 

PC1, highlights areas with high accumulations for all minerals. The dominance of iron miner-

als in both PC2 and PC3 indicates that the index images themselves have already isolated the 

particular species of variance, and PCA does not add anything materially to the original indi-

ces. However the multiple-mineral groups in the later PC components show that for at least 

some rocks more than one mineral occurs together. This information should be similar to par-

ticular colors visible in RGB output of index combinations. The component would simply 

compress this information into a single band should that be useful for analysis.  

 In order to find high alteration minerals concentration zones in rocks, PCA was ap-

plied on 6 selected key alteration minerals in the study area. From the output PC statistics 

(Table 4.6), it can be seen that PC1 accounts for 98.72% the major total variance and posi-

tively correlates with all mineral indices, which indicates bright areas in PC1, have high ac-

cumulation of all the minerals. Thus, PC1 is taken as an indicator for alteration mineral abun-

dance.  

 In general, the PCA was very effective for detecting and mapping certain alteration 

minerals. The yielded PC images were capable of identifying spatial distribution of specific 

materials based on their spectral properties in the spectrum. The analysis of the PC bands and 

the corresponding false color composition highlighted certain areas as needing further investi-

gation. 

 Table 5.1 summarizes the techniques used in mineral mapping, and the minerals and 

rocks that are highlighted in each technique are listed. 
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Table 5.1 Summery of mineral mapping techniques 

Techniques Enhanced minerals Rocks  

Ratio Image    

RGB: 7-3-1  

(Figure 4.9 ) 

Delineate lithologic boundaries  be-

tween the major rocks   

 

RGB: 4/5- 4/6-4/7  

(Figure 4.10) 

Highlight hydroxyl minerals, alunite, 

and kaolinite 

Some mica schist and 

gneiss 

RGB: 4/7-4/6-4/10 

(Figure 4.11 ) 

Highlight hydroxyl minerals and 

quartz 

Sand rich in quartz 

RGB: 4/8-2/1-4/3 

(Figure 4.12 ) 

Highlight Mg-OH minerals, iron and 

iron oxide minerals. 

Iron and iron oxide rich 

rock (Basalt and gneiss) 

Relative band depth   

RGB: RBD 6-8-13   

(Figure 4.13 ) 

Highlight Al-OH, Fe/Mg-OH and 

mafic-ultramafic rock  

Felsic rock (magenta), 

mafic rock (cyan) 

Band indices   

VNIR & SWIR indices: 

OHI, KLI, ALI, CLI, FEI 

(Figure 4.14) 

Clearly delineate distribution of 

designated minerals   

Minerals distribution on 

different rock types are 

clearly shown 

TIR indices: QI, CI, SI
-
 

(Figure 4.17) 

Thresholded mineral maps 

(Figure 4.16& 4.18 ) 

PCA   

PCA on 14 ASTER bands   

RGB: (-PC4)-PC5-PC6  

(Figure 4.3d ) 

Highlight iron oxide minerals, and  Fe, 

Mg(OH)-bearing minerals groups 

Gneiss and basalt are 

rich in iron oxide, mica 

schist, schist and con-

glomerate are rich in 

OH-bearing  minerals 

PCA on VNIR&SWIR   

RGB: PC3-PC5-PC6  

(Figure 4.20) 

Clearly show carbonates/hydroxyl 

minerals and iron oxide minerals  

Carbonates/hydroxyl 

minerals rock (yellow) 

PCA on TIR   

RGB: PC1-PC2-PC3 

(Figure 4.23b ) 

Highlight quartz Sand rich in quartz 

PCA on 8 mineral indices   

RGB: PC2-PC3-PC6  

(Figure 4.25d) 

Clearly tell clay (or hydroxyl) miner-

als from iron minerals 

Basalt and gneiss  

 

 In this table, ratios were widely used to highlight different minerals. In the ratio imag-

es, mineral distributions are clearly shown, while the topographic effect is suppressed. 

Thresholds for mineral index images are subjective. Although thresholded pixels can show 
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minerals very clearly, it cannot quantitatively represent the weight percent of minerals. To 

create a true mineral content (wt. %) image, information like laboratory work on rock samples 

are needed. 

 In these images, all rocks show low levels of quartz in the study area compared to the 

quartz sand. The surface of the gneiss shows extensive alteration to iron oxides, hydroxyl 

minerals and Fe, Mg-OH (ultramafic) minerals. The surface of volcanic rocks (basalt) shows 

hydroxyl minerals and Fe content varies from place to place. Basalt in Black Mountain areas 

is more oxidized compared to basalt other locations. Other rock types like mica schist, schist 

and conglomerate in the north show more felsic minerals than mafic minerals. These conclu-

sions are in agreement with the properties of each of the lithologies mentioned.  

 The mineral results also show some discrepancies between the geologic report and the 

mineral analysis. According to the geologic report (Morton, 1977), gneiss and mica schist 

contain quartz components. However, from the ASTER images analysis (like the ratio, quartz 

index image and PC analysis) outputs, quartz is concentrated in the sand areas, and no rocks 

have highlighted quartz distributions. Another problem is the mapping of carbonate minerals 

using a band index. The threshold carbonate mineral pixels derived from the index image 

show a spectral signature that does not correspond to the spectral library. As the study area 

has very small carbonate outcrops that can be simply ignored (Morton, 1977) and these rocks 

are not related to gold prospect, the failure of mapping carbonate minerals in the study area 

will not affect the mineral interpretation much. 

 Besides the finding of alteration minerals in rocks, it can be seen that the alluvium ar-

eas also show they contain alteration minerals. Furthermore, minerals in alluvium areas differ 

in different areas. In general, alluvium in the north of the mountain area is rich in Al-OH bear-
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ing hydroxyl minerals like kaolinite and alunite, while the south has more Fe, Mg-OH bearing 

hydroxyl minerals. Alluvium close to the mountain front shows similar colour to the nearby 

rocks, indicating a relation between the alluvium and the local hills, which formed the alluvial 

fan.  Since there is gold found in certain source rocks, it might be a place of interest to look in 

the parts of the alluvium with the same colour as those bedrock areas. Actually, some gold 

prospects have already been found in those alluvium areas that are close to the bare rocks the 

south (as shown in Figure 2.3).   

5.3 Lithologic classifications  

5.3.1 Maximum likelihood classification 

 Among the output of the MLC classification using three input data sets, the 14 AS-

TER bands input yields the best overall accuracy (70.56%; kappa coefficient, 0.65) compared 

to  PC bands input  (69.36%; kappa coefficient, 0.64)   and 9 VNIR+SWIR bands input  

(64.08%; kappa coefficient, 0.58) (Table 5.1). Furthermore, 14 ASTER bands input yields the 

highest user’s accuracy for the most important rocks- gneiss and basalt. The results show AS-

TER TIR input improves the classification results compared to input without it. This indicates 

that the TIR bands provide additional spectral information in the classification analysis. 

PCA’s main function is to eliminate noise, and the lack of significantly improved accuracy 

indicates that for these classes on this image there isn’t apparently much noise.  
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Table 5.1 Confusion matrices for MLC on different inputs (P.A.: producer’s accuracy, U.A.: user’s accu-

racy) 

 VNIR,SWIR &TIR VNIR&SWIR PC bands 

Rock units P.A. U.A. P.A. U.A. P.A. U.A. 

Basalt (%) 74.25 72.38 55.36 72.47 69.10 68.08 

Gneiss (%)  61.35 60.19 54.59 70.19 60.87 62.38 

Conglomerate (%) 82.65 74.14 78.82 62.18 81.18 72.25 

Mica schist (%) 63.30 45.59 55.32 43.15 60.64 47.30 

Schist (%) 25.81 96.97 45.16 70.00 40.32 94.34 

Granodiorite (%) 65.43 78.85 68.62 61.72 66.49 81.17 

Plutonic rock (%)  65.66 69.15 51.52 60.00 63.64 59.43 

Alluvium (%) 93.33 93.33 91.79 73.36 90.82 90.36 

Overall Accuracy (%) 70.56  64.08  69.36   

Kappa Coefficient 0.65   0.58   0.64   

 

 The most accurate class for all three data sets is alluvium (around 90% with both pro-

ducer’s and user’s accuracy for each input data).  In the classified rocks, conglomerate has 

been well classified in all three classified images, which has moderately high producer’s accu-

racies (82.65% for 14 ASTER-input, 78.82% for VNIR& SWIR-input, and 81.18% for PC- 

input), indicating a low omission error. 

 Gneiss and basalt are the two important classes in the classified images. Because both 

rock types occupy large areas in the study area, their accuracies will influence the overall rock 

classification accuracies. Also, according to the alteration minerals analysis, these two rocks 

contain most of the iron alteration minerals, which is a very important indicator for gold.  

 For 14 ASTER data input, gneiss and basalt have moderate accuracies (61.35% pro-

ducer’s accuracy, and 60.19% user’s accuracy for gneiss; producer’s accuracy of 74.25%, and 

user’s accuracy of 72.38% for basalt). In all three classified images, gneiss is confused with 

basalt or mica schist. By taking a look at the spectral profiles, gneiss, mica schist and basalt 

have similar spectral signature and the separability is not high (transformed divergence value 

of 1.61 with mica schist, and 1.87 with basalt). The similarity in spectral signature might be 

due to the similarity in the mineral composition in those rocks, e.g. both basalt and gneiss are 
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detected rich in ultramafic minerals and both gneiss and mica schist have biotite in their com-

positions.  

 Schist-classified pixels occupy small areas with a very low producer’s accuracies 

(25.81% for 14 ASTER-input, 45.16% for VNIR&SWIR-input, and 40.32% for PC-input). It 

can be seen that many of the schist areas from the geologic map were wrongly classified as 

basalt or mica schist. In the geologic report (Morton, 1977) (see the geological setting sec-

tion), mica schist and schist are formed in two different ages, and their mineral compositions 

are not exactly the same. But both of them contain phyllite, which makes not much difference 

in the way that reflectance could determine. Gneiss in the study areas includes biotite in its 

composition, which is a common mineral within the mica group. The similarity in minerals 

explains the confusion of the three classes.  To improve the accuracy, one method is to merge 

mica schist and schist classes into one. By combing schist into mica schist, the producer’s ac-

curacy for schist would improve from 26% to 51%. 

 A field geologist might be more concerned about missing some possible host rocks for 

gold, like gneiss in the study area. So they might not be worried about gneiss being over pre-

sented (lower user’s accuracy), than gneiss being omitted (lower producer’s accuracy). How-

ever, too low user’s accuracy might mean they have to spend more field time and money to 

examine areas that in fact should have been eliminated. Based on the analysis above, the accu-

racy for conglomerate is good, and gneiss and basalt are moderately good. These classified 

rocks might be worth a field check. 
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5.3.2 SAM classification 

 In order to examine the ability of spectral classification techniques in lithologic classi-

fication, the SAM and MTMF methods were implemented in this research. 

 In the output of SAM classification (Table 5.2), MNF bands input achieved a relative-

ly higher overall accuracy (37.15%; kappa coefficient, 0.25) compared to the 14 ASTER 

bands input (33.44%; kappa coefficient, 0.21). MTMF has overall accuracy 16.78% and kap-

pa coefficient of 0.12. Comparing the three classification techniques, the traditional MLC 

classification is more effective in identifying rocks in the study area. The spectral classifica-

tion results indicate these two techniques did not improve the classification results. 

Table 5.2 Confusion matrices for SAM on different classification inputs 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 In SAM and MTMF classifications, endmembers play an important role in the final 

accuracy. To evaluate if the endmembers really represent the rocks, the ASTER image de-

rived endmembers were compared with the corresponding rock samples from the USGS li-

brary.  The comparison shows there are no very close matches found through all ASTER 

bands: for gneiss and conglomerate, library sample and corresponding endmember show simi-

lar absorption features in SWIR bands (2.0 µm-2.5 µm), while in the VNIR bands, the fea-

tures are different. Basalt show similar absorption features in band 3 and 4 for library and 

 VNIR,SWIR &TIR MNF bands 

Rock units P.A. U.A. P.A. U.A. 

Basalt (%) 25.32 56.73 42.06 47.92 

Gneiss (%)  4.35 24.32 17.24 53.85 

Conglomerate (%) 77.94 28.93 73.24 43.08 

Mica schist (%) 18.62 39.33 11.41 60.00 

Schist (%) 21.77 50.94 17.74 56.41 

Granodiorite (%) 12.77 39.34 1.06 66.67 

Plutonic rock (%)  41.41 26.45 31.08 39.66 

Alluvium (%) 43.65 29.66 56.92 27.82 

Overall Accuracy (%) 33.44  37.15   

Kappa Coefficient 0.21   0.25   
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endmember spectra, but no similarity in 2.0 µm-2.5 µm wavelength. Other rocks do not have 

obvious similarity in these two spectra.  

 Even though library samples are not necessarily the same composition of rocks in the 

field, the discrepancies between endmember and spectral library indicate the selection of 

endmembers is problematic. The derived endmembers may not have much relevance to litho-

logical units that form mixed spectra from various minerals, soil, and weathered residue. 

 Even though the overall accuracies of SAM are very low (under 40%), a few classes 

had individual high accuracies. For example, conglomerate has high classification accuracy 

(producer’s accuracy of 77.94% for ASTER bands input, and 73.24% for the MNF bands in-

put). The low user’s accuracies of conglomerate (28.93% for ASTER bands input, and 

43.08% for MNF bands input), indicates that conglomerates are overrepresented in both clas-

sified images. The corresponding library spectra show the similarity with the endmember. So 

the conglomerate endmember might correspond to a mapped rock unit. 

      In the SAM outputs, gneiss has very low producer’s accuracy (4.35% for 14 ASTER 

bands input, 17.24% for MNF bands input). Basalt and mica schist are wrongly classified as 

gneiss. In SAM classification, only the angle of the spectra is taken into consideration, while 

the length of the vectors is ignored (ITT, 2010). As length of the vector is related to the illu-

mination and albedo effects, the SAM is not able to differentiate pixels with same shape pat-

terns but different illuminations. From the endmember spectral signature profile (Figure 

4.29), it can be seen that although gneiss, basalt (Tva, Tvb), and mica schist have different 

illuminations, their spectral shape patterns are quite similar. That might explain the confusion 

in these rocks.  
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5.3.3 MTMF classification 

                                                                                                          Table 5.3 Confusion matrix for MTMF 

 MTMF has a very low overall accuracy of 

16.78% (Table 5.3). The producer’s accuracies are 

all very low for classes, which mean that pixels of 

these rock types are very easily put into other clas-

ses. The user’s accuracies for each class are higher. 

Because of low user’s accuracies, MTMF is not a 

very good way to map the region. 

 In the confusion matrix, granodiorite and plu-

tonic rock has very high user’s accuracy (90.91% and 85.71% in respect), which indicates that 

the false positive pixels in each class are effectively eliminated. Gneiss has a moderate user’s 

accuracy of 58.33%, and the very low producer’s accuracies (both are about 13% for basalt 

and gneiss) indicate that a large areas of these two rocks are omitted. This result indicates that 

gneiss is not well classified in the MTMF either. 

 Besides the aforementioned problems in the classification process that might reduce 

the accuracy, the geologic map is taken as the reference data, which is problematic too. The 

geologic map itself has no quantitative accuracy assigned to it, and is based on expert inter-

pretation of field work. The image looks at what is actually there on the surface. In arid areas 

the surface rock is more likely to be the underlying rock that is mapped, which is why we try 

imagery. ASTER images are trying to map actual surface; in arid areas, the surface rocks are 

more likely to represent the underlying rocks, which is worth the image analysis. 

 
MNF bands 

Rock units P.A. U.A. 

Basalt (%) 13.52 77.78 

Gneiss (%) 13.53 58.33 

Conglomerate (%) 32.06 46.98 

Mica schist (%) 8.51 25.4 

Schist (%) 8.06 55.56 

Granodiorite (%) 5.32 90.91 

Plutonic rock (%) 18.18 85.71 

Alluvium (%) 25 37.88 

Overall Accuracy (%) 16.78  

Kappa Coefficient 0.12 
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 In conclusion, the traditional classification results from MLC are acceptable. The AS-

TER bands were designed for the sensor to cover the most important spectral features of the 

major rocks types. By comparing different inputs in MLC, the original 14 bands yield the best 

results, indicating that the band choice gives important contribution in the classification. 

However, the efforts of reducing noise and using spectral classification techniques do not im-

prove the accuracies as expected.  In the spectral classification process, some not well mapped 

rocks might be due to a lack of ability to distinguish spectra which are indicated by low spec-

tra separability from the endmembers.  

5.4 Prospectivity map 

 In this study, the prospectivity maps were created based on the relations of gold depos-

its with rocks, alteration mineral zones and proximity to lineaments.  Two modelling tech-

niques were used: weighted overlay and logistic regression (weights of evidence).  

 Prospectivity map produced by using the logistic regression method is a better 

predictor of the known gold prospects (90.5% efficiency score) than  is the weighted overlay 

method (84.7% efficiency score) (Figure 4.34). Both models verify that gneiss plays an 

important role in gold prospects. Besides rock information, the additional input data have 

allowed the models to find interesting associations of other features (alteration minerals, 

proximity to lineaments and other rock types) with gold prospects that were not known about 

beforehand. 

 The knowledge-driven approach (“weighted overlay”) technique, although more sub-

jective, offers more direct control over the modeling process. Figure 4.35 shows the output 

of prospectivity map produced using the weighted overlay technique. From this image it can 

be seen that areas with highest probability for gold are related to gneiss. No special patterns 
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can be found on the second highest probability zone, as the second highest probability areas 

are scattered around all the mapped areas.   

 The data-driven approach is objective as the weights for each evidence map are 

derived statistically. The weights reflect whether more gold prospects fall on a given map 

pattern (e.g. alteration minerals, specific lithology, close to a fault) than would be expected by 

chance.  If there seems to be a spatial association between the known gold prospects and a 

specific map pattern, as reflected by higher weights (higher coefficients for logistic 

regression), the geologist must ascertain whether this apparent association makes geologic 

sense. In some situations,  a spatial association revealed by the logistic regression approach 

may result in a meaningful association that the geologist may have overlooked in the 

exploration process.  

  The prospectivity map produced using the data- driven method (logistic regression) 

(Figure 4.36), also shows that gneiss areas are more likely to have gold prospect (reflected 

by a higher coefficient of 3.39, Table 4.17).  Among the non-gneiss areas, plutonic rocks 

have the second highest probability value (coefficient value of 3.28). Conglomerate, basalt 

and mica schist also have spatial relations with gold in the model (with coefficient value of 

3.05, 2.96 and 2.82 in respect).   

 Lineaments have a very high coefficient value of  3.89. As discussed above, 

lineaments are related to topographical relief in the study, even though the relation of 

topographic relief and faults are unclear, areas close to the lineaments are more likely to be 

bare rock (more common on steep slopes) than low-topography areas. This might indicate 

gold deposits are found related  to bare rocks with topographic relief.    
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 The mineral abundance does not play an important role in the regression model, which 

can be seen from the coefficient value of 0.44. The low association might be related to the fact 

that not many gold deposits are found in  high mineral accumulated areas. The accumulation 

of minerals on the surface might be caused by water deposition at the foothills not related to 

underlying rocks. 

 In terms of the accuracies, most themes have standard deviations (σ) with a value 

around 1. Plutonic rock have the highest standard deviation (σ=1.24), mineral map has the 

lowest standard deviation (σ=0.53). Considering the accuracies for each theme, the 

assignment of weights might be problematic, as higher weights are assigned to plutonic rock. 

A lower weight assigning to less accurate rock types might make the model more justifiable.  

 Both prospectivity models might be further improved by integrating geochemical and 

geophysical datasets.  In some areas, the cover of sediments or soil obscured suitable host 

rocks and this study did not attempt to map prospectivity in these areas. Modern geophysical 

surveys, including airborne gravity and aeromagnetic techniques, will be critical in advanc-

ing areas of thin cover.  
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 Summary Chapter 6:

  The purpose of the study was to see if ASTER image analysis could produce some-

thing similar enough to the field map that could be used to save time and money in the field. 

To meet this purpose, the ability of ASTER data for lithologic and mineral mapping which are 

related to gold exploration activities was evaluated in an arid region in southern California. 

Different image processing methods including band ratios, band indices, PCA, and classifica-

tion techniques on ASTER bands were utilized and gold prospectivity maps were created. The 

study shows that band selection is crucial in the whole process because ASTER provides a 

wide range of band coverage that can be used as a basis for mineral and lithologic mapping on 

the surface. 

6.1 Alteration mineral mapping 

 Mapping of gold related alteration minerals can identify alteration mineral distribu-

tions, which is important for gold exploration. In order to map different alteration minerals, 

techniques like false color composite, ratio images (including band indices), and PCA were 

applied on different ASTER bands. For the purpose of finding alteration concentration areas, 

PCA was applied on alteration mineral index images, and a mineral abundance map was cre-

ated. This map provides a good way to analyze alteration minerals accumulations on the sur-

face. The study proves that ASTER image analysis is capable of identifying different altera-

tion minerals, and showing their distribution and concentration on the surface. 

6.2 Lithologic mapping 

The results show that classification of rocks using remote sensing data can show sur-

face details compared to geologic map. Three the classification techniques were used to map 
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the lithologies in the study area. The traditional multispectral MLC classification with all AS-

TER bands is more effective (with an overall accuracy of 70.56%) compared to spectral anal-

ysis techniques (overall accuracy for SAM is 37.15% and MTMF is 16.78%).  The best classi-

fied lithologic map is capable of discriminating rock distribution similar to the geological 

map.   

6.3 Prospectivity map 

 The purpose of prospectivity map is to provide a more straightforward way to tell 

which area most probably has gold. As the geologic map does not strictly represent the sur-

face exposure, the prospecting of surface exposure provides a good way to go first for recon-

naissance mapping. Two prospectivity maps were created using weighted overlay and logistic 

regression (weights of evidence) techniques.  

From the classification efficiency curves, it can be seen that both models were 

effective in predicting the known gold. Logistic regression method has a higher class 

efficiency score (90.5%) than weighted overlay method (84.7%).  

 ASTER proves to be a useful tool in the initial steps of gold deposit exploration be-

cause it can provide accurate data for mapping the surface distribution of certain minerals and 

rocks. ASTER supports the determination of alteration products on the surface, and reduce the 

time and cost required for field investigation.   

6.4 Limitations 

 This study shows that ASTER data is very effective in the discrimination of minerals 

and rocks occurring on the surface in an arid area. However, there are several factors that 

could limit the outcomes. 
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 First of all, there is a problem in using the geologic map as the reference data. A geo-

logic map is not the same as satellite images. Geologic surfaces are often covered with non-

geologic materials such as vegetation or soils. The map makes inferences based on knowledge 

of geological processes that cannot be made from an image. So the classified images will not 

be the same as the geologic map.  

 Secondly, because of lack of field data, the endmembers and training data are derived 

from the ASTER image. The spectra of rocks derived from the training data cannot best rep-

resent the actual rocks in field. The use of field spectra collection and site visits to investigate 

lithologic spectral response patterns may provide accurate input to the classification and spec-

tral library. Also, site visits and surface exposure sampling at random sites using the image 

classes would greatly enhance this evaluation, but is not possible in the current project. 

 Furthermore, the situation of outcrops of lithologies and complexity of the surface 

ground, such as the mixture of green and senescent vegetation species, considerable bare 

ground soil crusts and powdery and salinized surfaces could pose problems in image analysis 

and impact the classification accuracy results.  

6.5 Recommendations for future study 

 Although lithologic and mineral discrimination with ASTER satellite imagery 

achieved some success, and demonstrated the advantages of certain techniques over others, 

several jobs might be considered for future research. 

 The image analysis results show alteration minerals and rocks, and the prospectivity 

maps provide areas with possible gold deposits. These results should be tested in the field and 

their accuracies and ability to find targets need be tested.  
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The techniques and analysis methods used in this study should be applied to other 

study areas to determine the applicability to a greater variety of rock types and surfaces, to 

find a better ways that this model can be used in exploration management.  
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Appendix A: PC bands 
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Figure A-1 PC bands of 14 ASTER bands. 
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Figure A-2 PC bands of ASTER VNIR and SWIR bands. 
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Figure A-3 PC bands of ASTER TIR bands. 
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Figure A-4 PC bands of 8 mineral index bands. 
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Figure A-5 PC bands of 6 mineral index bands. 
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Appendix B: Training classes distribution for MLC in all      

ASTER bands 

 



162 

 

 

 

 
 

 



163 

 

 

 
 

 



164 

 

 



165 

 

 

 

 



166 

 

 

 
 

 



167 

 

 

 
Figure B-1 Histograms of training classes distribution for MLC in all ASTER bands.  

 


