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Abstract 
DIAMONDS IN THE ROUGH: REMOTE PREDICTIVE MAPPING USING MULTISPECTRAL 

SATELLITE IMAGERY FOR KIMBERLITE EXPLORATION ON NORTHEAST BANKS 

ISLAND, NORTHWEST TERRITORIES, CANADA. 

This study demonstrates the use and limitations of Remote Predictive Mapping (RPM) as an aid to 

kimberlite exploration on northeast Banks Island, Northwest Territories, Canada.  It focuses on the 

effectiveness of ASTER and Landsat 8 optical multi-spectral satellite imagery for discerning the spec-

tral properties of different bedrock and surficial materials that outcrop or blanket the regional terrain.  

Statistical algorithms and digital image enhancement techniques were used to highlight patterns and 

anomalies within each scene in order to determine the range of materials and specific deposits (e.g., 

till, glaciofluvial) that could be the source of recovered kimberlite indicator minerals (KIMs) from 

stream sediment samples.  Field inspection and sampling were in part guided by these patterns and 

anomalies.  During the course of fieldwork, numerous outliers of the Pliocene Beaufort Formation 

fluvial sand and gravel deposits were discovered on upland surfaces in northeastern Banks Island. 

These outcrops sit well beyond (east) of any previous mapped Beaufort Fm. extents, and it is hypothe-

sized that as they exist within catchments where Industry has recovered KIMs, they could be a source 

of bedrock-inherited KIMs.  Field observations and spectral sampling using a portable 

spectroradiometer were integrated with ASTER and Landsat data to predict the spatial extents of 

Beaufort Fm. deposits.  Using test and field-validated Beaufort Fm. sites, Spectral Angle Mapper 

(SAM) whole pixel spectral target detection was compared with Matched Filtering (MF), Mixture-

Tuned Matched Filtering (MTMF) sub-pixel spectral target detection methods and Parallelepiped 

classification for ASTER scenes 1228 and 0686.  Each method was also performed on ASTER scene 

0541 to assess the potential for Quaternary sediment discrimination, using pixel ROIs from a field-

validated glaciolacustrine deposit.  The sub-pixel sensitivity of the MF/MTMF methods was 

determined to have the best potential for the discrimination of surficial materials on NE Banks Island.  

MF/MTMF also had the best results for discriminating Beaufort Fm. in scene 1228, but Parallelepiped 

classification was the most effective prediction method for scene 0686. These inconsistent results 

indicate spectral variability between Beaufort Fm. sites, a consideration for any further study in the 

region.   
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1.0 Introduction 

 

1.1 Remote Predictive Mapping 
 

Remote Predictive Mapping (RPM) is a tool used to identify and predict the distribution of geological 

map units, physical structures, and physiographic features, and to focus fieldwork by identifying 

patterns and anomalies within remotely-sensed imagery (Schetselaar et al., 2007).  It requires remote 

sensing specialists and geologists to work collaboratively to acquire, process, and analyze remotely-

sensed data.  As a part of the geological mapping process, RPM is constantly being tested and refined 

to facilitate interpretation of the Earth’s surface (Schetselaar et al., 2007).  

    

1.2 Geological Remote Sensing 
 

In the past, analog stereo aerial photography was the principal basis of geological remote sensing. 

With the advent of satellite imagery, digital image processing methods were added to traditional 

visual interpretation.  Image manipulation, statistical computation, and computerized classification 

brought a new standard to image analysis.  The quantitative nature of digital images also allowed for 

integration into Geographic Information Systems (GIS) and with it, the ability to overlay layers of 

information, such as aeromagnetic survey data and digital elevation models (DEM).  In addition, the 

range at which digital sensors can capture radiation in the electromagnetic spectrum (EMS) is far 

greater than what can be seen with the human eye.  This feature has been a vital component of remote 

sensing use in geology, which benefits from image capture not only in the visible (V), but in the near 

infrared (NIR), short-wave infrared (SWIR) and thermal infrared (TIR) sections of the EMS. Orbiting 

at hundreds of kilometres above the Earth’s surface, satellite sensors also produce images covering 

much larger areas than aerial photos.  This synoptic view facilitates the detection of larger, regional 

geological features such as faults, fractures, and lithological contacts (Chuvieco and Huete, 2010).   

 

1.3 Remote Predictive Mapping for Mineral Exploration 
 

Traditional use of satellite imagery in mineral prospecting involves the identification of hydrothermal 

alteration zones, associative ore minerals, or bedrock structures that exert control on ore deposits 

(Sabins, 1999); this approach has been successful in the exploration of copper (Pour et al., 2011; Pour 

and Hashim, 2012), gold (Pour et al., 2011; Pour and Hashim, 2012) and general mineral and 

lithological mapping (Kruse et al., 2003; Yamaguchi and Naito, 2003; Zhang and Pazner, 2007; 



10 

 

Bedini, 2011).  Integrated statistical modelling using remote imagery has also been employed to 

predict the location of ore bodies (Harris et al., 2014; Rodriguez-Galliano et al, 2014; Salem and 

Gammal, 2015).  However, neither method is particularly useful in diamond exploration, as 

kimberlites within Canada are found most often beneath water bodies or glacial drift, and the rare 

exposed kimberlite diatreme is generally too small to be resolved by the spatial resolution of 

conventional multispectral satellite systems.  Mineral exploration by identification of hydrothermally 

altered rocks in areas where exposed bedrock constitutes less than 50% of the surface area is 

inadvisable, though lithological mapping is still possible (Sabins, 1999).  In light of this knowledge, 

RPM methods were adapted for northeast Banks Island, and ASTER and Landsat 8 multispectral 

imagery were instead applied to the discrimination of unique bedrock and surficial units, the benefit 

of which will be explained in the next section. 

 

1.3.1 Remote Predictive Mapping in Canada 
 

In Canada, RPM has been used for surficial (drift) material mapping (Harris et al. 2014).  Drift 

prospecting for detecting the dispersal of indicator minerals from an ore body source by glacial 

erosion and deposition is a common exploration practice in Canada (Kerr et al., 1997; McClenaghan 

and Kjarsgaard, 2001; McClenaghan, 2005). In perhaps the majority of cases, satellite-based remote 

sensing is generally incapable of resolving what would typically be low-concentration mineral content 

in drift.  Where ore bodies have particularly unique properties such as radioactivity (i.e., uranium, 

thorium), satellite (and airborne-based) radiometric detection in drift is possible (cf., Paradella et al. 

1997; Viscarra et al., 2014). For most other economic geological mineral deposits, airborne-based 

detection methods (e.g., aeromagnetic and electromagnetic surveys) may be more effective (Holden et 

al., 2012; Anderson et al., 2013).  Application of satellite-based RPM still remains relevant however, 

because in any drift prospecting undertaking in areas that were previously glaciated, it is the 

reconstruction of past glacial flow histories and identification of different glacigenic sediments that 

becomes key to tracing indicator minerals back to their source.  Rather than focussing on detection of 

actual minerals, surficial geology-based RPM is used to detect differences in surficial sediments that 

reflect different bedrock materials eroded by the glaciers, glacial lineament-defined flow paths and 

changes in flow direction, and different types of glacial deposits (e.g., eskers, glaciofluvial, till) that 

may become the focus for field sample collection (Paulen and McClenaghan, 2013).  
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1.4 Kimberlite Exploration 
 

This study is focussed on trying to resolve the nature and distribution of kimberlite indicator minerals 

(KIMs) on northeastern Banks Island, Northwest Territories (NT), Canada, and whether these can be 

linked to a possible Banks Island kimberlite source, or whether they relate to erosion and redeposition 

from a kimberlite body situated beyond Banks Island (e.g., Victoria Island or the Lac de Gras 

kimberlite fields). Kimberlite is an ultrabasic igneous rock that forms in the mantle 150-200 km below 

the surface of the Earth and when erupted to the surface, found to house the majority of the planet’s 

diamonds, though not all kimberlites are diamond-bearing (Berendsen et al. 2000).  KIMs have been 

reported from regional stream sediment surveys on northeastern Banks Island by Diamonds North 

(2008).  Kimberlite exploration on Banks Island has also been conducted by Monopros from 1995 to 

1997 and Rio Tinto in 2010 and 2011.  

Within Canada, kimberlites are almost exclusively found below water bodies or glacial drift cover, 

reflecting their general weaker strength than enclosing bedrock, and a consequence of preferential 

glacial erosion.  Because of the near ubiquitous, complex array of surficial material that covers NE 

Banks Island (Vincent, 1983; Lakeman and England, 2012; 2013), expectations of remotely 

identifying a kimberlite outcrop were low.  RPM methods were adapted to identify any outcrops of 

different bedrock or surficial materials within catchments where KIMs were reported. This would 

narrow the area for field investigations and sample collection that would then be used to assess their 

potential provenance and the possibility of a Banks Island kimberlite body.  Initially, Isachsen Fm. 

outliers were the target of RPM on northeastern Banks Island, as Miall (1979) had indicated on his 

bedrock map that “numerous scattered outliers of Isachsen and Christopher Formations” were found 

on northeastern Banks Island, but were unresolved at the scale of mapping. Because the Isachsen 

Formation is a fluvial deposit that would have been sourced in part from erosion of the Canadian 

Shield (Thorsteinsson and Tozer, 1962; Miall, 1979), it was hypothesized to be a potential source of 

bedrock-inherited KIMs. However, where identified in the field, outcrops of Isachsen Fm. were 

mostly near vertical faces flanking incised stream courses and glacial meltwater channels and would 

be difficult to resolve with imagery taken at or near nadir.  Beaufort Fm. outliers were unexpectedly 

discovered in the field, and, due to their proximity to positive stream sediment KIM recoveries, 

became the target for RPM in this thesis.   

RPM is a complementary exploration tool to traditional field methods in geological and mineral 

mapping.  Use of satellite imagery requires ground validation and testing using a hand held 

spectroradiometer, field observations, and representative sample collections for accurate 

determination.  As such, this thesis includes data and observations collected on a recent field 

excursion to northeast Banks Island in July, 2015.  
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1.5 Aims 
 

This thesis employs RPM to advance understanding of the geology of Banks Island, NT, with 

implications for kimberlite exploration.  It will address the following research questions: 

Can RPM distinguish between bedrock types on NE Banks Island, and if so, can it be used to 

predictively map their occurrence and distribution? 

Can RPM distinguish between different surficial sediments on NE Banks Island, and if so, can it be 

used to predictively map their occurrence and distribution? 

 

1.6 Prediction Methods 
 

The methods to predict the distribution of minerals or mineral assemblages can be supervised (based 

on a-priori knowledge) or unsupervised classification functions, spectral matching algorithms, or 

multivariate statistical models.  Use of a particular algorithm is generally decided by user experience 

and available software (Dennison et al., 2004), but the history of a particular algorithm as it relates to 

the specific subject under study (in this case geology) can also be a deciding factor.  Spectral Angle 

Mapping (SAM) is a spectral matching algorithm (Kruse et al., 1993) that has helped with 

discriminating vegetation type (Lass et al., 2002), monitoring land cover change (Sohn et al., 1999), 

and mineral identification (Kruse et al., 2003).  While SAM was originally developed for 

hyperspectral data it can also be applied to multispectral data (Kruse et.al, 1993).  Kruse and 

Boardman employed both SAM and Matched Filtering in a 2000 kimberlite exploration study using 

remotely-sensed data.  Matched Filtering (MF) is a spectral matching algorithm (Chen and Reed, 

1987; Stocker et al., 1990; Yu et al., 1993; Harsanyi and Chang, 1994; Boardman et al., 1995) that has 

successfully classified target spectra for mineral exploration in Iran (Zadeh et al., 2014), and 

Argentina (Kruse et al., 2006).  Mixture-Tuned Matched Filtering (MTMF) is the same as MF, with 

the addition of an infeasibility map to help filter out false positive results.  The inclusion of 

Parallelepiped classification in this thesis was an experiment to determine if a simple classification 

method could produce similar results to that of the target detection methods listed above. 

Aeromagnetic data can help locate subsurface magnetic materials and delineate geological features 

(Sabins, 1999; Allek and Hamoudi, 2008). Though the aeromagnetic data provided for this study area 

contained anomalies, the highest amplitudes were only 5.5 nT, which is far below the measures of >20 

nT typically associated with the presence of kimberlite diatremes (Diamonds North, 2008).   

This study focussed on using the analysis of spectral properties inherent in ASTER and Landsat multi-

spectral satellite imagery to identify surficial and bedrock anomalies and patterns on NE Banks Island.  
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Geological and pedological mapping were amongst the main design parameters of the ASTER 

instrument (Japan Space Systems, 2012); Landsat is a widely used multispectral imager with SWIR 

bands designed to support geological applications.  The thesis also assessed the potential and 

limitations of multispectral imagery use in middle and high Arctic terrain dominated by surficial 

sediment. 

 

1.7 Mineral Reflectance Properties  
 

Mineral spectral reflectance is determined predominantly by the geochemistry of particles (Bailin and 

Xingli, 1991).  Chemical composition, crystallinity, degree of weathering, orientation, grain size, 

transparency, associated mineral phases and presence of water all affect the in situ spectral signatures.  

Crystallinity refers to the type, size, charge and arrangement of atoms and molecules and the bonds 

between them, and is affected by temperature and weathering (Hauff, 2005).  High crystallinity 

reflects predictable order and crystal structure and can be seen as sharp, well-defined absorption 

features in a spectral signature, whereas low crystallinity reflects more chaotic crystal structure and 

can be seen as shallow, less defined absorption features (Hauff, 2005).  Spectral features observed in 

the VNIR and SWIR portions of the EMS are due to several geochemical processes. From 0.4-1.2µm, 

energy level changes in the valence electrons of transition metals, charge transfer between metal 

cations and associated ligands, and the paired excitations of metal cations cause the existence and 

placement of absorption features; from 1.3-2.5µm, absorption features are caused by molecular 

vibration processes (Crowley et al. 2003).  Grain size affects the intensity or depth of absorption 

features (Bailin  and Xingli, 1991).  A collection of laboratory spectral samples compiled by the 

USGS show that fine-grained samples will show deeper, more defined absorption features, while 

coarser-grained samples will have shallower, less defined absorption features. Yang et al. (2001) 

found shortwave infrared wavelengths useful in discerning minerals in the OH
−
,
 
SO4

2-
, and CO3

2−
 

groups.  At the multispectral satellite sensor level, spectral, spatial, and radiometric resolution are not 

fine enough to identify individual minerals, however, mineral group identification is possible.  SWIR 

is an important part of satellite sensors built in part for geological mapping because of the nature of 

geochemical bonds, but also because there is less atmospheric gas interference in this part of the EMS 

(Hauff, 2005).   In SWIR wavelengths, reflectance decreases as the grain size increases, but in longer 

wavelengths grain size effects are much more complex and may even reverse this trend (Clark, 1999).  

The presence of water also affects absorption features in the SWIR region; strong absorption bands at 

1.4 and 1.9µm are related to atmospheric water vapour. Water also affects the intensity of mineral 

spectral reflectance; spectra are shifted up or down depending on water content (Gray, 1997).  Finally, 

absorption coefficients are a little understood but important factor governing mineral reflectance.  A 

study showed higher absorption coefficients result in higher reflectance.  Consequently, elements with 
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higher absorption coefficients like illite can dominate a spectral signature even though in the sample 

collected it is found in smaller concentrations than other elements with lower absorption coefficients, 

such as iron (Hauff, 2005).   

At the laboratory spectroscopy level, it is easier to isolate and identify variables affecting the spectral 

signature of minerals.  Extracting specific spectral information from ASTER and Landsat imagery is 

compromised by atmospheric scattering, the presence of clouds, and low spatial and spectral 

resolution.  Hewson et al. (2005) found that many mineral spectral features that appeared diagnostic in 

laboratory conditions became limited once resampled to ASTER spectral resolution, creating the 

potential for erroneous mineral identification.  For example, at ASTER spectral resolution, the broad 

spectral features of garnets could be confused with the spectral features of green vegetation, and some 

MgOH minerals could be confused with carbonate.  However, quartz maintains diagnostic spectral 

features in the TIR region, readily observed in ASTER bands 10 to 12. 

 

1.8 Structure of Thesis  
 

Chapter 1: Introduces the research and aims, provides background on the interpretation of spectral 

data, and a review of mineral exploration using remotely sensed data.  

Chapter 2: Physiography, surficial geology and bedrock geology of the study area are described and 

the data is introduced. 

Chapter 3: Methods and results describes digital image processing steps, the functions used to 

enhance signal and reduce noise, and the algorithms employed for predicting the extent of Beaufort 

Fm. strata.  Image manipulation, target detection, and classification results are shown. 

Chapter 4: An analysis of the results is provided, followed by a discussion of the limitations of the 

data and study area, and finally considerations for future work. 

Chapter 5: Research questions are answered, and a summary of the work is provided.    

Chapter 6: References 
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2.0 Study Area and Data Description 

 

2.1 Study Area 
 

Banks Island is the westernmost island in the Canadian Arctic Archipelago, and at 70 028 km², the 

fourth largest.  

 

Figure 1. Banks Island, Northwest Territories 
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2.2 Physiography 
 

The majority of Banks Island lies within the Level III Mid-Arctic (MA) Ecoregion (Maxwell, 1981; 

Ecosystem Classification Group, 2013), characterized by hummocky to undulating tills, glaciofluvial 

plains, and frost-shattered bedrock.  Four dominant physiographic elements constitute this Ecoregion: 

low, discontinuous hills with dry calcareous tills and an array of ponds along the eastern shore; central 

uplands of gently undulating sandy till; western coastal plains punctuated by ponds and wetlands; and 

dissected till and weathered bedrock plains along the Thomsen River valley in the north.  The slopes 

of the north-west and the plateau region of the north-east quadrant both belong to the Level III High 

Arctic (HA) Ecoregion, and the coastal plain in south Banks belongs to the Level III Low Arctic-north 

(LAn) Ecoregion.  A dense network of drainage channels and unevenly distributed waterbodies are 

found throughout the island (Ecosystem Classification Group, 2013). 

Climate is cool, and frost and snow can occur at any month.  Annual temperatures average -15°C.  In 

July, the warmest month, temperatures average between 7°C, and in January, the coldest month, the 

temperature averages around -35°C.  The island is also a dry polar desert, receiving between 130 and 

150 mm of precipitation per year (Ecosystem Classification Group, 2013). 

Permafrost is continuous, and cryoturbation creates a variety of features, including turf hummocks, 

non-sorted circles, ice-wedge polygons, and patterned ground.  Principal soils include cryosols and 

gleysolic turbic cryosols. Vegetation in the form of dwarf shrubs, sedges, and grasses prevail, along 

with plentiful lichen in more exposed areas.  Denser plant communities correspond with snow 

deposition areas (Ecosystem Classification Group, 2013).   
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2.3 Surficial Geology  
 

The Quaternary glacial history of Banks Island (summarized in Smith and Farineau, 2015) has until 

recently been described by Fyles (1962), Vincent (1982, 1983, 1990, 1992) and others (cf., 

Barendregt and Vincent, 1990; Barendregt et al., 1998) as being characterized by a restricted Late 

Wisconsinan ice cover, and multiple (up to five) pre-Wisconsinan glaciations of accordantly older and 

progressively greater aerial extent. Accompanying each of these glaciations was a purported series of 

marine transgressions, and proglacial lakes, and areas of northwestern Banks Island were held to have 

never been glaciated. The result of this complex history of glacial and non-glacial periods is a diverse 

array of sedimentary records, erosion, and weathering environments illustrated in Vincent’s (1980a, b) 

surficial geology map of the island. 

Recent detailed and methodical air photograph and field-based mapping, exploration, chrono- and 

litho-stratigraphic and facies investigations on Banks Island and surrounding regions has 

fundamentally revised the glacial history of Banks Island, rejecting or re-interpreting the majority of 

Barendregt’s, Fyles’, Vincent’s and others previous conclusions (cf., England and Furze, 2008, 2011; 

England et al., 2009; Evans et al., 2014; Lakeman and England, 2012, 2013, 2014; Vaughan et al., 

2014). Further, it rejects many of the stratigraphic and sedimentological interpretations portrayed in 

Vincent’s (1980 a/b) surficial geology maps, most notably the absence of evidence for discernable 

surface till facies, the existence of raised marine sediments beyond those related to the Late 

Wisconsinan post glacial marine inundation (~27-60 m along the east Banks Island coast), and the 

much diminished extents of glaciolacustrine sediments. 

Of most direct relevance to this study is the documentation that all of Banks Island was inundated by 

the Late Wisconsinan Laurentide Ice Sheet, and that other than a deglacial faster flowing lobe 

extending down the Thomsen River valley and northwards up Prince of Wales Strait, the majority of 

the glacier cover was considered to have been cold-based throughout its extent (England et al, 2009; 

Lakeman and England, 2012, 2013). Where the ice remained cold-based, the glacial sediment cover is 

at most a discontinuous veneer (0-2 m), with only a surface scatter of erratics, and largely reflects 

prolonged periglacial weathering and reworking of often poorly consolidated, fine-grained bedrock. In 

contrast, areas along the Thomsen River valley and particularly along the eastern coast of Banks 

Island that incorporates the deglacial Jesse moraine belt (Lakeman and England, 2012) there are 

thicker veneers and rare till blankets (<2 m), along with abundant erratics chiefly derived from the 

mafic dyke and carbonate platform strata of Victoria Island to the east.  
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2.4 Bedrock Geology  
 

The bedrock geology of Banks Island has been extensively studied and documented in outcrop since 

the late 1940s by Washburn (1947), Thorsteinsson and Tozer (1959, 1962), Embry and Klovan (1971, 

1974), and Miall (1975, 1976, 1979), and in subsurface using cuttings, core and geophysical logs from 

ten drilled wildcat wells (Plauchut, 1971; Cassan and Evers, 1973; Jutard and Plauchut, 1973).  A 

recently published study by Harrison et al. (2013) suggested some revised formation names for the 

island.  Harrison et al.’s (2013) revised formation names are indicated in italics beside those used by 

Miall (1975).  

The oldest unit exposed on Banks Island is the Proterozoic-aged Glenelg (Nelson Head) Formation 

which can be found on the southeast coast. It is comprised of primarily white-pink quartzose 

sandstones with some cherty dolomites.  

The Late-Devonian pre-Mercy Bay Member (Weatherall Formation) is made up of siltstone, 

sandstone and shale with minor coal. The overlying Mercy Bay Member (Parry Islands Formation) 

contains mostly quartzose sandstones with occasional siltstone, shale and coal.  

Cretaceous units include the Isachsen, Christopher, Hassel and Kanguk Formations. The Early 

Cretaceous Isachsen Formation is a fine to coarse-grained quartz sandstone with minor 

conglomerates. Carbonaceous debris in the form of thin coal laminae as well as minor clay ironstone 

and marcasite concretions are also present (Thornsteinson and Tozer, 1962). In the upper portion of 

this formation rare quartz, chert and carbonate pebble beds are present and large boulders up to 34 cm 

in diameter can be found. The fluvial Isachsen Fm. is conformably overlain by the interbedded shales 

and fine-grained sandstones of the Christopher Formation which was deposited in an offshore shelf 

environment and may have been influenced by distal volcanic activity (Thorsteinson and Tozer, 1962; 

Miall, 1979). The silty sandstones of the Hassel Formation conformably overlie the Christopher 

Formation. Glauconitic sands found near the base of the formation infer deposition in a marine 

environment, while minor carbonaceous shale and coal indicate a transition to a more proximal 

depositional environment. The boundary between the Christopher and the overlying Kanguk 

Formation is marked by the presence of a distinct dark, bituminous and sulphurous shale containing 

layers of bentonite and tuff (Miall, 1979). Above this layer, the formation consists of grey-to green 

weathering shale with minor siltstone beds.  

The lower unit (shale member) Eureka Sound Formation (Strand Bay Formation) is a marine deposit 

characterized by light grey, fine-grained sandstone, coal, and carbonaceous shale.  The upper unit 

(cyclic member) Eureka Sound Formation (Iceberg Bay Formation) contains interbedded, 

unconsolidated sand, light grey shale, silty sand, siltstone, sandstone, lignitic coal, soil beds, 
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carbonaceous shale, and clay ironstone (Miall, 1979).  Thickness of this unit across the island ranges 

from 60 – 939m (Miall, 1979).  

The Beaufort Formation (Ballast Brook and Beaufort Formation), a fluvial deposit from the 

Paleocene epoch, is the youngest exposed unit on Banks Island.  Unconformably overlying the upper 

Eureka Sound cyclic member, Beaufort Formation consists of unconsolidated sand, gravel, clay and 

peat, with abundant wood (Tozer, 1956; Thorsteinsson and Tozer, 1962; Miall, 1979), and is 

characterized by dominant orange and brown chert, distinguishing it from the grey and black chert of 

the Eureka Sound Fm. (Miall, 1979).  Beaufort deposits have previously only been documented on 

central and western Banks Island as a thin veneer capping an elevated, dissected plateau (Miall, 1979; 

Vincent, 1990).  This past summer, numerous upland terraces covered by 4-10 m of gravelly-sand, 

with conspicuous bright orange-weathered (oxidized) surface sands (Munsell colour 10YR 7/4), and 

quartzite pebbles with thick weathering rinds, were found scattered throughout northeast Banks 

Island.  These sites are provisionally identified as belonging to the Beaufort Formation (Smith, 2015). 
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Figure 2. Bedrock Geology of Banks Island (Miall, 1975) 
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2.5 Data 
 

This study employs the use of satellite imagery, derived elevation products, geological maps, 

aeromagnetic data, spectroradiometer field measurements, and field observations.  Imagery was 

chosen based on spectral and spatial parameters, availability and cost.  Although the greater spectral 

resolution of hyperspectral data has advantages over the fewer, wider bands available with multi-

spectral data,  hyperspectral images are more expensive, and in the case of more polar areas, such as 

the Canadian high arctic, do not readily exist.  ASTER data proved a logical alternative in terms of 

cost-effectiveness and the number of bands in wavelengths effective for discerning mineral 

reflectance properties.  The six SWIR bands of the ASTER sensor were designed to detect Al-OH, Fe, 

Mg-OH, Si-O-H, and CO3 absorption features (Abrams et al. 2004), the identification of which help 

delineate alteration zones (Pour et al. 2011).  Remote sensing using ASTER has conclusively aided in 

interpretation and mineral exploration in varying geological environments (Rowan & Mars, 2003; 

Ninomiya et al., 2005; Zhang & Pazner, 2007; Ding et al., 2014).  Thirteen Level 1-B ASTER images 

were purchased from Japan Space Systems (JSS) by the Geological Survey of Canada (GSC).  

Geometric and radiometric corrections were applied by JSS staff in the transition from Level 1-A to 

Level 1-B data; other corrections are outlined in methods and results.  All images were acquired 

between late June and August to avoid snow cover.  As explained in the methods and results section, 

four images were captured after 2007, which is when the SWIR instrument began malfunctioning – 

these were removed from the study.  Comparable imagery was needed to fill the data coverage gap, 

which encompasses the central location of positive stream sediment KIM samples.  Spatial and 

spectral resolutions of Landsat 8 OLI data are similar but not identical to ASTER imagery; this 

characteristic allows for fewer discrepancies between the two datasets.  Imagery from the Landsat 

suite was chosen because it was free, easy to use and has a history of geological application (Sabins, 

1999).  Landsat 8 OLI is an improvement not only in spectral resolution, but in the generation of data; 

at an average of 550 scenes, this sensor regularly acquires 150 more images per day than its still-

functioning predecessor Landsat-7, increasing the chance of cloud-free or near cloud-free image 

capture (USGS, 2015). One Landsat-8 OLI image captured in July of 2014 was downloaded from 

EarthExplorer and used for this study.     
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Figure 3. Footprints of different satellite imagery scenes and location of positive and negative stream 

sediment KIM samples, northeast Banks Island, NT. 
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2.6 Sensor Parameters 
 

2.6.1 ASTER 

 
ASTER was developed jointly by the National Aeronautics and Space Administration (NASA) and 

Japan’s Ministry of Economy Trade and Industry (MITI) and was launched in 1999 on-board the 

Terra satellite platform (Abrams et al., 2004).  

The ASTER sensor is comprised of three instrument subsystems which detect energy at three non-

overlapping sections of the EMS, and generate it at three different spatial resolutions (pixel sizes).  

Instrument 1 has three bands in the VNIR section of the spectrum at a spatial resolution of 15 m.  

Instrument 2 has six bands in SWIR wavelengths at 30 m resolution.  Instrument 3 has five bands in 

the TIR section with a spatial resolution of 90 m (Abrams et al., 2004).  TIR data was not used for this 

study as bands in the thermal region of the EMS are lacking in the ASD Fieldspec Pro instrument and 

the data could not be compared  

 

Table 1. ASTER Sensor Parameters 

Subsystem 
Band 

No. 
Spectral Range (µm) 

Spatial 

Resolution 

(m) 

Quantization 

Levels 

VNIR 1 0.52-0.60 15 8-bit 

  2 0.63-0.69 

    3N 0.78-0.86 

    3B 0.78-0.86 

  SWIR 4 1.60-1.70 30 8-bit 

  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     

 

2.6.2 Landsat 8 OLI 

 
The Landsat 8 OLI sensor is a collaboration between NASA and the USGS.  Launched in 2013, the 

Landsat 8 satellite travels with two instruments on board: the Operational Land Imager (OLI) and the 

Thermal Infrared Sensor (TIRS).  These instruments use 11 bands at varying spatial resolutions to 

capture radiation from the visible light, near infrared, short-wave infrared, and thermal infrared 

sections of the EMS.  Only specifications for the bands used in this study have been provided in Table 

2. 
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Table 2. Landsat 8 Sensor Parameters 

Subsystem 
Band 

No. 
Spectral Range (µm) 

Spatial 

Resolution 

(m) 

Quantization 

Levels  

OLI 1 0.435-0.451 30 16-bit 

  2 0.452-0.512     

  3 0.533-0.590     

  4 0.636-0.673     

  5 0.851-0.879     

  6 1.566-1.651     

  7 2.107-2.294     

 

2.6.3 ASD Fieldspec Pro FR Spectroradiometer 

 
The Fieldspec Pro Full-Range unit is the only instrument that offers spectral detection in the SWIR 

region of the EMS, with a range of 350 to 2500 nm.  The VNIR spectrometer extends from 350 to 

1050 nm, and is measured by 512 channels which act as individual detectors.  The SWIR1 

spectrometer extends from 900 to 1850 nm, while SWIR2 covers wavelengths between 1700 to 2500 

nm.  Unlike the VNIR spectrometer, the SWIR spectrometers have only one detector each.  This 

means the SWIR detectors measure wavelengths sequentially, rather than simultaneously (Analytical 

Spectral Devices, 1999).   
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3.0 Methods and Results 
 

The following section describes the preparation of spectral data and its integration into a seamless 

prediction model.  It will begin with satellite imagery pre-processing and manipulation before 

illustrating how spectrometer data is acquired and calibrated.  Finally, explanations, results and 

interpretation of the target detection and classification algorithms are provided.   

 

3.1 Pre-Processing 
 

Pre-processing involves any imagery operation carried out prior to information extraction and 

includes radiometric, geometric, and atmospheric corrections (Dave et al., 2015).   

Radiometric correction calibrates image pixels (generated as raw digital numbers, or DN) to 

meaningful physical units of measurement (Chander et al., 2009).  In this case, radiance-at-sensor 

units, in (W/m²*sr*nm), or watts per source area times unit solid angle times unit wavelength, were 

required.  Geometric corrections remove distortion induced by Earth-Sun-satellite geometry, and 

assign geographic coordinates to each pixel (Dave et al., 2015).  Atmospheric corrections suppress the 

scattering effects of clouds, water vapour and suspended aerosols, which interfere with the calculation 

of true surface reflectance (Jing et al., 2014).  

 

The Landsat image was readily usable in .tif format, but ASTER images require more work before 

information extraction is possible.  This next section outlines the steps required for ASTER 

processing and how Landsat-8 image processing compares. 

  

3.1.1 ASTER Pre-processing 
 

Mosaicking was not performed on ASTER imagery.  Instead, processing and analysis were done on 

individual scenes. This was because the reflectance adjustment and colour balancing needed to create 

an accurate mosaic was not possible having applied a reflectance calibration algorithm based on scene 

averages.  For accurate results, time and better processing software are required.  The Canadian 

Centre for Remote Sensing is currently working on a solution for this issue (J. Harris, pers. comm, 

September, 2015), though the mosaicking of only a few select bands was successfully completed by 

Hewson et al. (2005) using the Moderate Resolution Transmission Model (MODTRAN). 

 

Radiometric and geometric coefficients are applied to Level-1B by JSS. This corrects for SWIR 

parallax error and registers the SWIR to the VNIR instrument (Abrams et al., 2002).  Crosstalk 
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correction was then applied on the SWIR bands using Crosstalk3 (Iwasaki and Tonooka, 2005). 

Crosstalk is a sensor error that occurs due to spectral band photon leakage to other detector elements; 

in the case of ASTER, corrections to band 4 are required (Kalinowski and Oliver, 2004).  The data 

were registered to radiance-at-sensor values, eliminating the need for further calibration.  Next, 

rational polynomial coefficients (RPC) were used to compute sensor geometry; RPC are also required 

in ENVI’s orthorectification process.  The coordinate system and projection were also changed to 

match the metadata (in this case WGS84, and either UTM zone 10 or 11 as the study area spans both).  

This must be done once for each instrument separately, so was performed twice, once each for VNIR 

and SWIR.     

VNIR and SWIR bands were corrected for atmospheric effects and converted to reflectance using the 

Internal Average Relative Reflectance (IARR) method.  Fast-Line-of-Sight-Atmospheric-Analysis-of-

Spectral-Hypercubes (FLAASH), a radiative transfer modelling atmospheric correction algorithm 

frequently mentioned in geological mapping literature, was not applied.  FLAASH requires a-priori 

knowledge of weather conditions for proper application, which the author did not possess.  In 

addition, FLAASH requires information on water vapour content, which ASTER data lacks.  IARR 

requires no a-priori knowledge of the area and is suitable for high-latitude regions with little 

vegetation, and has been tested in geological mapping in other parts of the Canadian arctic (Wickert et 

al., 2008).   

The ASTER scenes with a large amount of water or ice-covered water (e.g., Prince of Wales Strait) 

which could potentially affect the outcome of the reflectance values had masks applied before 

conversion.  Such problems occur because IARR uses in-scene statistics to characterise atmospheric 

contributions to radiance. Region-of-interest (ROI) polygons were fitted to the areas to be masked out.  

Threshold value masks were tested but were not as effective at removing the desired areas due to the 

variability of reflectance in partially ice-covered water.  In addition, coastal vector data at a scale fine 

enough was not available, resulting in free-hand-drawn polygons that do not precisely overlap 

between the VNIR and SWIR band polygons.  Had no orthorectification been necessary, this would 

have not been an issue, as the polygons could have been created after resampling and layer stacking.  

Masking, or removal of large bodies of water or ice-covered water from scenes before conversion to 

reflectance had a large impact on spectra, as seen in Figure 4. 
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Figure 4. IARR applied to ASTER scene 0541 (a) without initial masking and (b) after masking out 

large water and ice-covered water bodies.  Diagnostic spectral features are lacking in spectra (a) but 

appear in spectra (b). 

 

Following conversion to reflectance, the VNIR and SWIR bands were orthorectified using the 

ASTER Global Digital Elevation Model Version 2 (GDEM v2), which has a spatial resolution of 1-

arc-second, or 30 metres, at the latitude of the study site.      

The orthorectified SWIR bands were then co-registered and resampled to the orthorectified VNIR 15 

m bands, using VNIR band 2 as the base image, and SWIR band 6 as the warp image.  Thirteen tie 

points were chosen for each image.  All tie point RMS errors were less than one pixel. None of the 

automatically generated points were used as the computer results created major spatial distortions.  

The resampling method was left as the default Nearest Neighbour so as not to actually change the 

warp image, but simply divide it into smaller pixels that matched the VNIR.  Finally, the warped and 

resampled SWIR bands were layer stacked with the orthorectified VNIR bands.  This enabled band 

combinations using bands from both instruments.  Table 3 provides specifications of each ASTER 

scene.  Date and time refer to sensor image capture, not acquisition from JSS.  VNIR and SWIR angle 

indicate the angle of each instrument in degrees from nadir (0). Cloud cover does not necessarily 
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indicate visible cloud, which becomes an issue for masking, as mentioned further on.  Scene 

specifications were derived from image metadata. 

Table 3. ASTER Scene Specifications 

Scene Date Time Cloud Cover Solar Azimuth Solar Elevation 
VNIR 
angle      

(°) 

SWIR 
angle       

(°) 

1228 2008-08-14 20:22:10 1% 185.800877 30.186233 -8.583 -8.487 

1229 2000-08-14 20:22:19 3% 185.006778 30.567919 -8.583 -8.487 

0541 2000-08-23 20:16:29 35% 184.852711 28.365369 -8.583 -8.498 

0686 2001-07-16 20:15:29 0% 187.343817 37.82075 -0.019 0.022 

0502 2006-08-20 20:25:39 34% 187.829891 29.230113 5.672 5.619 

 
 

3.1.2 Landsat-8 OLI Pre-processing 
 

Radiometric and geometric corrections were applied to the Landsat 8 imagery at the time of 

acquisition.  Atmospheric corrections using IARR were applied.  The imagery was automatically 

calibrated to radiance, and an ROI was created to mask out the coastal area before conversion to 

IARR reflectance to remove averaging bias.  Table 4 provides the specifications of the Landsat scene 

used for this study.  Date and time refer to sensor image capture, not acquisition from USGS. Cloud 

cover does not necessarily indicate visible cloud, which becomes an issue for masking, as mentioned 

further on.  Roll angle indicates the OLI instrument angle in degrees from nadir (0).  Scene 

specifications were derived from image metadata. 

 

Table 4. Landsat Scene Specifications 

Scene Date Time Cloud Cover Solar Azimuth Solar Elevation Roll Angle (°) 

LC8_057_008_2014_184 2014-07-03 19:55:52 2.85% -178.872481 39.5409252 Nadir 

 

 

3.2 Masking 
 

Masking is an important part of digital image processing in remote mineral exploration.  Vegetation, 

snow, clouds, cloud shadows, and water can cover, obscure or interfere with the spectral reflectance 

of the rock, sediment, and minerals under study.  For the most accurate spectral interpretation, these 

need to be removed from each scene.  Three indices were used, summarized in Table 5.  A 

Normalized Difference Vegetation Index (NDVI) for vegetation was calculated for each scene and a 
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binary mask band computed.  NDVI has been used successfully to monitor the presence and health of 

vegetation in high northern latitudes (Tucker et al., 2001). NDVI is calculated using a band in the red 

portion of the visible spectrum and a band in the NIR and outputs a band with pixel values ranging 

from -1 to +1.  Pixels with vegetation have values from 0.1-1.0. This threshold was used to create the 

vegetation mask.  A Normalized Difference Water Index (NDWI) for water and cloud shadows was 

calculated for each scene and a binary mask band computed.  NDWI has been successfully used to 

delineate water features in digital imagery (McFeeters, 2007).  NDWI is calculated using a band in the 

NIR and a band in the green portion of the visible spectrum and outputs a band with pixel values 

ranging from -1 to +1.  Pixels with water have values from 0.1-1.0.  This threshold was used to create 

the water mask.  Because distinction between snow, ice and clouds was not needed, a Normalized 

Difference Snow Index (NDSI) was calculated for each scene and a binary mask band for all three 

was computed.  NDSI has been shown to detect clouds as well as snow (Choi and Bindschadler, 2004) 

because of the high albedo of clouds.  NDSI is calculated using a band in the red portion of the visible 

spectrum and a SWIR band and outputs a band with pixel values ranging from -1 to +1.  Pixels with 

snow or clouds have values that vary and are scene-dependent.  These values can range from 0.1-1.0 

but generally are of a narrower range from 0.4-1.0.  Each scene must be visually assessed before the 

best base threshold can be determined.  Some scenes had more visible cloud cover and required a 

lower base threshold to completely remove them from the image.  However, too low a base results in 

removal of rock with high reflectance.  Because it was more important to keep all the rock than 

remove all the cloud, a threshold was determined that did not completely eliminate visible cloud.  An 

additional test was performed by comparing the Landsat and ASTER imagery, mimicking the multi-

temporal method for cloud detection as outlined by Hagolle et al. (2010).  Figure 5 shows ASTER 

scene 0541 after masking, in a colour composite of bands 1, 2 and 3. 

 

Table 5. Masking Indices for ASTER and Landsat 8 

 

 

NDVI ASTER: (B3-B2)/(B3+B2)

Landsat: (B5-B3)/(B5+B4)

ASTER: (B1-B3)/(B1+B3)

Landsat: (B3-B4) / (B3+B4)

ASTER: (B2-B4)/(B2+B4)

Landsat: (B4-B6)/(B4+B6)

0.1-1.0

NDWI 0.1-1.0

NDSI ~0.4-1.0
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Figure 5. Scene 0541 in an RGB composite of bands 1, 2 and 3 (a) before index masking and (b) 

after index masking 

 

 

3.3 Data Manipulation 
 

After pre-processing, the noise in each scene must be assessed.  Noise is the result of instrument error, 

processing and atmospheric artefacts, and must be mitigated for proper scene interpretation (Green et 

al., 1988).  Images captured at high latitudes, such as in this study, tend to have low signal-to-noise, 

requiring the application of filtering, smoothing, or destriping algorithms to reduce or suppress noise 

and enhance signal. 

The pseudo-random noise levels in the data were determined using the Minimum Noise Fraction 

(MNF) transform function (Boardman and Kruse, 1994).  As neither Landsat nor ASTER collect dark 

data (systematic false signal), noise was interpreted by evaluating eigenvalues in the MNF statistic file 

produced by ENVI’s Forward MNF Estimate Noise Statistics tool.  This allowed for the 

transformation of bands from normal space to eigenspace.  MNF bands (bands in eigenspace) were 

used for helping focus field work.  MNF bands with large eigenvalues reflect greater signal and a 

lower amount of noise; small eigenvalues approaching 1 reflect lesser signal and a great amount of 

noise.  The vast majority of information is found in the first few MNF bands, and visually, are the 

clearest, with obvious homogenous areas.  In this case, all bands were kept though some had low 

eigenvalues – this is because sometimes the noisier bands will show areas of great homogeneity 

surrounded by noise that would otherwise be lost in the bands with strong signal, or a large amount of 

information.  These noisier bands can then still be used in visual analysis.   
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MNF bands were combined in different RGB composites for defining anomalies and patterns, which 

led to the selection of ground-truthing locations. These combinations were not consistent across 

scenes.  For example, ASTER scene 0541 showed the greatest information with an RGB composite of 

bands 1, 2, and 3, but scene 1228 was best displayed with an RGB composite of bands 5, 3, and 1.  

Figure 6 shows scene 0541 in normal space and after MNF transformation in eigenspace. 

 

 

Figure 6. ASTER scene 0541 RGB composite of bands 1, 2 and 3 in (a) normal space and (b) 

eigenspace 

 

These combinations were created manually and based on visual analysis.  Other information-

extraction options such as decorrelation stretch were considered less effective for visualizing 

anomalies.  MNF transformed data was also required to perform the Pixel Purity Index and for input 

into the target detection wizard. 
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3.4 Band Ratios 
 

Based on the presence of positive stream sediment KIM samples reported by Diamonds North (2005, 

2006, 2008), and areas where provisional identifications of Beaufort Fm. outcrops were made, band 

ratios were created and interpreted for ASTER scenes 1228 and 0686.  Seventeen band ratios were 

analyzed but only Ferric Iron (b2/b1) proved useful (Fig.7).  Areas of high iron concentration within 

the Ferric Iron band correlated to the distribution of Beaufort Fm. bedrock within scene 1228 but not 

scene 0686.  The Ferric Iron ratio was then applied to the Landsat image (b4/b1).  

 

Figure 7. Study Area Ferric Iron Band Ratio for (a) ASTER 1228; (b) ASTER 0686; (c) & (d) 

Landsat 8 
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3.5 Field Spectrometry 
 

Field spectrometry was undertaken to acquire target and non-target spectra for input into target 

detection algorithms (Table 6).  Spectra were collected using a portable ASD Fieldspec Pro 

spectroradiometer and measured with the pistol instrument.      

Locations were chosen for field spectrometry from MNF band composites with a low amount of 

noise.  As the MNF transformation highlights differences in spectral response (Wickert et al., 2008), 

anomalous areas were readily identified.  These locations were also chosen based on the potential for 

spectral matches to other anomalous locations.  The level of matching was determined visually within 

scenes and through the assessment of spectral profiles across scenes.  Coordinates were derived from 

pixels within those locations that were the most representative and entered into a GPS unit.  As 

locations were more than 40 km away from basecamp, a helicopter was needed to transport both 

researchers and the spectrometer to each site.  Field spectrometry was completed during rare days of 

atmospheric clarity, and included 35 sampling points over four study areas and two days of focussed 

study.   

The Fieldspec Pro collects raw DN values which are calibrated to reflectance in post-processing.  

There are a number of calibrations and procedures that must be set before and maintained during 

spectral sample collection to ensure accurate measurements.  The spectrometer needs to be warmed up 

before collection, as this reduces the high frequency noise effects inherent in the instrument, and 

corrects for variations in detector sensitivity which occur due to changes in ambient temperature.  

Field conditions require adaptation, as the machine runs off battery power alone.  On Banks Island, 

the instrument was warmed up 15 min before beginning collection. Once the instrument is warmed 

up, it must be optimized.  This adjusts the instrument’s sensitivity to local light conditions.  For the 

VNIR array, this is done by modifying the Integration Time, which controls how much time the 

instrument spends collecting energy; the SWIR systems are automatically adjusted (Analytical 

Spectral Device, 2000).  Following that, a standard white reference measurement is taken so the 

instrument is configured to the range of reflectance and transmittance.  Initially, a white reference 

measurement was taken before spectral collection at each sample point, but as the collection method 

was refined, this was adjusted to every 10 minutes.  Dark currents, relatively predictable false signals 

generated by thermal electrons (Analytical Spectral Device, 2000), are also collected.  For accurate 

measurements, dark current signals must be subtracted from the total channel signal (Analytical 

Spectral Device, 2000).  In previous instruments this collection would have been done frequently 

within the first 15 minutes of operation and then less frequently after reaching thermal equilibrium, 

but with this particular Fieldspec Pro, ASD Driftlock software automatically updates the dark current 

with each measurement taken (Analytical Spectral Device, 1999). 
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Once the system is optimized and the white reference is collected, the test surface is spectrally 

sampled.  The instrument is set to take 60 samples at each measurement and immediately average 

them to reduce noise. To further reduce noise in post-processing, three measurements were taken at 

each sample point.  In order to reduce backscatter, measurements were taken 1.6 m above the surface 

using the pistol instrument attached to a rod extending from the spectrometer backpack. The first 

subsite at study site 1 has five sampling points while the rest have three (Table 6; excluding the 

contact probe measurement on the sand sample from subsite 1C); this is because the spectrometer 

laptop battery expired after the third sampling point on the second subsite.  Consequently, it was 

determined that three sampling points were enough to give a good representation of the given surface 

while also conserving the battery.  

 

Table 6. Field Spectrometry Specifications  

 

 

Sampling points were seven metres apart.  As the Field-of-View (FOV) covered 0.4m² (Eqn.1), this 

distance ensured there was no overlap between the measurements. 

 

 

Site GPS Station(s)
Coordinates 

(Lat/Long) 
Day Time of Day

Solar 

Declination 

(in °)

Location
Type of 

Measurement

Surficial 

Material
Weather Use

1A
15SUV-AF001--

15SUV-AF005

72.821319, 

-119.807366 
13-Jul-15 12:30-13:00 21.79 Field Pistol @ nadir

Transition zone: 

lacustrine sand 

with 75 % grass 

cover (mesic)

Clear

Spectral Non-

Target 

Detection

1B
15SUV-AF006--

15SUV-AF008

72.821607, 

-119.806832 
13-Jul-15 13:00-13:30 21.79 Field Pistol @ nadir

90% mesic 

vegetated 

lacustrine 

sediment

Clear

Spectral Non-

Target 

Detection

1C 15SUV-AF011 N/A 18-Aug-15 N/A N/A Lab Contact Probe

Lake sediment 

(sand), 4 

samples: 

Saturated; wet; 

dried for 3hrs; 

dried overnight

N/A
Spectral Target 

Detection

2
15SUV-AF014--

15SUV-AF016

73.071207, 

-119.466789
13-Jul-15 19:30-20:00 21.75 Field Pistol @ nadir

Glaciolacustrine 

sediment
Clear

Spectral Non-

Target 

Detection

3
15SUV-AF017--

15SUV-AF019

73.093104, 

-119.493769
13-Jul-15 20:00-20:30 21.75 Field Pistol @ nadir

Glaciolacustrine 

sediment
Clear

Spectral Target 

Detection

4A
15SUV-AF021--

15SUV-AF023

73.484512, 

-119.05844
18-Jul-15 11:30-12:00 20.99 Field Pistol @ nadir

Beaufort Fm.: 

Oxidized sandy 

gravel)

10% cirrus
Spectral Target 

Detection

4B
15SUV-AF025--

15SUV-AF027

73.489338,  

-119.049623
18-Jul-15 12:45-13:15 20.98 Field Pistol @ nadir Undetermined 10% cirrus

Spectral Non-

Target 

Detection

4C
15SUV-AF029--

15SUV-AF031

73.48778, 

-119.034728
18-Jul-15 13:30-14:00 20.97 Field Pistol @ nadir

Isachsen Fm.: 

Large angular 

grey boulders

10% cirrus, 15% 

scattered 

cumulus

Spectral Non-

Target 

Detection

4D
15SUV-AF033--

15SUV-AF035

73.487753, 

-119.042156
18-Jul-15 15:00-15:30 20.96 Field Pistol @ nadir Grassy meadow

10% cirrus, 15% 

scattered 

cumulus

Spectral Non-

Target 

Detection
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FOV radius: y = htanα 

tanα for nadir (in °): 12.5 

H above surface (m): 1.6 

 

(1.6)(tan12.5) 

 

=0.355 (radius) 

Area of a circle (m)²: πr² 

 

=π(0.355)² 

 
=0.4 

Eqn 1. Field-of-View Calculation 

 

Coordinates listed in the table were taken from the first sample point at each site.  Time of day was 

taken from the GPS unit.  Times are listed as the total time it took to collect all samples from one 

subsite.  Solar declination was calculated using the NOAA Solar Position Calculator 

(http://www.esrl.noaa.gov/gmd/grad/solcalc/) and was derived from Julian day, time of day, latitude 

and longitude, and time zone, which for this study was -6 GMT, Daylight Savings Time (DST).  

Goetz (2012) suggests sampling within two hours of solar noon, but due to the northern latitude of the 

region and the limited weather windows, this was impractical.  The table shows little variation in solar 

declination despite variable collection times. 

Efforts were made to acquire all samples while environmental conditions remained stable, as spectral 

signature contamination can occur due to the presence of clouds and wind.  Clouds indicate a change 

in atmospheric water vapour content, which if changed between the reference and sample 

measurement, will result in erroneous features in the spectrum (Analytical Spectral Device, 2000). 

Wind can shift material in and out of the FOV, or shift the user’s position, changing the FOV.  The 

July 18
th
 sampling day included winds of sufficient velocity so as to destabilize the author while 

collecting samples.  This would have also affected the viewing geometry as the pistol was prone to 

rotations of more than five degrees in heavy winds.  Deviations in angle (and height) between the 

reference and sample measurements can result in unusable data (Analytical Spectral Device, 2000), 

but inspection of the downloaded data showed no obvious errors from the July field sampling.  

Site 1C (Fig. 8) differs from the rest because the laptop battery expired on July 13
th
, after the other site 

1 subsites had been measured.  Helicopter logistics did not permit a re-visit of the site, so a sample 

was bagged and measured one month later in the lab back at the Geological Survey of Canada, 

Calgary office.  The sample was divided into three dishes.  The first sample was measured straight out 

of the bag; the second was saturated with tap water; the third was measured after three hours in the 

oven at 45° C and then again after having dried overnight.  Wet vs. dry sample measurements show 

the effect of moisture on spectral signature (Fig.8).  
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Figure 8. Glaciolacustrine sample spectral signatures taken with ASD Fieldpec Pro contact probe 

 

The contact probe, rather than the pistol, was used for the measurement because Banks Island field 

conditions (in particular, sun angle and intensity) could not be re-created in the lab, and the contact 

probe ensures greater precision than the pistol.  Pistol measurements, taken at distance, will show the 

effect of stray light, a form of constant systematic noise.  These effects appear in the form of vertical 

lines covering the 1400 nm and 1900 nm regions of the EMS.  These “water channels” are due to 

atmospheric water vapour absorbing solar radiation at these wavelengths before it has a chance to 

contact the surface.  Signal over these regions should be at or close to zero (Analytical Spectral 

Device, 1999).  Observations of “true” signal at either 1400 nm or 1900 nm taken with a remote 

sensing detector should be carefully considered.  The Fieldspec Pro has excellent stray light rejection 

(Analytical Spectral Device, 1999).  This can be seen in the histograms created from the spectral 

samples collected from Banks Island (Fig.9).  All show vertical anomalous features in the 1400 nm 

and 1900 nm channels.  Under artificial illumination, such as when using the contact probe, stray light 

problems should not appear in spectral samples (Fig.8). 
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Figure 9. Raw spectrometer data showing “water channels” at 1400 and 1900nm, a) Beaufort Fm. 

spectra as it first appears and b) Beaufort Fm. spectra after the histogram has been modified 

 

Measurements taken by the spectrometer are saved as raw DN values in ASD (.asd) format and 

calibrated to reflectance in the deglitch process.  These files were converted to ASCII format before 

being brought into ENVI.  A spectral library in ENVI was built to hold the spectra collected at the 

Beaufort Fm. site and the three non-target sites (sites 4B, 4C & 4D) and were then resampled to match 

ASTER and Landsat 8 multispectral signatures.  This was done in ENVI Classic using the Spectral 

Library Builder and Spectral Library Resampling functions.  The axis parameters of the z-profile 

(histogram) of the spectrometer spectra in the spectral library were then modified to constrain the 

spectrum to VNIR & SWIR wavelengths.  As previously mentioned, the Fieldspec Pro does not 

sample above 2500 nm there was no point in comparing to the ASTER wavelengths in the TIR section 

of the EMS.  All Fieldspec Pro spectra were averaged to reduce computation time and simplify 

analysis.  In total, there were three target spectra and nine non-target spectra (Fig.10). 
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Figure 10. Target and non-target spectra for Site 4; a) Site 4A Beaufort Fm. target spectra 

overlain with ASTER bands b) Site 4B till veneer with sorted stripes non-target spectra, c) Site 

4C Isachsen Fm. non-target spectra and d) Site 4D grassy (wet sedge) meadow non-target 

spectra 

 

Initially, the idea was to compare spectral matching target detection methods between ASTER and 

Landsat 8 imagery, but this proved to be futile as the reduced number and position of SWIR bands in 

the Landsat 8 imagery removed any possibility of matching any distinctive absorption features 

observed in the Fieldspec Pro bands (Fig.11).   
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Figure 11. Spectrometer Beaufort Fm. spectra from Site 4 resampled to a) ASTER and B) 

Landsat 8 

 

3.6 Target Detection  
 

Target Detection algorithms allow for the matching of input spectra to scene spectra.  Depending on 

the algorithm, a match is determined on a whole pixel or sub-pixel level.  Input spectra in target 

detection algorithms can be designated by ROIs, individual pixels, or by spectra collected with a field 

spectroradiometer.  These spectra must be the best representation of the target and if using satellite 

spectra, must come from the spectrally purest pixels possible.  

A classification method – Parallelepiped – was also tested because it is based on a simple statistical 

decision rule: pixel spectra match the average of the training samples or a specified standard deviation 

from that average and is classified accordingly, or the pixel remains unclassified (Richards, 1999).  In 

this way, results parallel those of target detection methods.  Parallelepiped is a classification method 

that matches spectra with reference spectra by examining the maximum, minimum, and mean 

brightness of each pixel.  Like SAM, it matches reference spectra to spectra from the whole pixel 

(Richards, 1999).  The standard deviation option is also comparable to the threshold value selected in 

Spectral Angle Mapper (SAM) and Matched Filtering (MF), although the Parallelepiped standard 

deviation is user-chosen, rather than pre-selected by the program based on input statistics.   

SAM is a target detection method that calculates the vector angle between target spectra and reference 

spectra in n-dimensional space equal to the number of input bands in order to find a spectral match 

(Kruse et al., 1993).  SAM is a whole pixel method relatively insensitive to changes in illumination 

(Kruse et al., 1993).  Whole pixel methods attempt to match spectra based on the spectral similarity 

between the whole pixel and the reference spectra (Yuhas et.al, 1992).  In order for a match to occur, 

the spectra within the pixel matching the reference spectra must be abundant (Shippert, 2003).  

Abundance thresholds are determined by the software (in this case ENVI), and are based on statistics 



40 

 

derived from the input spectra.  For example, using spectrometer data as input spectra for predicting 

Beaufort Fm. outcrops, the abundance threshold was set at 0.6, but using scene ROIs as input spectra 

for predicting glaciolacustrine deposits, the abundance threshold was set at 0.05.  Pixels reflect the 

spectral amalgamation of every material within it.  This means that in order to find a match for the 

Beaufort Fm., 60% of a pixel would have to correspond to the input spectra, but only 5% of a pixel 

would have to correspond to input spectra to result in a glaciolacustrine match.  This is likely because 

the higher spectral resolution of the spectrometer allows for purer spectral capture, whereas the 

ASTER ROI input spectra will have more spectral variability.    

MF, and consequently Mixture-Tuned Matched Filtering (MTMF), are sub-pixel partial unmixing 

methods that have the potential to detect target spectra within a mixed pixel (Chen and Reed, 1987; 

Stocker et al., 1990; Yu et al., 1993; Harsanyi and Chang, 1994; Boardman et al., 1995), even if the 

spectra only constitutes 1-3% of the pixel (Shippert, 2003). MF and MTMF maximize the response of 

a known endmember (e.g., input target spectra from the spectrometer) while suppressing the response 

of the background.  The pixel value in an MF output image is proportional to the fraction of the pixel 

that contains the target material (Chen and Reed, 1987; Stocker et al., 1990; Yu et al., 1993; Harsanyi 

and Chang, 1994; Boardman et al., 1995). With the addition of the infeasibility map in MTMF, 

positive matches are further filtered down to only include those with high MF scores and low 

infeasibility values.  
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3.7 Discriminating Glaciolacustrine Deposits 
 

ROIs were used as input reference spectra for the testing of prediction methods for the distribution of 

glaciolacustrine materials in scene 0541.  ROIs were collected from a field-validated, homogeneous 

glaciolacustrine deposit that starkly contrasted surrounding surficial materials (Fig.12).   

 

 

Figure 12: Dried-up glaciolacustrine bed used for delineating target ROIs in scene 0541.  This is 

also the site from which the contact probe sample was taken. 

 

These ROIs were used as input in Parallelepiped, SAM, and MF.  Non-target spectra are required for 

MTMF to work, so MF was performed instead, which lacks the refinement from an infeasibility map.  

MF, unlike MTMF, requires a threshold value; this was automatically set at 0.4.  This value was 

determined by ENVI based on input spectra statistics.  The SAM algorithm produced a threshold 

value of 0.05 based on input ROI statistics.  Parallelepiped was tested at one standard deviation and 

then at three standard deviations as the threshold of one under-predicted the distribution of 

glaciolacustrine deposits.  Results of each prediction method are shown in Figure 13.    



42 

 

 

Figure 13: Glaciolacustrine Target Detection Results for ASTER Scene 0541 
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3.8 Discriminating Beaufort Formation Deposits  
 

Target Detection was performed on ASTER scenes 1228 and 0686, where Beaufort Fm. sites had 

been field-validated. All ASTER scenes were subset to field-validation areas after target 

detection/classification, and visually assessed (Fig.14, Fig.15).  Prediction results were interpreted by 

the lead project geologist based on field reconnaissance and interpretation of existing bedrock (Miall, 

1975) and Quaternary geology maps of Banks Island (Vincent, 1983).  Polygons of known Beaufort 

Fm. sites were drawn in ArcGIS.  A Ferric Iron ratio band calculated for scene 1228 generally 

correlates with the distribution of field-validated Beaufort Fm. and was used as an additional 

interpretation tool. 

  

 

Figure 14: Beaufort Fm. Target Detection Study Area for ASTER Scene 1228 
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Figure 15: Beaufort Fm. Target Detection Study Area for ASTER Scene 0686 
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3.8.1 Using ASD Fieldspec Pro Data 

 
The resampled spectrometer Beaufort Fm. spectra were used as input target spectra in SAM and 

MTMF target detection methods.  Non-target spectra collected at sites which correspond to locations 

in ASTER scene 1228 were used as non-target spectra input.  In total there were three Beaufort Fm. 

spectra used as target spectra and nine spectrometer samples taken from sites 4B (Isachsen Fm.), 4C 

(undetermined non-target) and 4D (grassy meadow), all at proximity to the Beaufort Fm. target 

detection study area site (Fig.16).  A threshold value for SAM is needed – this was computed as 0.6 

for each scene based on input spectra statistics.  The MTMF result was the product of computer-

selected pixels matching low infeasibility and high MTMF scores.   

 

Figure 16. Photographs of Site 4 (a) Beaufort Fm. (orange gravel), (b) Till veneer with sorted 

stripes (c) Isachsen Fm. (slabby grey boulders), and (d) Grassy (wet sedge) meadow  

 

3.8.2 Using Scene ROIs 

 
Beaufort Fm. sites are not as large and homogeneous as the reference glaciolacustrine deposit in scene 

0541, so a Pixel Purity Index (PPI) was performed to determine the best pixels to choose for ROIs.  
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This function outputs a band with numbers assigned to each pixel for each time the algorithm found 

that pixel to be pure; the higher the number, the purer the pixel (Boardman et al., 1995).   

ROIs created for ASTER scene 1228 did not include any pure pixels as none correlated with ground-

truthed areas of Beaufort Fm. within the study area or areas of high iron concentration in the ferric 

iron ratio bands, which followed the distribution of Beaufort Fm.  This was not entirely surprising as 

pure pixels rarely make up more than 1% of all pixels in a given scene.  Scene 0686 contained one 

pure pixel within the Beaufort Fm. area.  The selection of training samples was based off matching all 

reflectance and absorption features of the pure pixel spectra, from pixels at proximity to the pure 

pixel.  An average of 10 training samples was chosen for each scene.  Other spectra did not match as 

well or were outside the area of confidence.  These ROIs were used as input spectra in the 

Parallelepiped classification algorithm.  This function was tested at one and two standard deviation 

thresholds.  Results are shown in Figures 17 and 19. Figures 18 and 20 show Beaufort Fm. sites as 

seen from  reference points in scenes 1228 (Fig. 17, crosshair) and 0686 (Fig.19, black dot) . 
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Figure 17: Beaufort Fm. Target Detection Results for ASTER Scene 1228 

 

 

Figure 18: Beaufort Fm. as seen from the spectrometer reference site (crosshair) looking west to 

additional, prominent orange-coloured Beaufort Fm. outcrops 
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Figure 19: Beaufort Fm. Target Detection Results for ASTER Scene 0686 
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Figure 20. Beaufort Fm. sites as seen from the reference point (black dot) in scene 0686 looking 

(a) south, (b) southwest, and (c) northeast 
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4.0 Discussion 
 

4.1 Glaciolacustrine Discrimination 

 
While the total area of glaciolacustrine sediment has not been surveyed, many areas of 

glaciolacustrine sediment within ASTER scene 0541 have been observed in the field.  Prediction 

results were assessed for degree of conformity to identified sites.  A box denoting the extent of the 

dried up glaciolacustrine bed from which the input ROIs were taken was outlined and used for initial 

corroboration (Fig.13).   

 

Scene 0541 (Fig.13) 

 
SAM and Parallelepiped methods under-predict the distribution of glaciolacustrine deposits in scene 

0541, both failing to recognize the full extent of the dried up glaciolacustrine bed.  MF best identifies 

the total area of the dried up glaciolacustrine bed and the glaciolacustrine sediment at the top of bluffs 

along the Thomsen River in the northwest of the scene.  Raised marine sediments inland of the 

Johnson Point basecamp are also matched, indicating a strong similarity to the discontinuous ice-

contact glaciolacustrine deposits along eastern Banks Island deposited along the thinning, southward 

retreating Prince of Wales Strait ice lobe (Lakeman and England, 2012). 

 

4.2 Ferric Iron Band Ratio (Fig.7) 

 
Of the seventeen band ratios calculated, only the ferric iron ratio for ASTER scene 1228 is useful in 

correlating with field-validated Beaufort Fm. deposits. Predictably, the calculated ferric iron Landsat 

ratio correlates with the distribution of high reflectance of iron in the ASTER scene, only with slight 

discrepancies related to spatial resolution.  The ferric iron band ratio uses only bands in VNIR 

wavelengths – this means that the ratio for ASTER has a spatial resolution of 15m, while the Landsat 

ratio has a spatial resolution of 30m.  Because the Landsat image covers the entirety of northeastern 

Banks Island, it was proposed that the ferric iron band ratio could help discriminate Beaufort Fm. on a 

more regional scale.  However, portions of high ferric iron reflectance in ASTER scene 0686 (and 

equivalent areas in the Landsat scene) do not correlate with known Beaufort Fm. deposits.   
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4.3 Beaufort Formation Discrimination 
 

While the total area of Beaufort Fm. outcrops has not been measured, sites within the subset study 

areas in ASTER scenes 1228 and 0686 (Fig. 14 and 15) have been field-validated.  Prediction results 

were assessed for degree of conformity to identified sites, as denoted by translucent cyan polygons in 

Figures 17 and 18.   

 

Scene 1228 (Fig.17) 

 
The prediction results for each one of the spectrometer Beaufort Fm. target spectra vary.  Target 

spectra 1 and 3 results correspond to more known Beaufort Fm. sites in scene 1228 than target spectra 

two.  Target spectra 2 results completely under-predict the extent of Beaufort Fm. in the study area.  

This could be because the absorption and reflectance features in target spectra 2 occur at slightly 

different wavelengths compared to target spectra 1 and 3.  Also likely is that the spectral signature is 

due to a more homogeneous sample, resulting in more defined features, within what is otherwise a 

more heterogeneous deposit.  

Target spectra 3 results cover more area than target spectra 1; this could be because the absorption and 

reflectance features are not as well defined and could therefore match more pixel spectra than target 1.   

Parallelepiped results using one and two standard deviations correlate with known Beaufort Fm. 

deposits, though using only one standard deviation under-predicts their extent.   

MTMF and Parallelepiped methods are more predictive of Beaufort Fm. deposits in scene 1228 than 

SAM.  On average, MTMF results covered a greater percentage of the scene than the other two 

methods.  SAM produced so few results that it is difficult to compare to the ferric iron ratio band. 

SAM, defined by a threshold value, returns fewer matches than all other results except Parallelepiped 

with one standard deviation.           

 

Scene 0686 (Fig.19) 

 
SAM has few results from all three target spectra.  There are zero spectral matches for target spectra 

1, while target spectra 3 under-predicts.  Target spectra 2 has the greatest number of matching pixels 

of the three input spectra, none of which correlate to known Beaufort Fm. deposits. 

The MTMF method for target spectra 1 produced the highest percentage of matching pixels of all 

methods in this scene, and the highest of all reference spectra, but these results, like the results for 

target spectra 2 and 3, fail to identify any known Beaufort Fm. deposit sites.   
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Parallelepiped results using one standard deviation best identifies the distribution of Beaufort Fm. in 

this study area.  

 

4.4 Contrasting  SAM, MF/MTMF and Parallelepiped 
 

Parallelepiped results match well with the location of known Beaufort Fm. sites in scene 0686, while 

SAM and MTMF results show little conformity.  This discrepancy likely exists because SAM and 

MTMF used spectrometer input spectra, where scene-specific ROIs were used as input spectra for 

Parallelepiped.   This leads to the conclusion that the Beaufort Fm. material in scene 0686 is spectrally 

different from that of the Beaufort Fm. in scene 1228.  This could be due to oxidization or weathering 

of the material, or difference in vegetation abundance, which is affected by moisture and climate.  

Scene 0686 is closer to the coast, an area assigned to the high-arctic climatic zone and lacking the 

same lichen presence found in the interior mid-arctic climate of scene 1228.  Greater degrees of 

periglacial reworking could also help explain the discrepancies in spectral signature between 

individual Beaufort Fm. outliers; however, periglacial reworking is more predominant where there are 

greater quantities of fine sediment, such as silt and clay, for it to take place.  The coarse, gravelly 

texture of unconsolidated Beaufort Fm. sediments, the presence of bedding planes, and the distinct 

lack of surface periglacial landforms (e.g. frost boils, sorted nets) suggest periglacial reworking is less 

intense.  Small variations in particle size, chemical/mineral composition, transparency, moisture 

content and both particle and surface orientation can also contribute to spectral inconsistencies.  For 

example, the presence of opaque minerals has been found to depress, or even eliminate characteristic 

spectral features in rock (Bailin and Xingli, 1991). The amount and distribution of glacial fines and 

erratics that sparsely mantle the Beaufort Fm. material can also affect spectral reflectance. 

The use of whole vs. sub-pixel algorithms also has an impact.  On average, SAM returns the fewest 

matching pixels.  This is likely because matching spectra do exist outside of the positive results, but 

are not abundant enough within each pixel to form a match with the reference spectra.  Parallelepiped 

and SAM, whole pixel methods, consistently return fewer matching pixels than MF or MTMF, sub-

pixel methods.  MF and MTMF do not need a majority abundance of matching spectra within a pixel 

in order to find a match, whereas Parallelepiped and SAM do.  It follows that Parallelepiped, using 

standard deviations from the input spectra as a threshold measure, returns more results using a greater 

number of standard deviations, as this widens the threshold.  
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4.5 Data and Analytical Limitations  
 

4.5.1 Terrain 
 

A great part of the difficulty in discerning different geological materials on NE Banks Island is the 

nature of the terrain.  Without a-priori knowledge of the study area and using un-manipulated 

greyscale satellite imagery at coarse spatial resolution, unconsolidated bedrock and till may appear 

interchangeable.  Few areas of exposed bedrock exist, and what does is commonly found as vertical 

faces difficult to resolve in remote images taken at or near nadir.  Traditional methods of mineral 

exploration using remotely-sensed imagery had to be adapted for northeastern Banks Island and more 

creative solutions proposed.     

 

4.5.2 Vegetation 

 

From field observations, in the interior, lichen is abundant on the surface of rocks, while nearer to the 

coast, lichen presence is infrequent.  The vegetation mask used on each scene was built from a 

calculated NDVI, which is based on the assessment of moisture in vegetation.  Lichen, unlike vascular 

plants, do not have any organs for water storage, meaning they exert far less control on moisture 

regulation (Ager and Milton, 1986).  They often exist in dry, xeric environments, such as Banks 

Island.  An NDVI calculation would have little chance of picking up the signal from lichen.  

Consequently, the presence of lichen could have influenced the spectral readings of the rock beneath 

it.  

Sabins (1999) suggests a study of the relationship between vegetation and soil in cases where analysis 

of exposed bedrock is not possible.  This approach, though viable elsewhere (Giugni et al, 1998), is 

not feasible on Banks Island because of the morphology of the few vegetative species that grow in this 

climate, and their sporadic and limited extent.  

 

4.5.3 Spectral Resolution 
 

Multispectral imagery has certain limits.  ASTER data is equipped with 14 bands covering wide 

swaths of the EMS; hyperspectral data has hundreds of bands, each covering very narrow swaths of 

the EMS.  This drastic increase in spectral resolution enables greater discrimination between surficial 

materials that have only slight spectral variability, including the identification of individual minerals.  

In the literature, target detection and classification methods demonstrate greater success with the 
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manipulation and analysis of hyperspectral data (Kruse and Boardman, 2000; Zhang and Pazner, 

2007; Kruse, 2011).     

 

4.5.4 Other Methods 
 

The multivariate statistical model Random Forest (RF) was proposed as a kimberlite body location 

prediction method based on research by Harris et al. (2014) and Rodriguez-Galiano et al. (2014), as 

were multiclass classification methods such as Maximum Likelihood (MLC), based on familiarity of 

use.  An RF calculation was attempted with only ASTER bands as input variables (the RF model 

reads each band as a separate variable) and three known Beaufort Fm. deposits as training samples, 

with zero results.  A distance-to-positive KIMs layer could also have been created but not enough 

information was known to properly assign weights.  However, with more information, this is a viable 

option, as studies on the relationship between distance travelled from kimberlite bodies and physical 

properties of recovered KIMs have been done elsewhere (Nguno, 2004). 

RF results were rejected due to lack of data layers and the small number of training samples.  MLC 

was also attempted and resulted in the entire scene classified as Beaufort Fm.  It was assumed 

multiple class classification methods were unable to output a single class (along with un-classified 

pixels), and no others were tested.    

 

4.5.5 Accuracy Assessment  
 

Assessing the geological accuracy of predictive models based on remotely-sensed data is difficult 

because geology is not defined numerically.  Infeasibility maps and Pixel Purity Indices can output 

Boolean-type information, but will not actually provide the context from which to derive geological 

accuracy.  Comparing results against existing geological maps is commonplace and effective (Zhang 

and Pazner, 2007; Wickert et al., 2008; Harris et al., 2014), but existing maps for Banks Island are 

either in need of updating, presented at too small a scale, do not accurately reflect the actual surface 

expression (i.e., ignore overburden, indicate only the interpreted underlying bedrock), or  as in the 

case of the surficial geology (Vincent, 1983), have been rejected or re-interpreted (Lakeman and 

England, 2012, 2013), but for which no new map of sufficient detail has been produced.  For these 

reasons, quantitative accuracy assessment, such as through the execution of Kappa statistics or the use 

of a confusion matrix - a statistical model that tests against a true known variable, such as an existing 

geology map – was not performed.      
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4.5.6 Field Exploration using MNF Anomalies 
 

The magnetic anomalies from the Diamonds North (2007, 2008) aeromagnetic surveys did correlate 

with areas of particularly high, homogenous spectral reflectance as observed in MNF band 

combinations in the Landsat scene.  Field inspection of these anomalies revealed a series of pyramidal 

kame deposits containing coarse sand, gravel, and clast material considered a result of fluvial sorting 

and the concentration of coarser, heavier magnetic particles inherent to the regional till (Smith, 2015). 

 

4.5.7 ASTER vs. Landsat Imagery 
 

The ASTER sensor was built specifically for geological applications; this is reflected in the number 

and positions of SWIR and TIR bands.  Built for more general application, Landsat 8 lacks the 

number of bands in SWIR and TIR wavelengths that would allow the same level of mineral 

assemblage discrimination. This was tested when the Fieldspec Pro data was resampled to ASTER 

and Landsat for target detection.  Distinctive absorption and reflectance features captured by the 

Fieldspec Pro were transferred and observed in an ASTER spectral plot, but disappeared in a Landsat 

spectral plot because they were only detected after 2.294µm, beyond that of the two Landsat SWIR 

bands.  ASTER has two SWIR bands with ranges at 2.295-2.365µm, and 2.360-2.430µm.  As the 

spectrometer’s range extends to 2.5µm, it is reasonable that integrating the field sampled data with 

ASTER would give more conclusive results.   

The great advantage of the Landsat 8 image over ASTER data was the surface area it captured, as well 

as cost and number of images available for the study area.  At a swath width of 185 km, the Landsat 

image covered the entire region of northeast Banks Island, while the ASTER images, at a swath width 

of 60 km each, would have had to be correctly mosaicked to provide an equal regional view.  This 

proved to not be possible with the software on hand, though with missing SWIR bands in the central 

region of Diamond North’s positive KIMs recovery area any mosaic would have been incomplete. 

The advantage of the Landsat’s greater aerial extent also diminished when it was discovered that 

Beaufort Fm. deposits throughout the region had variable spectral signatures.       

 

4.6 Future Work and Recommendations 
 

Future RPM work on Banks Island requires consideration of the complications surrounding the 

geology and remote sensing data. 
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Prediction of the dispersion of Beaufort Fm. deposits was based solely on spectral characteristics 

derived from multispectral satellite imagery – in this case nine VNIR and SWIR bands from the 

ASTER sensor.  Additional information layers could be added to further filter out potential sites.  

Miall (1975) describes Beaufort Fm. surface outliers capping the top of elevated plateaus in central 

and largely western Banks Island.  In the field, Beaufort Fm. outcrops were observed along terraced 

profiles, suggesting either progressive fluvial incision or tectonic uplift.  An elevation layer, derived 

from a DEM, could be used as an additional variable in a statistical model to predict sites and better 

understand the tectonic evolution of Banks Island.  

Spectral samples collected from multiple Beaufort Fm. sites from both scenes 1228 and 0686 could 

aid in resolving inter and intra-site differences and improve the overall predictability of this deposit.      

The discrepancy in results indicates variability between Beaufort Fm. sites, due to any number and 

combination of factors, including particle size and degree of oxidization.  An assessment of this 

variability and its cause should be undertaken.  This can include geochemical analysis and additional 

spectral sampling, with both pistol and contact probe.  Pistol spectra can be resampled and tested in 

target detection methods, such as in scene 0686 where spectrometer data from an area further inland 

did not produce accurate results. Spectral samples collected with a contact probe can be used for 

mineral identification through the matching of reference library spectra.   

Additional work could be done with spectrometer data of other known deposits that were collected as 

“non-target spectra” in the July 2015 field excursion.  Spectral samples were collected at a known 

Isachsen Fm. site and could be used to predict its distribution.  The difficulty here, as previously 

mentioned, rests with the near-vertical orientation of known Isachsen Fm. faces in the area.  Target 

detection would inevitably miss many deposits.    

Assessment of results was qualitative, for reasons mentioned above.  However, a quantitative 

comparison between the validation polygons and the results of each method for the study areas in 

scenes 1228 and 0686 is possible using clip and overlay analysis functions in ArcGIS.  For entire 

scenes, ENVI’s Change Detection Map function could be a good numerical way of comparing 

validated areas and predictive spectral matches.   

The analysis of ASTER TIR bands could be useful in future studies in this area, as important rock-

forming minerals such as quartz can only be detected in the thermal wavelengths (Zhang and Pazner, 

2007).  In addition, though identifiable spectral features were captured in the SWIR bands, additional 

features could be present at longer wavelengths that could allow better discrimination of different 

Quaternary surficial materials and bedrock.  However, the operational cap at 2500nm of the Fieldspec 

Pro spectrometer sensors would mean that spectra captured in the field would not be comparable to 

that of ASTER TIR bands.   
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This study examines only three methods of prediction, when many permutations and combinations of 

methods and options are possible.  These other possibilities could lead to even better predictions, 

given enough time for testing, modelling, and interpretation.  With careful consideration of the 

mineral and spatial variability in the geology of NE Banks Island, there exists even the potential for 

generalized classifications of entire ASTER scenes. 

Beaufort Fm. sites were easily recognized in the field by their morphology and bright orange colour of 

the gravelly deposits.  SPOT-6 is a satellite sensor that produces optical multispectral imagery at 6m 

spatial resolution with swath width equal to that of ASTER (60 km).  However, unlike ASTER and its 

predecessor SPOT-5, the SPOT-6 sensor was built with a band in the blue wavelengths, enabling true 

colour composites of its imagery.  This high spatial resolution data in the visible wavelengths could be 

used as an additional tool to help delineate areas of Beaufort Fm. 

Should any future work involve north-central Banks Island, there is an EO-1 Hyperion swath 

available just west of Mercy Bay.  It would be interesting and informative to model and compare 

surficial materials using hyperspectral with that of the multispectral used in this study.      

Finally, only a re-visit of the field area can truly determine whether or not the prediction methods 

used in this study have produced accurate identifications of Beaufort Fm. outcrops beyond those 

already identified.  
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5.0 Summary and Conclusions 
 

The objective behind this research was to employ RPM techniques to predictively delineate the 

distribution of Quaternary surficial geology and bedrock to aid in identifying potential sources of 

Industry-recovered stream sediment sample KIMs on northeast Banks Island.  During the 2015 field 

season, the fluvially deposited Beaufort Fm. unconsolidated bedrock was discovered at surface in 

proximity to positive KIM locations.  Consequently, the discrimination of Beaufort Fm. from 

surrounding materials became the focus of RPM inquiry. Target detection methods SAM, MF/MTMF 

and Parallepiped classification were compared in two ASTER scenes, with an additional scene used 

for the testing of target detection methods for Quaternary glaciolacustrine deposits.  Landsat 8 

imagery was not used, as the lower spectral resolution of this sensor removed the possibility of 

matching with the diagnostic spectral features of the Beaufort Fm. as captured by the 

spectroradiometer.  On average, SAM produced the fewest matches, under-predicting the distribution 

of field-identified Beaufort Fm. and glaciolacustrine deposits in all three scenes.  MF/MTMF 

produced the greatest number of (geologically) accurate results in 2 out of 3 scenes (1228 and 0541), 

while Parallelepiped demonstrated good correlation with known Beaufort Fm. sites in the coastal 

ASTER 0686 scene. 

The sub-pixel MF and MTMF methods are best employed for discriminating both Beaufort Fm. and 

glaciolacustrine deposits on NE Banks Island.  The ability to detect matching spectra in minor 

concentrations within a pixel is essential for discerning both Beaufort Fm. bedrock (unconsolidated) 

and glaciolacustrine deposits from surrounding materials.  Though Parallelepiped has the most 

predictive results for scene 0686, presumably, had spectrometer data been acquired at a known 

Beaufort Fm. site within this scene and used as input target spectra, the MTMF results would be as 

accurate.    

Results varied due to the difference between whole pixel and sub-pixel spectral matching methods, 

input spectra type, and spectral discrepancies between Beaufort Fm. sites (inland vs. coastal).  In all 

cases, bedrock (Beaufort Fm.) and surficial (glaciolacustrine) materials were successfully 

discriminated from surrounding terrain in areas where sites had been field-validated.  Due to this 

success, it is likely that the application of MF/MTMF target detection and Parallelepiped 

classification for the prediction of both bedrock and surficial geological units on northeast Banks 

Island would also be successful, depending on the reflectance homogeneity of the rock or sediment.  

However, this requires future field visits to validate results.   

This RPM work on NE Banks Island has developed techniques that can aid the broader study of 

kimberlite exploration using multispectral imagery in a terrain dominated by Quaternary sediment.  
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Whether this study has been an aid to the further discovery of diamonds in the Canadian Arctic 

remains unknown.    

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



60 

 

References 
 

Abrams, M., Hook, S., Ramachandran, B., 2004. ASTER user handbook, version 2. Jet 

Propulsion Laboratory, California Institute of Technology.  

Ager, C. M., and Milton, N.M., 1987. Spectral reflectance of lichen and their effects on the 

reflectance of rock substrate. Geophysics, 52(7): 898-906 

Allek, K. and Hamoudi, M., 2008. Regional-scale aeromagnetic survey of the south-west of 

algeria: a tool for area selection for diamond exploration. Journal of African earth sciences, 50(2-

4): 67-68.  

Analytical Spectral Devices, 1999. Technical Guide, 3
rd

 Ed. Boulder, CO, USA.  

Analytical Spectral Devices, 2000. FieldSpec Pro User’s Guide. Boulder, CO, USA.  

Analytical Spectral Devices, 2008. ViewSpec Pro User Manual. ASD Document 600555 Rev.A 

Anderson, E.D., Hitzman, M.W., Monecke, T., Bedrosian, P.A., Shah, A.K., Kelley, K.D., 2013. 

Geological analysis of aeromagnetic data from southwestern Alaska: Implications for exploration 

in the area of the Pebble porphyry Cu-Au-Mo deposit. Economic Geology, 108(3): 421-436 

Bailin, Y. & Xingli, W. 1991. Spectral reflectance features of rocks and ores and their 

applications. Chinese journal of geochemistry, 10(2): 188-195. 

Barendregt, R.W., and Vincent, J-S., 1990. Late Cenozoic paleomagnetic record of Duck Hawk 

Bluffs, Banks Island, Canadian Arctic Archipelago. Canadian Journal of Earth Sciences, 27: 124-

130. 

Barendregt, R.W., Vincent, J-S., Irving, E., and Baker, J., 1998. Magnetostratigraphy of 

Quaternary and late Tertiary sediments on Banks Island, Canadian Arctic Archipelago. Canadian 

Journal of Earth Sciences, 35: 147-161.  

Bedini, E., 2011. Mineral mapping in the Kap Simpson complex, central East Greenland, using 

HyMap and ASTER remote sensing data. Advances in Space Research, 47: 60-73. 

Berendsen, P., Weiss, T., & Dobbs, K. 2000. Kansas kimberlites. Kansas Geological Survey, 

Public Information Circular (PIC) 16.  

Boardman J. W., and Kruse, F. A., 1994. Automated spectral analysis: A geologic example using 

AVIRIS data, north Grapevine Mountains, Nevada: in Proceedings, Tenth Thematic Conference 

on Geologic Remote Sensing, Environmental Research Institute of Michigan, Ann Arbor, MI, pp. 

I-407 - I-418. 



61 

 

Boardman, J.W., Kruse, F.A., and Green, R.O., 1995. Mapping target signatures via partial 

unmixing of AVIRIS data. Summaries of the fifth JPL airborne earth science workshop. JPL 

Publication, 95(1): 23-26.  

Boardman, J.W., and Kruse, F.A., 2011. Analysis of imaging spectrometer data using n-

dimensional geometry and a mixture-tuned matched filtering approach. IEEE Transactions on 

Geoscience and Remote Sensing, 49(11): 4138-4152. 

Cassan, J.P., and Evers, J.H., 1973. The Cretaceous Isachsen, Christopher and Hassel Formations 

on Banks Island, N.W.T. – a sedimentological interpretation. In: Program and Abstracts, 

Symposium Geology of the Canadian Arctic, Geological Association of Canada and Canadian 

Society of Petroleum Geology, Saskatoon, Canada. 

Chander, G., Markham, B., and Helder, D.L., 2009. Summary of current radiometric calibration 

coefficients for Landsat MSS, TM, ETM+, and EO-1 ALI sensors. Remote Sensing of 

Environment, 113(5): 893-903. 

Chen, J.Y., and Reed, I.S., 1987. A detection algorithm for optical targets in clutter. IEEE Trans. 

On Aerosp. Electron. Syst., AES-23(1).  

Choi, H., and Bindschadler, R., 2004. Cloud detection in Landsat imagery of ice sheets using 

shadow matching technique and automatic normalized difference snow index threshold value 

decision. Remote Sensing of Environment, 91(2): 237-242. 

Chuvieco, E., and Huete, A., 2010. Fundamentals of Satellite Remote Sensing. Taylor and Francis 

Group LLC, Boca Raton, FL, USA. 

Clark, R.N., 1999. Chapter 1: Spectroscopy of Rocks and Minerals, and Principles of 

Spectroscopy, in Manual of Remote Sensing, Volume 3, Remote Sensing for the Earth Sciences, 

(A.N. Rencz, ed.) John Wiley and Sons, New York, 3-58.  

Crowley, J.K., Williams, D.E., Hammarstrom, J.M., Piatak, N., Chou, I-M., and Mars, J.C., 2003. 

Spectral reflectance properties (0.4-2.5 µm) of secondary Fe-oxide, Fe-hydroxide, and Fe-

sulphate-hydrate minerals associated with sulphide-bearing mine wastes. Geochemistry: 

Exploration, Environment, Analysis, 3: 219-228.  

Danielson, J.J., and Gesch, D.B., 2011. Global multi-resolution terrain elevation data 2010 

(GMTED2010). U.S. Geological Survey Open-File Report 2011-1073. 

Dave, C.P., Joshi, R., and Srivastava, S.S., 2015. A survey on geometric correction of satellite 

imagery. International Journal of Computer Applications, 116(12): 24-27. 



62 

 

Dennison, P.E., Halligan, K.Q., and Roberts, D.A., 2004. A comparison of error metrics and 

constraints for multiple endmember spectral mixture analysis and spectral angle mapper. Remote 

Sensing of Environment, 93(3): 359-367. 

Diamonds North Resources Ltd., 2005. Banks Island Project: prospecting and stream sediment 

sampling. Prospecting Permits: 3435 to 3445 inclusive. Northwest Territories Geological Survey 

– Assessment Report 084932. 

Diamonds North Resources Ltd., 2006. Banks Island Project: airborne geophysical survey and 

stream sediment sampling. Prospecting Permits: 3425 to 3445 and 5284-5292, 5295, 5298 

inclusive. Northwest Territories Geological Survey – Assessment Report 085105. 

Diamonds North Resources Ltd., 2008. Banks Island project: airborne geophysical survey and 

till/stream sediment sampling. Prospecting permits: 3435 to 3445 and 5284 and 5298 inclusive. 

Northwest Territories Geological Survey – Assessment Report 085305.  

Ding, C., Li, X., Liu, X., and Zhao, L., 2014. Mafic-ultramafic and quartz-rich rock indices 

deduced from ASTER thermal infrared data using a linear approximation to the Planck Function. 

Ore Geology Reviews, 60: 161–173. 

Ecosystem Classification Group. 2013. Ecological regions of the Northwest Territories – northern 

Arctic. Department of Environment and Natural Resources, Government of the Northwest 

Territories, Yellowknife, NT, Canada.  X + 157 pp. + insert map (printed copies). 

Elachi, C., and Van Zyl, J., 2006. Introduction to the physics and techniques of remote sensing. 

2
nd

 Edition, John Wiley & Sons Inc., New Jersey, USA.  

Embry, A.F., and Klovan, J.E., 1971. A Late Devonian reef tract on northeastern Banks Island, 

N.W.T. Bulletin of Canadian Petroleum Geology, 19: 730-781. 

Embry, A.F., and Klovan, J.E., 1974. The Devonian clastic wedge of the Canadian Arctic 

Archipelago. In: Abstracts and Programs, Geological Society of America Annual Meeting, p.721-

722. 

England, J.H., and Furze, M.F.A., 2008. New evidence from the western Canadian Arctic 

Archipelago for the resubmergence of Bering Strait. Quaternary Research, 70: 60-67.  

England, J.H., and Furze, M.F.A., 2011. The Viscount Melville Sound Ice Shelf of the NW 

Laurentide Ice Sheet: a story befitting the seminal contributions of Art Dyke. 41
st
 International 

Arctic Workshop, Université du Québec à Montréal, Canada, March 2-4, pp. 94-96.  

England, J.H., Furze, M.F.A., and Doupé, J.P., 2009. Revision of the NW Laurentide ice sheet: 

implications for paleoclimate, the northeast extremity of Beringia, and Arctic Ocean 

sedimentation. Quaternary Science Reviews, 28: 1578-1596. 



63 

 

Evans, D.J.A., 2009. Controlled moraines: origins, characteristics and palaeoglaciological 

implications. Quaternary Science Reviews, 28: 183-208. 

Farr, T. G., et al. 2007. The Shuttle Radar Topography Mission. Rev. Geophys., 45, RG2004, 

doi:10.1029/2005RG000183. 

Fyles, J.G., 1962. Physiography in Banks, Victoria and Stefansson islands, Arctic Archipelago. 

Geological Survey of Canada, Memoir 330: 8-17. 

Giugni, L-P., Gray, J.T., and Cavayas, F., 1998. Utilisation de la télédétection pour la 

cartographie des dépôts glaciaires sur l’Île Akpatok, Baie d’Ungava, T.N.O. Canadian Journal of 

Remote sensing, 24(4) : 402-414. 

Gray, D., 1997. Spectral reflectance studies of the impact of water on mineral spectra. Exploration 

and Mining Report 444R, CSIRO/AMIRA Project P435: Mineral Mapping with Field 

Spectroscopy for Exploration. (CSIRO Division of Exploration and Mining, Australia). 

Green, A.A., Berman, M., Switzer, P., and Craig, M.D., 1988. A transformation for ordering 

multispectral data in terms of image quality with implications for noise removal. Geoscience and 

Remote Sensing, 26(1): 65-74.  

Hagolle, O., Huc, M., Villa Pascual, D., and Dedieu, G., 2010. A multi-temporal method for cloud 

detection, applied to FORMOSAT-2, VENµS, LANDSAT and SENTINEL-2 images. Remote 

Sensing of Environment, 114(8): 1747-1755. 

Harrison, J.C., Ford, A., Miall, A.D., Rainbird, R.H., Hulbert, L.J., Christie, R.L., and Campbell, 

F.H.A., 2013a. Geology, Tectonic assemblage map of Aulavik, Banks Island and northwestern 

Victoria Island, Northwest Territories. Geological Survey of Canada, Canadian Geoscience Map 

35 (preliminary), scale 1:500 000. 

Harris, J.R., He, J., Rainbird, R., and Behnia, P., 2014. A comparison of different remotely sensed 

data for classifying bedrock types in Canada’s Arctic: application of the robust classification 

method and random forests. Geoscience Canada, 41: 557-584 

Harsanyi, J.C., and Chang, C.I., 1994. Hyperspectral image classification and dimensionality 

reduction: An orthogonal subspace projection approach. IEEE Transactions on Geoscience and 

Remote Sensing, 32: 779-785. 

Hauff, P.L., 2005. Applied reflectance spectroscopy. Spectral International Inc., Version 4.1. 

Hewson, R.D., Cudahy, T.J., Mizuhiko, S., Ueda, K., and Mauger, A.J., 2005. Seamless 

geological map generation using ASTER in the Broken Hill-Curnamona province of Australia. 

Remote Sensing of Environment, 99: 159-172. 



64 

 

Holden, E.J., Wong, J.C., Kovesi, P., Wedge, D., Dentith, M., and Bagas, L., 2012. Identifying 

structural complexity in aeromagnetic data: An image analysis approach to greenfields gold 

exploration. Ore Geology Reviews, 46: 47-59.  

Iwasaki, A., & Tonooka, H., 2005. Validation of a Crosstalk Correction Algorithm for 

ASTER/SWIR. IEEE Transactions on Geoscience and Remote Sensing, 43(12): 2747-2751. 

Japan Space Systems, 2012. Geology/Spectral WG. Accessed from the internet November 4
th
, 

2015, from http://www.science.aster.ersdac.jspacesystems.or.jp/en/science_info/geolgy_WG.html 

Jing, C., Bokun, Y., Runsheng, W., Feng, T., Yingjun, Z., Dechang, L, Sming, Y., and Wei, S., 

2014. Regional-scale mineral mapping using ASTER VNIR/SWIR data and validation of 

reflectance and mineral map products using airborne hyperspectral CASI/SASI data. International 

Journal of Applied Earth Observation and Geoinformation, 33: 127-141. 

Jutard, G., and Plauchut, B.P., 1973. Cretaceous and Tertiary stratigraphy northern Banks Island. 

In: Proceedings. Symposium, Geology of the Canadian Arctic, J.D., Aitken and D.J. Glass (eds), 

Geological Association of Canada and Canadian Society of Petroleum Geology, Saskatoon, 

Canada, p.203-219.  

Kalinowski, A., and Oliver, S., 2004. ASTER mineral index processing manual. Remote Sensing 

Applications, Geoscience Australia, 37 pages. 

Kerr, D.E., Dredge, L.A., Kjarsgaard, I.M., Knight, R.D., and Ward, B.C., 1997. Kimberlite 

indicator minerals in till, central Slave province, N.W.T., Canada. Exploration Geochemistry, 

Paper 44: 359-362. 

Kruse, F.A., 2011. Mapping surface mineralogy using imaging spectrometry. Geomorphology, 

137: 41-56. 

Kruse, F.A., Lefkoff, A.B., Boardman J.B., Heidebrecht K.B., Shapiro A.T., Barloon P.J., and 

Goetz, A. F. H., 1993. The spectral image processing system (SIPS) - interactive visualization and 

analysis of imaging spectrometer data. Remote Sensing of Environment, 44: 145-163. 

Kruse, F.A. and Boardman, J.W., 2000. Characterization and mapping of kimberlites and related 

diatremes using hyperspectral remote sensing. Proceedings, 2000 IEEE AeroSpace Conference, 

Big Sky, MT. 

Kruse, F.A., Boardman, J.W., and Huntington, J.F., 2003. Comparison of airborne hyperspectral 

data and EO-1 Hyperion for mineral mapping. IEEE Transactions on Geoscience and Remote 

Sensing, 41: 1388-1400 

Kruse, F.A., Perry, S.L., and Caballero, A., 2006. District-level mineral survey using airborne 

hyperspectral data, Los Menucos, Argentina. Annals of Geophysics, 49(1): 83-92. 



65 

 

Lakeman, T.R., and England, J.H., 2012. Paleoglaciological insights from the age and 

morphology of the Jesse moraine belt, western Canadian Arctic. Quaternary Science Reviews, 47: 

82-100. 

Lakeman, T.R. and England, J.H., 2013. Late Wisconsinan glaciation and postglacial relative sea-

level change on western Banks Island, Canadian Arctic Archipelago. Quaternary Research, 80: 

99-112. 

Lakeman, T.R., and England, J.H., 2014. Facies and stratigraphical analyses of glacial and 

interglacial sediments at Morgan Bluffs, Banks Island, Canadian Arctic Archipelago. Boreas. 

Lass, L.W., Thill, D.C., Shafii, B., and Prather, T.S., 2002. Detecting spotted knapweed 

(Centaurea maculosa) with hyperspectral remote sensing technology. Weed Technology, 16: 426-

432. 

Maxwell, J.B., 1981. Climatic Regions of the Canadian Arctic Islands. Arctic, 34(3): 225-240. 

McClenaghan, M.B., 2005. Indicator mineral methods in mineral exploration. Geochemistry: 

Exploration, Environment, Analysis, 5: 233-245 

McClenaghan, M.B., and Kjarsgaard, B.A., 2001. Indicator mineral and geochemical methods for 

diamond exploration in glaciated terrain in Canada. Geological Society, London, Special 

Publications, 185: 83-123.  

McFeeters, S.K., 2007. The use of the normalized difference water index (NDWI) in the 

delineation of open water features. International Journal of Remote Sensing, 17(7): 1425-1432.  

Miall, A.D., 1975. Geology, Banks Island, District of Franklin. Geological Survey of Canada, 

Map 1454A, scale 1:1 000 000. 

Miall, A.D., 1976. Proterozoic and Paleozoic geology of Banks Island, Arctic Canada. Geological 

Suvey of Canada, Bulletin 258, 77 p. 

Miall, A.D., 1979. Mesozoic and Tertiary geology of Banks Island, Arctic Canada: the history of 

an unstable craton margin. Geological Survey of Canada, Memoir 387, 235 p.  

Nguno, A.K., 2004. Kimberlite indicator minerals of the Gibeon Kimberlite Province (GKP), 

southern Namibia: their character and distribution in kimberlite intrusions and fluvial sediments. 

Communs geol. Surv. Namibia, 13: 33-42. 

Ninomiya, Y., Fu, B.H., and Cudahy, T.J., 2005. Detecting lithology with Advanced Spaceborne 

Thermal Emission and Reflection Radiometer (ASTER) multispectral thermal infrared 

“radiance-at-sensor” data. Remote Sensing of Environment, 99: 127–139. 



66 

 

NOAA, 2015. NOAA Solar Position Calculator. Earth System Research Laboratory, Global 

Monitoring Division, National Oceanic and Atmospheric Administration. [accessed September 

16, 2015]. http://www.esrl.noaa.gov/gmd/grad/solcalc/ 

Paradella, W.R., Bignelli, P.A., Veneziani, P., Pietsch, and R.W., Toutin, T. 1997. Airborne and 

spaceborne Synthetic Aperture Radar (SAR) integration with Landsat TM and gamma ray 

spectrometry for geological mapping in a tropical rainforest environment, the Carajas Mineral 

Province, Brazil. International Journal of Remote Sensing, 18(7): 1483-1501. 

Paulen, R.C. and McClenaghan, M.B. (eds.) 2013. New frontiers for exploration in glaciated 

terrain. Geological Survey of Canada, Open File 7374, 85 p. 

Plauchut, B.P., 1971. Geology of the Sverdrup Basin. Bulletin Canadian Petroleum Geology, 19: 

659-679. 

Pour, A.B., Hashim, M., and Marghany, M., 2011. Using spectral mapping techniques on short 

wave infrared bands of ASTER remote sensing data for alteration mineral mapping in SE Iran. 

International Journal of the Physical Sciences, 6(4): 917-929. 

Pour, A.B., and Hashim, M., 2012. The application of ASTER remote sensing data to porphyry 

copper and epithermal gold deposits. Ore geology Reviews, 44: 1-9. 

Rees, W.G., 2013. Physical Principles of Remote Sensing. 3
rd

 Edition, Cambridge University 

Press, New York, USA.   

Richards, J.A., 1999. Remote Sensing Digital Image Analysis. Springer-Verlag, Berlin, p. 240. 

Rodriguez-Galiano, V.F., Chica-Olmo, M., and Chica-Rivas, M., 2014. Predictive modelling of 

gold potential with the integration of multisource information based on Random Forest: a case 

study on the Rodalquilar area, southern Spain. International Journal of Geographical information 

Science, 28(7): 1336-1354.  

Rowan, L.C., Mars, J.C., 2003. Lithologic mapping in the mountain pass, California area using 

Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER) data. Remote 

Sensing of Environment, 84: 350-366. 

Sabins, F., 1999. Remote sensing for mineral exploration. Ore Geology Reviews, 14: 157-183. 

Salem, S.M., and El Gammal, E.A., 2015. Iron ore prospection East Aswan, Egypt, using remote 

sensing techniques. The Egyptian Journal of Remote Sensing and Space Science, in press, 

corrected proof.   

Schetselaar, E.M., Harris, J.R., Lynds, T., and de Kemp, E.A., 2007. Remote Predictive Mapping 

(RPM): A strategy for geological mapping of Canada’s north. Geoscience Canada, 34: 93-111 

http://www.esrl.noaa.gov/gmd/grad/solcalc/


67 

 

Shippert, P., 2003. Introduction to hyperspectral image analysis. Online Journal of Space 

Communication, 3. 

Smith, I.R., 2015. Report of activities for the assessment of kimberlite indicator mineral sources 

on northeastern Banks Island, Northwest Territories: GEM 2 Western Arctic Margins Project. 

Geological Survey of Canada Open File 7972. 

Smith, I.R., and Farineau, A., 2015. A reconstruction of drift lithostratigraphy on Banks Island, 

Northwest Territories, based on seismic shothole drillers’ logs and lithogeochemical sample 

records. Geological Survey of Canada, Open File 7322, 1 zip file.  

Sohn, Y.S., Moran, E., and Gurri, F., 1999. Deforestation in north-central Yucatan (1985-1995): 

mapping secondary succession of forest and agricultural land use in Sotuta using the cosine of the 

angle concept. Photogrammetric Engineering and Remote Sensing, 65: 947-958. 

Stocker, A., Reed, I.S., and Yu, X., 1990. Multidimensional signal processing for electrooptical 

target detection. Proc. SPIE Int. Soc. Opt. Eng., 1305. 

Thorsteinsson, R., and Tozer, E.T., 1959. Western Queen Elizabeth Islands, District of Franklin, 

Northwest Territories. Geological Survey of Canada, Paper 59-1. 

Thorsteinsson, R., and Tozer, E.T., 1962. Banks, Victoria, and Stefansson Islands, Arctic 

Archipelago. Geological Survey of Canada, Memoir 330. 83 p. 

Tucker, C.J., Slayback, D.A., Pinzon, J.E., Pinzon, J.E., Los, S.O., Myneni, R.B., and Taylor, 

M.G., 2001. Higher northern latitude normalized difference vegetation index and growing season 

trends from 1982 to 1999. International Journal of Biometeorology, 45(4): 184-190.  

USGS, 2015. Landsat 8 (L8) Data Users Handbook, Version 1.0. Sioux Falls, SD, USA. 

Vaughan, J.M., England, J.H., and Evans, D.J.A., 2014. Glaciotectonic deformation and 

reinterpretation of the Worth Point stratigraphic sequence: Banks Island, NT, Canada. Quaternary 

Science Reviews, 91: 124-145. 

Vincent, J-S., 1980. Surficial Geology – Banks Island, Northwest Territories. Geological Survey 

of Canada, Maps 16-1979 (North half) and 17-1979 (South half). 

Vincent, J-S., 1982. The Quaternary history of Banks Island, N.W.T., Canada. Géographie 

physique et Quaternaire, 36: 209-232. 

Vincent, J-S., 1983. La géologie du Quaternaire et la géomorphologie de l’Île Banks, Arctique 

Canadien. Geological Survey of Canada, Memoir 405, 118p. 

Vincent, J-S., 1990. Late Tertiary and Early Pleistocene deposits and history of Banks Island, 

southwestern Canadian Arctic Archipelago. Arctic, 43: 339-363. 



68 

 

Vincent, J-S., 1992. The Sangamonian and early Wisconsinan glacial record in the western 

Canadian Arctic. In: The Last Glacial-Interglacial Transition in North America (P.U. Clark, P.D. 

Lea, eds.), Geological Society of America, Special Paper, 270: 233-252. 

Viscarra, R., Webster, R., Kidd, D., 2014. Mapping gamma radiation and its uncertainty from 

weathering products in a Tasmanian landscape with a proximal sensor and random forest kriging. 

Earth Surface Processes and Landforms, 39(6): 735-748. 

Washburn, A.L., 1947. Reconnaissance geology of portions of Victoria Island and adjacent 

regions, Arctic Canada. Geological Survey of America, Memoir 22, 142 pp. 

Wickert, L.M., Budketwitsch, P., Morris, W.A., 2008. Case Study: Lithological Mapping using 

ASTER – the Belcher Islands, Nunavut. RPM Manual for Natural Resources Canada, Canada 

Centre for Remote Sensing. 

Yamaguchi, Y., and Naito, C., 2003. Spectral indices for lithological discrimination and mapping 

by using the ASTER SWIR bands. International Journal of Remote Sensing, 24(22): 4311-4323. 

Yang, K., Browne, P.R.L., Huntington, J.F., and Walshe, J.L., 2001. Characterising the 

hydrothermal alteration of the Broadlands – Ohaaki Geolthermal System, New Zealand, using 

short-wave infrared spectroscopy. Journal of Volcanology and Geothermal Research, 106(1-

2):53-65. 

Yu, X., Reed, I.S., and Stocker, A.D., 1993. Comparative performance analysis of adaptive 

multispectral detectors. IEEE Trans. on Signal Processing, 41(8).  

Yuhas, R.H., Goetz, A.F.H., and Boardman, J.W., 1992. Discrimination among semi-arid 

landscape endmembers using the Spectral Angle Mapper (SAM) algorithm. Summaries of the 

Third Annual JPL Airborne Geoscience Workshop, JPL Publication 92-14, 1:147-149. 

Zadeh, M.H., Tangestani, M.H., Roldan, F.V., Yusta, I., 2014. Mineral exploration and alteration 

zone mapping using mixture-tuned matched filtering approach on ASTER data at the central part 

of Dehaj-Sarduiyeh copper belt, SE Iran. IEEE Journal of Selected Topics in Applied Earth 

Observations and Remote Sensing, 7(1). 

Zhang, X., & Pazner, M., 2007. Comparison of lithological mapping with ASTER, Hyperion, and 

ETM data in the southeastern Chocolate Mountains, USA. Photogrammetric Engineering & Re-

mote Sensing, 73(5): 555-561. 


	Avancerad nivå engelsk mall
	tomsida
	Mall_förord_xjobb_eng_150101
	tomsida
	Farineau_Thesis_Final

