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Abstract
This research tested hyperspectral remote sensing for large-scale mineral mapping on benches,
highwalls, and leach pads in two active mines near Tucson, Arizona. The objective was to
determine best practices for applying hyperspectral remote sensing in mining and metallurgical
environments. Research topics included testing different procedures for building libraries,
different methods of pre-processing, different classification methods, and examining how
conditions such as variations in mineralogy and material type, illumination, angle of exposure,
and moisture content affect the results.
The results show that hyperspectral remote sensing can be a reliable technique for mining
companies to map the distribution of spectrally active minerals on a large scale and describes
best practices for different scanning areas. The tripod-mounted scan is suitable for steep
highwalls and benches, while drone-mounted scans work best for scanning flat areas, like leach
heaps. Closer scan and improves identification, particularly of materials with low spectral
activity. Different smoothing and binning approaches were used to increase the signal/noise ratio
of spectral data. Both of them can be used for pre-processing, but binning is prone to causing
misidentification, and smoothing is more reliable. Comparison of the scan results classified by
Spectral Angle Mapper (SAM) and Spectral Feature Fitting (SFF) indicates that SAM yields
more accurate and comprehensive identifications. All scans show that variations in illumination
intensity and moisture content affect mineral identifications, with the results being most serious
for drone-based binned spectra classified with a low spectral angle threshold.
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Introduction
Mapping the distribution of minerals and other materials in mine sites is a continual requirement
during exploration, development, and mining, but is becoming more problematic. The traditional
methods of mapping minerals are laborious and time-consuming, and the data acquired are
discontinuous (Brimhall et al., 2006). They also involve placing personnel in potentially
dangerous situations near high walls, on leach pads, and in other hazardous areas. Thus, mining
companies are increasingly seeking to use advancing technology for rapid, remote, and costeffective mapping. Hyperspectral remote sensing, widely used in other areas, could help fill this
need, but it has not really been optimized for the mine site. This thesis describes work carried out
to test hyperspectral remote sensing in different mining applications and to identify how it should
be adapted for maximum mine site effectiveness.

Overview of hyperspectral remote sensing and lab-based hyperspectral scanning
Hyperspectral remote sensing is a proven technology for identifying and mapping materials in
applications such as natural disasters, health, energy, climate science, water resource and
ecosystem studies, agriculture, and biodiversity (Van Der Meer et al., 2012). It is based on
infrared spectrometry, which identifies minerals based on their reflectance or emissivity
signatures in different parts of the electromagnetic spectrum (Goetz et al., 1985). Reflectance
arises from an interaction between the incident radiation and the surface- or near-surface atoms
in the materials. Some photons are reflected from grain surfaces, some pass through the grain,
and some are absorbed (Clark, 1999) because of interactions between the photons and the
material’s chemical bonds. In the electronic region (0.4-1.35 μm), absorptions are caused by Fe,
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Mn, Ti, Cu, Co, and Cr, transition metals that absorb light of the wavelength necessary to excite
electrons. In the vibrational region (1.35-2.5 μm), absorptions are caused by vibration of the
bonds in OH-, H2O, NH4-, SO42-, CO32-, and other species (Swayze et al. 2000). The wavelength
absorbed depends on the nature of the chemical bonds or the energy gap between electronic
states, which selectively absorb the right energy to cause vibration of that particular bond or to
promote the particular electrons (Figure 1). By matching the absorption features or reflectance
profile to reference standards, a spectrum can be used for mineral identification.
Infrared spectrometry has been deployed in the lab for decades as a routine technique for sample
identification, and is used by many mining companies for blast hole and drill hole samples. The
theory of lab-based infrared spectrometry is similar to remote sensing in the infrared, but a labbased IR spectrometer needs to be as close to the object as possible and the testing area is very
small. Thus it highly labor intensive for mapping, but can be used to acquire good ground-truth
reference spectra that are more precise and accurate than remote sensors due to higher
signal/noise ratio. In remote sensing, the scanner can be any distance from the scanned object
and collects spatial as well as spectral data, although the spectra are generally noisier. The light
wavelengths are divided into segments or bands of varying width. A spectrometer can measure
absorption or reflectance in a few bands (multispectral) or in hundreds of bands for nearly
continuous data across the spectrum (hyperspectral). Within these categories, a wide band may
represent low resolution, and a narrow band may represents high resolution. Both hyperspectral
and multispectral remote sensing have been used to detect minerals. However, the disadvantages
of multispectral, especially low spectral resolution, limit it to rough classification, such as
separating non-argillic from argillic materials using band ratios. By contrast, hyperspectral
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remote sensing has high spectral resolution and its bands are contiguous and narrow. It is thus
capable of quantitative and detailed surface mineralogic mapping (Van der Meer et al., 2012).
In some respects, hyperspectral remote sensing is analogous to ordinary color vision. People can
see objects in the color corresponding to whatever wavelength is least absorbed or most strongly
reflected. However, a modern spectrometer can measure absorptions and reflectances in a
broader wavelength range than human eyes, and more quantitatively. For geological materials,
the most useful part of the spectrum is in the visible to near-infrared (VNIR, 400-1000 nm) and
short-wave infrared (SWIR, 600-2500 nm) ranges, where most minerals have their strongest
electronic and vibrational absorption features (Clark et al., 1990). Van der Meer et al. (2012)
have reviewed different types of spectrometers and the development of remote sensing for
geological materials.

Data processing
The data initially collected by the spectrometer are in the form of measurements of the intensity
of light emerging from the material scanned in the various wavelength bands. To turn these into
reflectance spectra requires substantial data pre-processing, consisting of ortho-rectification and
stitching (for aerial or drone data), non-uniformity correction, and radiometric calibration. Orthorectification removes the distorting effects of tilt, perspective, and terrain relief by transforming
the central projection of the photograph into an orthogonal view (figure 2). After that, images are
stitched together based on GPS data or ground control points. The non-uniformity or flat-field
correction adjusts the image for changes over the scan in the temperature, optical path, and other
scanner parameters, which otherwise cause non-uniform responses across the image plane. In

15
radiometric correction, the raw data which are digital counts or intensities collected from the
spectrometer are converted to radiance units by an equation:
𝐷𝐷𝐷𝐷 = 𝐿𝐿 × 𝐺𝐺 × 𝜏𝜏𝑒𝑒𝑒𝑒𝑒𝑒 + 𝐷𝐷𝐷𝐷 .

(Equation 1)

In this equation, DN is the sensor measurement of scene (in digital numbers or counts), L is the
radiance, G is system gain, τexp is exposure time of camera, and DF is dark-field measurement
(acquired through scanning with the lens cap on). Radiometric calibration also provides the nonuniformity correction, fixing pixel response variations, slit imperfections, and vignetting from
fore-optics or spectrometer. After radiometric correction, the reflectance data are derived by an
equation:
𝐿𝐿

𝑅𝑅𝑆𝑆 = 𝐿𝐿 𝑆𝑆 × 𝑊𝑊ℎ𝑖𝑖𝑖𝑖𝑖𝑖 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶.
𝑊𝑊

(Equation 2)

where RS is the reflectance of the scene, LS is the radiance of the scene, LW is the radiance of the
white reference, and white reference reflectance calibration is a fixed value depending on the
percent reflectance from the in-scene white reference standard, usually a SpectraLon panel or
tarp.
Additional pre-processing is necessary for some field spectra before classification. In most cases,
spectra measured in the field and without a controlled light source are subject to noise distortion,
which can cause false positive matches in classification. Thus, it is necessary to process the
spectral signals to improve the signal/noise ratio and enhance spectral identification. In this
thesis, spectral binning and spectral smoothing were examined to find the best way to increase
the signal/noise ratio, prior to classification, for hyperspectral images collected in mining and
metallurgical environments. As its name indicates, spectral binning combines the reflectance of
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several spectral bands into a specified number of bins. Most commonly, bins consist of two or
three spectral bands. The signal/noise ratio is increased by binning bands, but the spectral
resolution decreases. Spectral smoothing mainly uses a Savitzky-Golay filter (Savitzky and
Golay, 1964) or a related function to smooth spectra (reviewed by Vaiphasa, 2006). The
Savitzky-Golay smoothing filter is a weighted moving average, with the weighting given by a
polynomial function of a specified degree convolved with the spectrum. For example, consider a
spectrum for each point fi, and fit a polynomial by least squares to Nl+Nr+1points. This
represents a filter window where Nl is the number of points from i to the left edge of the window,
Nr is the number of points from i to the right edge of the window. A value gi represents the value
of the polynomial at position i. This g(i) then becomes the new, smoothed spectral value at
position i. After that, the window moves to point i+1 and the least-squares fit is repeated to find a
smoothing value gi+1 (Press and Teukolsky, 1990). The degree of the polynomial can be varied to
fit the shape of the spectrum in the window. Figure 3 shows a 7-point moving polynomial
smoothing filter of this type. Figures 4 and 5 show comparisons of a smoothed spectrum and a
binned spectrum to an original spectrum.
For remote sensing data, water bands must be excluded before classification, because the water
vapor and carbon dioxide in atmosphere absorb incoming sunlight before light ever reaches the
scanning surface, and signal/noise ratio is low at those wavelengths. The typical exclusion range
is 1347nm–1443nm and 1807nm-1961nm.
Once the data have been converted to reflectance spectra, smoothed or binned, and the exclusion
zone applied, each pixel’s spectrum can be classified into a material type by matching against a
pre-built reference library. The optimal reference library is built from ground-truth samples
and/or core scans from the specific site, although generalized reference libraries such as those
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maintained by the US Geological Survey and Jet Propulsion Lab are also commonly used
(Kokaly et al., 2017b; Baldridge et al., 2009).
Several methods of classifying hyperspectral data exist. Among the most common is Spectral
Angle Mapping (SAM). As explained by Yuhas et al. (1992) and Kruse et al. (1993), SAM is an
algorithm that transforms a pixel spectrum and a reference spectrum into vectors in ndimensional spectral space (n = number of bands), and determines the similarity of two spectra
by calculating the “angle” between them for each band (Figure 6). Smaller angles represent
closer matches between the unknown and the reference spectrum. The equation for SAM is:

𝛼𝛼 = cos −1 �

∑𝑛𝑛𝑛𝑛
𝑖𝑖=1 𝑡𝑡𝑖𝑖 𝑟𝑟𝑖𝑖

1
1
2 2 𝑛𝑛𝑛𝑛 2 2
�∑𝑛𝑛𝑛𝑛
𝑖𝑖=1 𝑡𝑡𝑖𝑖 � �∑𝑖𝑖=1 𝑟𝑟𝑖𝑖 �

�,

(Equation 3)

or in vector notation,
𝑡𝑡⃗ ∙ 𝑟𝑟⃗

𝛼𝛼 = cos −1 ��𝑡𝑡⃗�∙‖𝑟𝑟⃗‖�,

(Equation 4)

where α is the angle between the two vectors t (representing the pixel spectrum) and r
(representing the reference spectrum) in band i, and nb is the number of bands. Based on this
band-by-band comparison, the SAM algorithm chooses as a match the library spectrum that has
the smallest α for a given pixel in the input image. The output for imaging data is a classification
image showing each pixel with the color corresponding to its best-match reference spectrum’s
color. If none of the spectra in the reference library matches a reference pixel to within the
required α for all bands outside the atmospheric exclusion wavelengths, the pixel is considered
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unmatched and remains black in the classified image. This can be due to spectrally inactive
minerals such as quartz and feldspar, which do not have absorption features in the wavelength
ranges scanned, or to absorptions that can cause pixels to lose spectral features. It is also possible
for pixel spectra to have absorption features, but to fail to match anything in the library. As
pointed out by Kruse et al. (1993), SAM is insensitive to illumination and albedo because poor
illumination conditions cause low reflectance but the spectral angle will not change (Figure 6).
Spectral Feature Fitting (SFF) is another common classification method, which performs a leastsquares fit for each band to find the difference between each reference spectrum and each pixel
spectrum (Clark and Swayze, 2003). Unlike spectral angle mapping, SFF only uses one feature at
a time, within a user-defined window, rather than all or most of the spectrum. The narrowest
spectral range that contains the entire absorption feature is selected by continuum removal or
subtracting the higher-wavelength background from both the image and reference spectra (ENVI,
2020). The SFF algorithm scales the selected part of each reference spectrum to match the image
spectra by matching the width and depth of the absorption feature between them. The output is a
scale image of the scene, in which bright areas indicate pixels whose absorption features are the
most similar in depth and width to the same feature in the reference spectrum. SFF also produces
a root mean square (RMS) image, in which the darkest pixels are those that best match the
particular reference with the lowest RMS image. Compared with SAM classification, SFF scale
and RMS images can only show one mineral type identification per image, and the boundaries of
identified minerals’ areal occurrences may or may not be not clear.
After classification, spectral-spatial averaging of the mineral map can increase signal/noise ratio
and reduce dataset size by averaging the reflectance of each band with the reflectance of the
corresponding band in the surrounding 8 pixels. Bands with zero reflectance, and pixels
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belonging to different classes from the central pixel, are excluded during averaging. However,
this can only be done effectively after classification to avoid averaging pixels of different
materials together, thereby smearing out what may be sharp boundaries.

Previous studies of hyperspectral remote sensing in mineral resources
Imaging spectrometers have been used in many different industries, including geology and
mining. Remote sensing geologists and exploration geologists have used hyperspectral remote
sensing for mineral resource mapping, exploration, and other related areas. Swayze et al. (2000)
used spectral data from the AVIRIS instrument to evaluate mine waste at the California Gulch
Superfund Site near Leadville. CO. They used the Fe-bearing secondary minerals as indicators to
map acidic mine waste and compared the spectral results with XRD analysis of in-situ ground
truth samples. They found imaging spectroscopy is well suited for locating acidic minerals
exposed at the surface, which are an indicator of the potential for acid rock drainage. But the
large footprint of an AVIRIS pixel (4x4 to 20x20 m) made it difficult to detect some smaller
sources, which hampered their original research goals and meant that airborne hyperspectral
imaging might not be suitable for evaluating remediated mine waste (Swayze et al. 2000).
Kruse and others (2012) combined airborne, drone-based, and ground-based hyperspectral
imaging data to test an integrated approach to mineral mapping for mine site exploration,
evaluation, and development. They used a combined VNIR/SWIR ProSpecTIR-VS system to
acquire flightlines, rock core and rock chips, and spectral data sets from the Trinity Mine in
northern Nevada. They were able to detect two varieties of illite-muscovite, one a probable hightemperature aluminum hydroxide-substituted alteration mineral. They also found that jarosite
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appears to correlate with mined areas of high-grade silver ore, which could be used for targeting
additional new areas of interest, since jarosite-rich areas were also identified outside the pit. The
synthesis of all of the imaging spectrometer dataset results provided more detailed alteration
mapping than was previously available for the area (Kruse et al. 2012).
Kokaly et al. (2017a) also combined three spatial scales of hyperspectral measurement (airborne,
field and laboratory), using the Orange Hill porphyry exploration site in Alaska. They examined
the consistency of mineral information acquired from airborne-, field-, and laboratory-based
imaging spectrometer. They found that the HySpex (field-based imaging spectroscopy) results
match the HyMap (airborne-based imaging spectroscopy) results, and that the spectrally
predominant minerals and patterns in the images would be consistent with a partially exhumed
and strongly altered porphyry system. The laboratory-level spectrometer detected molybdenite
spectral features that were not visible in the relatively coarser-scale field data, and that were
consistent with XRD results and visual observation. Their study demonstrated that hyperspectral
imaging could provide direction for follow-up sampling and investigations and help reduce
subsequent exploration costs (Kokaly et al., 2017a).
Kurz et al. (2012) integrated hyperspectral imagery with terrestrial LiDAR scanning to map
different limestone and dolomite types, faults, and layer thicknesses in inaccessible areas of
abandoned carbonate quarries. They also did one case study using artificial light for
hyperspectral scanning in an underground rock laboratory (Kurz et al., 2017). In their first study,
they found hyperspectral imaging can readily detect spectral differences between some materials
even though they are chemically very similar, such as limestone and dolomite, at the Pozalagua
quarry in Spain. In their second case study at the Jakobsberg quarry in Switzerland, poor
illumination conditions and extended spectral range of their sensor resulted in a high-noise
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spectral image, hampering the analysis. In that study, they found they could not map the clay and
carbonate material in detail, and concluded that more research is required to develop correction
methods for hyperspectral imagery with the ground-based scanning setup under poor
illumination. For the third case study, they concluded that artificial light sources are usable for
hyperspectral scanning where solar radiation cannot be employed, an unsurprising conclusion
given the long history of infrared spectrometry in artificially lit laboratories (Kurz et al. 2012,
2017).
Swayze et al. (2014) used the AVIRIS system to map advanced argillic alteration at an exposed
but unmined epithermal deposit at Cuprite, Nevada. They integrated the spectral results with the
hydrothermal and geological framework of the area to demonstrate the utility of imaging
spectroscopy for exploration in frontier areas. They successfully used absorption features in the
electronic region (400-1300 nm) to differentiate Fe-bearing minerals, and features in the
vibrational region (1300-2500 nm) to detect clays, sulfates and carbonates. Two alteration zones
were mapped in their spectral images: an advanced argillic (alunite/kaolinite) zone and an
underlying siliceous(chalcedony/opal) alteration zone (Swayze et al., 2014).
Clark et al. (1998) also utilized an older AVIRIS dataset obtained in 1997 by the Environment
Protection Agency (EPA) to create mineral maps for the Ray mine in southeastern Arizona. They
used mineral maps derived from AVIRIS data to find the potential risk factors contributing to
poor environmental water quality (Clark et al., 1998). Although their article was published more
than 20 years ago, the minerals they detected in different rock units can still be used as a
reference. Their results will be further discussed later in this thesis.
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Background and motivation for this study
This study was undertaken in response to two situations that required the type of large-scale yet
detailed mineralogical mapping that hyperspectral remote sensing can provide. In the Ray mine,
a recent rock displacement occurred without obvious relationship to fractures, faults, or other
structures, raising the possibility of mineralogy contributing to a geotechnical problem. The old
strategies of high wall mapping and blasthole sampling could not be used, since they required
personnel exposure to a dangerous area. Exclusive of safety concerns, the fine-grained clay
minerals likely involved in the failure are impossible to identify in the field, and mapping is
laborious and time consuming and does not produce continuous data over the entire area. In the
Safford mine, there were no such immediate issues but ongoing interest in finding a technique to
map the distribution of minerals, irrigation piping, lixiviant ponding, and other features on leach
pad surfaces. The expansion of leaching operations was making traditional mapping of the leach
pads a challenge, beyond existing issues of CO2 and SO2 release and sulfuric acid solution
inhibiting access. Hyperspectral remote sensing was identified as a mapping technique suitable
to both situations. Thus, this study was undertaken to test the application of hyperspectral remote
sensing to these environments and to identify the optimum spectral remote sensing techniques
for mining situations.

Background to study sites: 1. Ray mine geological setting
The geotechnical testing site was the Ray Mine, an open pit mining a porphyry copper deposit
located in Pinal County, Arizona, about 70 miles north of Tucson (Figure 7). The Ray operation
is owned by ASARCO and includes a 250,000-ton/day open pit mine with a 30,000-ton/day
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concentrator (ASARCO, 2020). Ransome (1919) and Metz and Rose (1966) have reviewed the
geology and ore deposits of Ray in detail, and Cornwall et al. (1971) summarized all the rock
units at the mine, which are shown in Figure 7 and Table 1. Phillips et al. (1974) studied
hypogene alteration and sulfide mineralization in the diabase, the Granite Mountain Porphyry,
and the quartzose Precambrian rocks at Ray. Most of the geology of Ray is common to major
porphyry copper deposits in the North America Cordillera (Lowell and Guilbert, 1970; Phillips et
al., 1974). The most significant difference is that most of the supergene and hypogene ore are
present in the host or country rocks, but not in the intrusive rocks themselves (Cornwall, 1971).
The Ray geology is complicated because of a combination of faulting, lithological variation in
the host rocks, two known episodes of post-emplacement tilting, a complicated enrichment
history, multiple episodes of hypogene and supergene alteration, and the removal of a large
portion of the original ore shell by alteration, metamorphism, and weathering (Clark, 1998).
In this study the main scanning area was Indian Springs, located high on the east highwall of the
Ray open pit, where recent slope movement was not consistent with structure. The rock units in
the scanning areas at Indian Springs are mainly the Pinal Schist, the unnamed diabase, the
Dripping Springs formation, and the Pioneer formation. Figure 7 shows the surface exposure of
these rock units. Cornwall and Phillips (1971) summarize the geology of these units, and the
following description is mainly taken from that source. The Pinal Schist is a sequence of
metamorphosed shale, sandstone, siltstone, and conglomerate with flows or plutons of a rhyolitic
porphyry. Some biotite-rich zones were found in this rock unit, which otherwise is mostly
quartz-muscovite-chlorite schist with magnetite, plagioclase, K-feldspar, biotite, and locally
andalusite and sillimanite. The diabase forms sills that are common in all the Precambrian rocks.
Most of the diabase has been altered to some extent with the development of biotite, chlorite,
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epidote, and pumpellyite. Alteration style and extent vary in different exposures of the diabase.
The Dripping Springs Quartzite consists of a siltstone member, an arkose member, and the
Barnes Conglomerate Member. The siltstone member consists of siltstone with interbedded shale
and fine-grained arkosic sandstone. K-feldspar and pseudomorphs of small pyrite crystals are
abundant. In the arkose member, arkose and feldspathic quartzite dominate. The Barnes
Conglomerate Member comprises pebbles and cobbles of quartz, red jasper, siltstone, quartzite,
and schist. The Pioneer Formation consists of the basal Scanlan Conglomerate overlain by
tuffaceous siltstone and interbedded arkosic sandstone. The rock in the tuffaceous siltstone and
arkosic sandstone consists of K-feldspar, plagioclase, quartz, limonite, hematite, and sericite.
Background to testing sites: 2. Safford mine geological and metallurgical setting
The second testing site was the leach pads of the Safford mining district, a group of open-pit
mines on porphyry copper deposits located in Graham county, 170 miles east of Phoenix,
Arizona (Figure 8). The mines are owned by Freeport-McMoRan Inc. (FMI). Copper production
at Safford was 230 million pounds in 2016 (FMI 2016 10-K report).
As reviewed by Robinson et al. (1996), from which the following description is largely taken,
there are at least five Paleocene- to Eocene-age porphyry copper deposits in the Safford district
(Dos Pobres, San Juan, Kennecott, Sanchez, Lone Star). Multiple smaller porphyry stocks are
also present but most are subeconomic. FMI has mined San Juan and Dos Pobres and is currently
expanding mining into Lone Star. The San Juan stock consists of granodiorite, granodiorite
porphyry and quartz monzonite porphyry. The Lone Star pluton is made up of minor
granodiorite, quartz diorite and quartz monzonite. Both San Juan and Lone Star intrude the older
Cretaceous volcanic series, which consist of porphyritic andesite and flow breccia with tuff
intercalations. Alteration in the Safford district has been studied by Robinson and Cook (1966)
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and consists of regional propylitic and quartz-sericite alteration (Robinson et al., 1966). Quartzsericite alteration occurs in the acidic to intermediate intrusive rocks and is characterized by
conversion of plagioclase to sericite and quartz. The propylitic alteration zone is characterized by
epidote and chlorite (Abrams et al., 1983).
Since most of the material on the leach pad scanned came from Dos Pobres, the geological
review will focus on that deposit. The principal rock types of the Dos Pobres orebody are the
Safford Metavolcanics, the Productive Porphyries, Hornblende Andesite Dikes and Sills, and the
Baboon Metavolcanics (Table 2). The productive porphyry at Dos Pobres began with a
granodiorite composition and was modified locally by later magmatic effects including biotite
alteration, followed by intense potassic alteration that accompanied mineralization (Langton and
Williams, 1982). During subsequent propylitic alteration, any biotite surviving was partially
replaced by coarse clinochlore and blebs of epidote with accessory rutile. Plagioclase is altered
to shreddy sericite and some earthy epidote (Langton and Williams, 1982). Supergene alteration
profoundly affected the ore mineralogy before being cut short by the rapid burial of the exhumed
orebody underneath the Tertiary volcanic sequence. The main ore minerals are chrysocolla, Cubearing iron oxides, and supergene sulfides (Freeport-McMoRan, 2020).
The leach pad is located at the northwest of Dos Pobres Mine and San Juan Mine. The crushing
facility, with a capacity of 103,000 metric tons per day, is near to leach pads (Figure 8). A series
of overland and portable conveyors deliver crushed and agglomerated ore to leach pads. Ore top
size is approximately ½” (1.25 cm). Leaching uses sulfuric acid as a lixiviant.

26

Methods
Fieldwork
For the study at Ray, we completed 4 days’ hyperspectral scans in April 2019 using drone- and
tripod- mounted sensors. The weather was sunny with intermittent clouds. Ground-truth samples
in the scanning area were collected at the same time as the scans. The scans were performed by
Headwall Photonics using two Headwall Photonics Micro-Hyperspec systems. One was a
coaligned system combining VNIR (400-1000 nm) and SWIR (600-2500 nm) imaging
spectrometers with 170 SWIR and 270 VNIR spectral bands. The second was a SWIR-only
NanoHyperspec system mounted on a rotating pan-and-tilt tripod. The drone used was a DJI
Matrice 600 Pro hexacopter flying in terrain-following mode at approximately 70 m, generating
a spatial resolution of approximately 15 cm2 per pixel. The final successful results included 18
flight scans and 14 tripod scans, in both the Indian Springs area and on the northern (Silver
Slide) and eastern (Calumet) highwalls of the pit. Figure 9 shows the areas scanned at Ray.
Follow-up radar monitoring of the Indian Springs area by the UA’s Geotechnical Center of
Excellence took place over 2 weeks in June 2019 using an IBIS-M ground-based interferometric
synthetic aperture radar.
The fieldwork for Safford was completed in September 2019 with 4 days’ scanning of parts of
the heap leach pad, using the same Headwall Photonics coaligned system and DJI drone
described above. During scanning, 59 ground-truth samples were collected on a 50-foot GPSsurveyed grid over the scan areas. Flights took place at three different elevations (20m, 40m, and
80m) in order to determine the influence of spatial resolution on mineral identification, yielding
spatial resolutions of approximately 2.5 cm2, 8 cm2, and 25 cm2 per pixel respectively. Figure 10
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shows the areas scanned at Safford. Cell 2 had been leached for weeks, cell 3 was not leached
during scanning, and cells 4-5 had been leached for months.

Data pre-processing
Data collected from the tripod- and airborne-based scanning were processed by Headwall
Photonics to reflectance using the steps described above. Variation in spectrometer temperature
over the course of drone flights caused background fluctuations, which were corrected by using
the dark current to calibrate. Radiances were converted to reflectance using a SpectraLon tarp
with a calibrated reflectance as an in-scene white reference (see Equations 1-3). The overall
procedure is shown in Figure 11. The scan data for Ray were reduced by Headwall Photonics’
SpectralView software, and the scans from Safford were reduced using Harris Geospatial’s
ENVI program.

Pre-classification
Ground-truth samples were scanned with an ASD TerraSpec spectrometer at the University of
Arizona, including scans of both weathered and fresh surfaces. The ASD spectra were imported
and reduced in the Spectral Geologist (TSG) software to identify the mineral species.
Since hyperspectral imaging spectra are too noisy to distinguish some mineral subtypes, the
reference libraries for classification were constructed by combining ground-truth sample spectra
into groups (e.g. all white micas were grouped together) and selecting one or more
representatives from among the group to enter into the reference library. The criteria for
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selecting representative spectra were 1) Spectral features of all selected spectra conform to the
corresponding authoritative spectra in Spectral Interpretation Field Manual (AusSpec
International Ltd., 2008), and 2) Every representative spectrum should have obvious, clear, and
characteristic absorption features distinct from the features of other spectra in the reference
library. The Ray mine reference spectra were selected from 13 ground-truth sample spectra and
69 drill core scans provided by the mine from a Malvern Panalytical SWIR spectrometer. Safford
reference spectra were selected from 59 ground-truth sample spectra from the ASD and 5 spectra
obtained from irrigation piping in the area. Libraries were iteratively improved by adding or
changing reference spectra. The robustness of classification was judged by the lack of change
(except for an increase in number of unclassified pixels) with changes in classification
parameters, and by comparison with mineralogical, geological, and ground-truth sampling maps.
The first Ray reference library included 20 spectra in total. This was later supplemented with 8
spectra of unidentified pixels extracted from the classified hyperspectral image in SpectralView
and imported to TSG for interpretation. In order to simplify this into a viable second library,
similar minerals’ spectra were arranged into one group: for example, 16 muscovite spectra, 3
muscovitic illite spectra, and 2 phengite spectra were put into a single white mica group.
Reference spectra were re-selected as for the first library. In order to further improve the library
used for the drone-based scans, additional ground truth sample spectra and spectra identified
from points within the scans were added to make the third and final library more complete;
however, with the exception of these additions, Ray Libraries 2-3 are the same. The final Ray
library includes 21 reference spectra (Table 3). All the data were processed in SpectralView.
Water bands (1347 to 1443 nm, 1807 to 1961 nm) were excluded from the reference and
measured spectra before classification.
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The Safford libraries were built with 59 ground-truth samples, also scanned with an ASD
TerraSpec SWIR spectrometer. Each sample was scanned 6-8 times on different surfaces as were
the Ray reference spectra. The first library was based on these ground-truth samples’ spectra and
supplemented with scans of three types of pipe used on the leach pad: large-diameter black pipe
for transporting acid and two samples of white ½” diameter drip lines, one new and one old. The
spectra of these materials were identified as Teflon and Plastic Tray in TSG, probably
corresponding to common plastic materials such as HDPE. These pipe spectra were also included
in the Safford second library, which was similar to the first but excluded misidentified materials,
such as tourmaline. (Minerals deemed misidentified were those uncommon in or inconsistent
with the geology of porphyry deposits and / or not reported in any significant abundance from
Safford.) The contents of the two libraries are in Table 4. Water bands (1347 to 1443 nm, 1807
to 1961 nm) were excluded during classification.
Since the Safford data sets included numerous scans of the same areas with different spatial
resolutions and lighting conditions, they were also used for experiments in different ways to
improve signal/noise ratio. For binning, we evaluated collecting 2, 3, and 4 bands into one bin.
Smoothing used a Savitzky-Golay filter with filter widths varied at 25, 33, and 41, and degree of
smoothing polynomial varied at 2 and 4 (Figure 3).

Classification
Ray data sets were processed in SpectralView using SAM classification. Every spectral dataset
was classified at 92%, 93%, 94%, 95%, and 96% confidence intervals, a setting equivalent to α
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= 4.5°, 4.0°, 3.4°, 2.9°, and 2.3°. All the tripod-mounted scan data sets were classified by Ray
Library 2. All the drone-mounted scan data sets were classified by Ray Library 3.
Safford data were processed in ENVI using SAM and SFF for classification. The maximum
allowed spectral angle difference radians for every image was 0.1, which corresponds to a
maximum α of 5.7° (Equation 3). Scans were also classified at 0.06-0.07 radians for tighter fits.
Based on the most common minerals identified in SAM, kaolinite, gypsum, and white mica were
selected as the spectra to test SFF. The feature band wavelengths selected for SFF were from
2000 nm – 2250 nm.
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Results
Ray case study
The mineralogical maps produced by classification of the Ray hyperspectral data are shown in
Figures 12-15. The main mineral types detected in each of the three Indian Springs flights are
shown in Table 5. The dominant spectrally active minerals were kaolinite, montmorillonite, and
white mica. Of these, the montmorillonite is the key mineral for geotechnical purposes. It is a
member of the smectite mineral group with the formula (Na,Ca)(Al,Mg)6(Si4O10)3(OH)6 · nH2O,
and usually forms from the non-acidic alteration of mafic minerals such as pyroxene or
amphibole. The scans of the Indian Spring south area and side pit, both areas of past slope
movement, showed particularly high concentrations of montmorillonite in the diabase. The
montmorillonite probably causes the geotechnical problems observed at Indian Springs, as it is a
swelling clay that expands up to 250% when wet.
Comparing the same scan reduced by the different libraries shows the progressive change in
quality of results, mainly in the number of identified pixels. Figure 12 and Figure 13 show
spectral images of tripod-mounted scan data classified by library 1 and library 2 at 93%
confidence interval. Both the number of identified pixels and the amount of montmorillonite
increased with refinements to the library (note that the color legends Figures 12-13 are different
due to classification with different libraries). Figure 14 and Figure 15 show selected results of a
drone-mounted scan classified by library 2 and library 3. Compared with Figure 14, Figure 15
shows more pixels were identified as carbonate. Figure 16 shows the robustness test, as
unmatched pixels increasing as confidence interval increases from 92% to 94% (4.5° - 3.4°).
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Safford case study
There are 4 drone-mounted data sets from Safford, and each data set includes 3 scans at different
altitudes (20, 40, and 80 m, corresponding to pixel sizes of roughly 2.5 cm2, 8 cm2, and 25
cm2respectively). The main minerals detected on the leach pad are kaolinite, muscovite, and
gypsum, although the detection of gypsum is probably due to the widespread sulfate precipitating
on the leach pad. Figures 17, 18, and 19 are selected mineralogical maps of leach pad scans at
20, 40, and 80m altitude. Additional features detected include irrigation piping, arcs
corresponding to the path of the stacker, and small wet spots where the leach pad surface is
saturated with lixiviant.
Figures 17-30 are the results of Safford scans reduced and classified by multiple methods as
discussed below, including mineralogical maps produced by SAM classification on unprocessed
spectra, binned spectra, smoothed spectra, and spatially averaged spectra, and SFF scale images.
Figures 31, 32 compare the spectral results to the ground-truth sampling. These results are
discussed below.
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Discussion
Comparison of drone- and tripod-mounted hyperspectral scans
In the study at the Ray mine, a tripod-mounted sensor was used to scan some portions of the
highwall and pit, while others were scanned with a drone-mounted sensor. The main mineral
types detected were same between both drone and tripod scans: white mica, montmorillonite,
kaolinite, jarosite, and nontronite. The distribution of mineral types was also generally
consistent.
However, the number of identified pixels in the spectral images differed between drone- and
tripod-based scans. There are several possible reasons for the difference. One is the signal/noise
ratio, which is higher in spectra from a tripod-mounted scan than from a drone-mounted scan.
This difference is primarily because the tripod-mounted sensor is stationary and does not change
temperature over the course of a scan, reducing dark current and the amount of noise in the
resulting spectrum. Further drone-based errors arise from variations in flying speed and wind
direction, which affect drone-based but not tripod-based scanners. Scan angles of drone- and
tripod-based scans also make them suitable for different situation. Drone-based scanners project
vertically and tripod-based scans project horizontally, making drone-based scans suitable for
flats and some low-angle or flat features of benches. However, tripod-based scans are better for
steep highwalls and faces, since they capture a larger area of the exposed rock and it tends to be
less covered by dust or debris. The results from the Ray mine case study indicate that the best
hyperspectral method for highwall scanning combines drone-mounted scans to map the area of
interest and select areas for detailed scanning, then to use a tripod-mounted scan to get the most
accurate information about the distribution of minerals on the highwall.
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Results from Ray and geotechnical implications
In the Ray case study, we used two methods to examine the accuracy of hyperspectral scans.
Mineralogical composition was determined by ALS Global for 5 of the ground-truth samples
using XRD analysis with clay identification (Table 6). The minerals in the XRD report are
consistent with the minerals detected in the hyperspectral scans except for spectrally inactive
minerals. Spectral images indeed show kaolinite, chlorite, calcite (carbonate), muscovite-illite,
and montmorillonite (amorphous material), which were detected by XRD as well. The samples
varied in composition, but were primarily composed of quartz, micas, and feldspars. In addition,
a high percentage of amphiboles were detected in samples Ray 19-8A and Ray 19-12A, while
kaolinite measured approximately 14 and 9 % in samples Ray 19-2 and Ray 19-8B, respectively.
Montmorillonite was detected as an amorphous material in each sample and ranged from
approximately 1 to 17 %. The differences between XRD and hyperspectral results are probably
because of unrepresentative sampling combined with spectral inactivity. Quartz and feldspars are
spectrally inactive in the wavelength ranges used. While biotite and amphiboles are spectrally
active in the laboratory, both are dark minerals and their spectra are too weak to detect with field
sensors. Thus the field hyperspectral scans show no quartz, feldspars, amphiboles, or biotite in
the spectral image. These results are consistent with research from Clark et al. (1998), who found
that muscovite, montmorillonite, and kaolinite stood out in spectroscopic results at Ray even
when they made up a minority of the rocks.
Figure 16 shows that the matching of datasets from Ray is robust, as tightening the confidence
interval (α = 4.5°- 3.4°) causes the identified pixels to decrease without color switching. The
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spectral images were overlaid on the geological map to further check the accuracy of the results
(Figure 33). The montmorillonite occurs with nontronite in a hydrothermally altered diabase,
whereas the nearby quartzite, quartz monzonite, and schist contain more acid-stable
phyllosilicates such as kaolinite and various white micas. Thus, the hyperspectral data are
consistent with the known geology at Ray, which also supports the robustness of matching.
The montmorillonite detected on the Ray highwall appeared most highly concentrated in one of
the areas with the recent slope movement, and the one with the least apparent connection to
structure as indicated by IBIS radar scanning (Figure 34). The two are probably related.
Compared with most other clay minerals, montmorillonite is highly problematic for mining
operations because it expands up to a factor of 2.5 when wet. This causes severe geotechnical
problems in mining (Fredlund, 1996; Wagner, 2013; Push, 2006). As a lesser concern,
montmorillonite and other clays also cause numerous metallurgical problems at mines
(Robertson et al., 2009).
This indicates a potential future for hyperspectral imaging in detecting problematic minerals at
mine sites. Even the best geologists cannot distinguish different clay minerals in the field due to
their fine grain size and similar characteristics. The results of the Ray case study indicate that
hyperspectral remote sensing could map the distribution of montmorillonite over highwalls and
detect high-risk areas related to minerals. Hyperspectral remote sensing could also help acquire
data for metallurgy, process control, and other purposes on the distribution of spectrally active
minerals such as kaolinite, white micas, and montmorillonite.
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Results from Safford and metallurgical implications
In the classified mineralogical maps from Safford, the distribution of minerals and materials are
consistent with observations and with ground-truth sampling data. The most prominent features
in figures 17-19 are black lines, arc-shaped stripes of different mineral colors, and a lot of
gypsum.
Most of the black or unidentified lines are pipes and artificial materials. Only a minority of pipe
pixels are colored purple to match the pipe material scanned. The spectral signals of black pipes
and transparent pipes are very weak and tend to disappear in the noise of field-collected spectra,
especially at low resolutions where the pixel size is large enough for spectral mixing with more
distinctive spectra from nearby minerals. In low-resolution images, pipes were identified as
minerals, probably because the minerals beneath and around pipes were the main material in this
pixel. The largest black pipe only shows purple on its centerline, where the angles of incident
and reflected light permitted the signal to be better received than on the side. The number of
identified pipe pixels increases in figure 17 compared with figures 18 and 19 because the high
resolution (lower altitude scan) helps to avoid spectral blending and detect artificial materials.
An even closer scan could strengthen the signal and detect more detail, further helping to detect
small-size materials and those with weak signals, but would take longer scanning time and a
larger dataset to cover the same area. The arc- or crescent-shaped color stripes show that the
distribution of minerals on the leach pad is consistent with the path of the stacker loading the
rocks.
Table 7 shows the results from XRD analysis of Safford samples. These are slightly different
with mineralogy detected in the hyperspectral scans. Kaolinite and gypsum, which are not
detected or rare in XRD reports, are the main minerals in spectral images. However, pickeringite,
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hexahydrite, chlorite, and biotite, which are abundant in the XRD reports, are not detected in the
spectral images.
Some of this is because the spectral interpretation software mixed up sulfates. Gypsum is not
geologically common in the Safford deposits, but was by far the most common mineral identified
in the spectral results. A follow-up examination of the spectra and the ground-truth samples
indicated that the “gypsum” is almost entirely sulfuric acid lixiviant or pickeringite or
hexahydrite precipitated when the ground-truth samples dried out. The sulfate bond spectral
features have been studied by Cloutis et al. (2006), who listed the major absorption features after
combinations with H2O for gypsum at 1.39 µm, 1.449 µm, 1.488 µm, 1.534 µm, 1.944 µm, 1.97
µm, for hexahydrite at 1.441 µm, 1.46 µm, 1.938 µm, 1.97 µm, and for pickeringite at 1.44 µm,
1.942 µm, 2.05 µm. Thus all three minerals have similar spectral features near 1.4-1.5 µm, 1.931.94 µm, and 1.97 µm. The TSG library does not include hexahydrite or pickeringite, which
probably led to the selection of gypsum as the best available match.
The chlorite on Safford leach pads may be misidentified. In the Ray study, the chlorite was
successfully identified by field scanning, although biotite at Ray was still unidentified due to low
reflectance. By contrast (Table 7), at Safford chlorite and biotite were detected in XRD analysis,
but not in the spectral images. The biotite did not show up in the spectral images of the leach
pads probably for the same reason as at Ray. However, chlorite has strong spectral features near
1440 nm (O-H), 2250 nm (Fe-OH), and 2330-2340 nm (Mg-OH), and should be detectable by
field scanning. It also has additional weak features based on the amounts of Al and Mg, which
vary considerably. One possible reason it was not detected is a high Fe and low Mg composition.
In research on relationships between NIR band features and Fe/(Fe+Mg) values of chlorite, Yang
et al. (2018) found a negative correlatation between Fe/(Fe+Mg) and 4440 and 4280 cm−1
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diagnostic features (2252 and 2341 nm). Thus after losing Mg, the Fe/(Fe+Mg) values increase,
the 2252 and 2341 features decrease, and the most prominent spectral features of chlorite will go
to Al-O-H (2200 nm), which overlap with kaolinite and muscovite. Furthermore, kaolinite,
biotite, and chlorite all have similar features near 2350 nm, which also contributes to
misidentification as kaolinite (Yang et al., 2018; Lypaczewski et al., 2018; Scott et al., 1997).
Another possibility is that the Mg-OH bands of chlorite were mixed up with those of hexahydrite
and pickeringite. Either or both of these factors may have led chlorite to be identified as kaolinite
and muscovite plus hexahydrite or pickeringite (labeled as gypsum) in spectral results.
In figures 18 and 19, the large contiguous areas of unidentified pixels resulted from
intermittently cloudy weather. The white reflectance standard used to reduce the data is highly
reflective and was scanned in full sunlight, causing problems when applied to low-reflectance
areas scanned under a passing cloud. This clearly demonstrates one of the disadvantages of
passive optical sensors, namely that they depend too much on incident light conditions. Some
small black areas in the southwest regions of figures 18, 19 are small pools or a moisturesaturated part of the leach pad surface where lixiviant ponded. All these small pools were
apparently surrounded by concentric rings of muscovite and gypsum (Figure 18, Figure 19).
Those are clearly artifacts, probably due to moisture having decreased the reflectance of
minerals, which deceived the software and caused a false positive match to muscovite. The
effects of moisture can also explain the trend in figure 19, that kaolinite increases and sulfate
apparently decreases from northwest to southeast. The stacker was loading the minerals from
southeast to northwest, which means the southeast minerals were drier than northwest minerals
before the pad was put under leach.
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Figures 31 and 32 show comparisons of the spectral results to the ground-truth sampling results.
From upper left to lower right, there is a trend of increasing kaolinite in the ground-truth data,
which is consistent with the spectral images. Gypsum and mixtures of gypsum occur almost in
everywhere on leach pads in both ground-truth and spectral images. As discussed above, in
reality the “gypsum” is different combinations of sulfate and water in pickeringite, hexahydrite,
gypsum, and the leaching and agglomeration acid. One other major difference is that the amount
of muscovite in ground-truth sampling maps is less than that in the spectral images. One possible
reason is that samples were collected and brought back to University of Arizona, and that during
this time some of the muscovite was converted to kaolinite by the remaining acid. A second
possible reason may be the overwhelming effects of sulfate and hydroxyl bonds, which affect the
lab-based scan and TSG analysis. The water bands will not be excluded during TSG analysis
because the lab-based sensor will directly contact rock surface to acquire reflectance. If the
hydrous bond absorption peak is the strongest distinction between kaolinite and muscovite
spectra, it will definitely affect the results of classifying field spectra without the water bands
against reference spectra with the water bands, Also, the noise in the > 2000 nm part of the
spectrum could have led to the high-wavelength features of muscovite and kaolinite being
confused. Lastly, as described above, the kaolinite also may come from misidentification of
biotite and chlorite.

Effect of varying drone flight heights and spectral blending
Although the resolutions of 20m, 40m, 80m scan are different, the distribution patterns of
minerals which were not covered by plastic pipes are the same in the different scans. However,
the detail and accuracy of material identification are different. The ½” pipes overlaying the
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minerals caused some spectral blending. Figure 35 shows a comparative close-up image of 20m,
40m, and 80m scans in the same area. In the 40- and 80-m scans (Fig. 35a and b), where the
pixel size significantly exceeded pipe diameter, the spectral blending caused the pipes to be
misidentified as peculiar clays. In the 20-m scan (Fig. 35c), most of the pipe pixels were
unidentified and appear as unmatched pixels rather than strange clays. One possible reason is
that translucent artifacts distort the spectra and scatter the incident light too strongly for any
distinct reflectance features to appear. Another possible reason is that plastic pipe is not
spectrally active enough to be detected on its own, but is spectrally active enough to interfere
with the spectra of surrounding and underlying minerals. The higher the flight elevation is, the
wider the area potentially affected. Thus, the highest-quality image, with the least spectral
blending, comes from using a 20m scan for heap leach pads with abundant small plastic features,
although 80m scans would be acceptable for mapping the mineral and material distribution of a
leach pad which is not covered by these artifacts.

Effect of time under leach and weather conditions
The results show that short times under leach do not significantly affect mineral identifications.
In the Safford case study, the scanning area included a part of the leach heap which was not yet
under leaching (Cell 3), but also overlapped parts of the heap that had been under leach for
weeks (Cell 2) and months or more (Cell 4, 5) Of particular note is that the gypsum signal is
strongest on leach pad surfaces that have been under leach for some time. In figure 19, showing
the freshly stacked leach pad, the gypsum signal is strongest in the wet material freshly deposited
by the stacker, and becomes fainter toward the southeast side of the leach pad where the surface
had had more time to dry out in the sun. Figure 20 shows two cells under leach (Cell 3 in figure
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20 was under leach by the time of the scans in figure 19 two days later). The minerals identified
in both were kaolinite, gypsum, and muscovite. Mineral distribution is roughly the same between
figure 19 and figure 20 at Cell 3 (except the changing from drying up, which reduces the
influence from lixiviant and shows more kaolinite), showing that a few days’ or weeks’ leaching
will not cause any changes except for the appearance of more sulfate precipitates.
Longer leaching times may have more effect. Cell 2 was under leach for weeks at the time of the
scan, and compared with cell 3, cell 2 contains more kaolinite and gypsum. One possible reason
is that muscovite soaked with acid leaching solution was converted to kaolinite (Baum, 1999).
However, this is unlikely given that Figure 21 shows a part of the leach heap leached for months
with abundant muscovite persisting. Another possibility is a difference in the geology of the
material stacked. Lastly, it is also possible that the difference is due to the amount of moisture on
the surface. During the leaching period, the minerals under and around pipes will keep moist for
longer than the sun-exposed surfaces in between, which will have higher reflectance and better
spectral information. This possibility is illustrated by the patterns in Figure 21, which show the
low-reflectance pixels as muscovite. The longer the time under leach, the lower the reflectance of
data.
In figures 18 and 19, there are large areas of unidentified pixels. The reflectance of pixels in this
area was too low to classify due to cloud cover, which reduced incident light for scanning. In
figure 22 (80m scan of cell 2, 3), even with the α of this spectral image set at 0.1 radians,
identified pixels are still few and sporadically distributed. The incident light is not even enough
to create an acceptable 3-channel RGB image of this scan (figure 36). Therefore, lighting
conditions during scanning are an essential factor in successful mapping with hyperspectral
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remote sensing. This is consistent with previous studies of Kurz et al. (2012, 2017) and Kokaly
et al. (2017a). Kurz used artificial light when solar light could not be employed. Kokaly et al.
used a HySpex SWIR sensor to image a poorly illuminated surface, but they detected the
predominant minerals at 90 cm spatial resolution. With the lower illumination per unit area of
these scans and the leach pad setting, neither of these options could effectively be applied at
Safford.

Comparison of different spectral classification methods
In principle, SFF should work adequately as a classification method for leach pad data. However,
Figures 29 and 30 are SFF scale images made against reference spectra Muscovite + Gypsum
and Muscovite. These two scale images look very similar, and all the areas are dark. Mainly this
is because SFF is too precise a classification technique for field scanning data, especially on
leach pads, where minerals are mixed, coated, and saturated. Clark et al. (2003) determined that
different percentage of minerals in a mixture will cause different signal features, and Cloutis et
al. (2006) describe the variability of mineral spectra even within a single group. Although some
sources state that materials, including mixtures, which have detailed and unique spectral features
are suitable for SFF, these results do not support that conclusion (ENVI, 2020). However, the
pervasive influence of the sulfate peak on the spectrum could be affecting the results.

Comparison of different spectral processing methods
Of the two different spectral processing methods (smoothing, binning,) applied in order to
increase signal/noise ratio, smoothing was determined to work best. For smoothing, a Savitzky-

43
Golay filter was applied with varied parameters, eventually settling on a filter width of 33 bands
and a second-degree polynomial as the best, not using the derivative. Figures 23 and 19 are the
results of standard SAM classification of a smoothed and unsmoothed dataset respectively, and
Figure 24 is a higher-α version of the same data set of figure 23. Compared with figure 19,
figures 23 and 24 are better at excluding stitching problems and differences caused by flight path
directions. The arc- or crescent-shaped color stripes in the smoothed dataset are not totally cut by
stitching lines, even though the stitching lines are still very obvious. In figures 23, 24, the
mineral distribution acquired from different flight paths are obviously discontinuous. However,
compared to figure 19, smoothing helped to reduce the discontinuity. Smoothing did not create
significant areas of misidentification in the spectral classification images.
Figures 25-28 show the results of binning with different parameters. With the increasing number
of bands binned, the number of identified pixels increases, even in the low-reflectance parts of
the scan. Those identified pixels can be unreliable, and in figures 26, 27, some are definitely
wrong as much of the rock exposed on the leach pad is identified as plastic pipes. In Figure 28, a
version of Figure 26 with a tighter α threshold, the misidentified pixels disappear. From all of the
above, the apparent reason is that binning further flattens spectra in low-reflectance areas,
leading to spectra with no distinct absorption features, which matched the reference spectra of
black pipes. Binning also helps reduce the stitching discontinuities. Binning at 2, 3, and 4 bands
per bin was tried, and the results show that a smaller number of bands per bin is better for
maintaining accuracy (figure 25). However, overall binning was found less effective than
smoothing due to the appearance of misidentified pixels in low-reflectance areas.
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Recommended best practices for hyperspectral remote sensing deployment in mining and
metallurgical environments
The results of this study point the way to a best practice for hyperspectral remote sensing in
mining environments. A common disadvantage of all passive remote sensing techniques was
revealed by both the Ray and Safford case studies, namely that the technique is highly sensitive
to the light source. Low incident light caused low reflectance, which led to misidentifications and
non-identifications in classification. Hyperspectral remote sensing works best when scanning
target areas on a sunny day and without clouds insofar as possible. For geotechnically oriented
studies, such as scanning high walls that may be backlit or shadowed, an artificial light source
could be a good solution.
A second issue is spectrally active artifacts masking the surface of the areas of interest, inducing
spectral blending. The piping system in the Safford study case is a good example. Apart from
showing that hyperspectral remote sensing is not suitable for monitoring piping systems except
at high spatial resolution, this also showed the potential for spectral blending with artificial
materials to lead to incorrect mineral classification. This can be avoided by either using lower
flight altitudes, or by scanning the area before it is piped.
Tripods should be used when possible, since as the Ray case study shows, the spectra from tripod
scans are smoother than those from drone-based scans and have a higher signal/noise ratio
(figure 37). However, tripod-based spectrometers are only suitable for high-angle exposures,
such as highwalls. For heap leach pads and other flat surfaces, the best mapping comes from
mounting the imaging spectrometer on the drone to scan a large horizontal area at consistant
elevation and therefore consistent spatial resolution.
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For data pre-processing, the optimum process is building a ground- truth spectral library and
comparing it with a spectral interpretation field manual to make the library more robust. A
comparison of matching methods show, SAM is better than SFF for mining environment since
the diagnostic spectral features for different minerals can be different and the mixture of multiple
minerals dilutes the strength of their spectral features relative to those in a reference spectrum
(Clark et al., 2003). Since there are a lot of mixtures in mine samples, this makes SAM perform
better than SFF in mining environments unless every scan and every reference spectrum can be
given a specified diagnostic spectral features range and the features isolated and compared. This
increases the workload of classification. In addition, the ideal spectral images for mining
companies’ applications should show the full distribution of minerals instead of black and white
scale images that only show one type of mineral per image. In mining environments, the scan
area can contain many different mineral types of interest and some minerals’ spectral features are
close to others, so low-resolution or noisy data sets can become problematic. For increasing
signal/noise ratio, smoothing is better since binning causes more misidentification and also
decreases the resolution of each spectrum, which starts to make hyperspectral data sets into
multispectral data sets.
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CONCLUSIONS
This research has evaluated the applications and potential of hyperspectral remote sensing in the
mining environment. The Ray case study examined tripod-mounted and drone-mounted scans to
detect minerals related to highwall instability. The mineral distribution mapped using
hyperspectral imaging was consistent with the geological background and with the ground-truth
data. It showed abundant swelling clays in the area of instability, explaining some of the nonstructure-related geotechnical problems. The Safford case study showed that hyperspectral
remote sensing is a viable technique for mapping the distribution of materials on leach pads.
This study tested different ways to carry out scans, increase signal/noise ratio, and classify data.
We found that the optimum methods are 1) using tripod scans for small, steep areas, and dronebased scans for larger, flat areas; 2) building ground-truth library for classification instead of
using a general spectral library; 3) using SAM to match unknown spectra to reference spectra.
and 4) using smoothing to increase signal/noise ratio. However, more research into additional
methods of increasing signal/noise ratio, domaining scan areas to deal with local low-light
conditions, and automating data processing remain to be done in the future.
Hyperspectral imaging systems can deliver crucial information for highwall surveys and areal
mapping, faster than traditional methods and more sensitive to detailed mineral distribution. The
results of this study suggest that with further adaptation for the mining environment, it can be
deployed in many applications to improve efficiency and increase productivity in the mining
industry.
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FIGURES AND TABLES

Figure 1: vibrational region spectrum, modified from AusSpec (2008).
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Figure 2: Conversion of projective image to orthogonal image (Headwall, 2020).

Figure 3: 7-point moving polynomial smoothing Savitzky-Golay filter (Savitzky and Golay,
1964).
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Figure 4: Comparison of an original, untreated spectrum and a smoothed spectrum.

Figure 5: Comparison of an original, untreated spectrum and a binned spectrum.
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Figure 6: Spectral angle between an image spectrum vector with a reference spectrum vector,
modified from Kruse et al. (1993).

51

Figure 7: Location map, satellite image, and geologic map of Ray mine. Diamonds on state map
show locations of active mines. Ray geologic map courtesy of J. Cornoyer.
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Figure 8: Location and aerial view of Safford mine and leach pads.
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Figure 9: Scanned areas at Ray mine.

Figure 10: scanned areas at Safford heap leach pads. Northwest of central road is Phase II fresh
material, southeast is Phase I material under leach for some months.
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Figure 11: Procedure for data pre-processing and classification (Headwall, 2020). Only method
2b was used in this study.
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Figure 12: Spectral image of tripod-mounted Indian Springs scan data classified by Ray library
1 at 93% confidence interval and an RGB image, Bench height is 50 ft (15m). (Note: The color
legends of Figure 11 and Figure 12 are different)

Figure 13: Spectral image of tripod-mounted Indian Springs scan data classified by Ray library
2 at 93% confidence interval and an RGB image, every bench is 15m height.
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Figure 14: Spectral image of drone-mounted Indian Springs scan data classified by Ray library 2
at 93% confidence interval and an RGB image. (Note: The color legends of Figure 13 and
Figure 14 are different)

Figure 15: Spectral image of drone-mounted Indian Springs scan data classified by Ray library 3
at 93% confidence interval.
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Figure 16: Comparison of same dataset from Figure 14, classified with different confidence
intervals or alpha from 92%-94%
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Figure 17: Spectral image of Safford leach pad in 20m flight at 0.1 (radians) spectral angle
classification. Area shown is part of Cell 3, Phase II in Figure 10.
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Figure 18: Spectral image of Safford leach pad in 40m flight at 0.1 (radians) spectral angle
classification. Area shown is part of Cell 3, Phase II in Figure 10.
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Figure 19: Spectral image of Safford leach pad in 80m flight at 0.1 (radians) spectral angle
classification. Area shown is part of Cell 3, Phase II in Figure 10.
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Figure 20: Spectral image of Safford leach pad in 40m flight at 0.1 (radians) spectral angle
classification. Area shown is part of Cell 23, Phase II in Figure 10.
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Figure 21: Spectral image of Safford leach pad in 80m flight at 0.1 (radians) spectral angle
classification. Area shown is part of Cell 345, Phase I in Figure 10.
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Figure 22: Spectral image of Safford leach pad in 80m flight at 0.1 (radians) spectral angle
classification. Area shown is part of Cell 23, Phase II in Figure 10.
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Figure 23: 33 filter width, 2 degree of polynomial smoothed spectral image of Safford leach heap
(the same data with figure 19) at 0.1 (radians) spectral angle classification.
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Figure 24: 33 filter width, 2 degree of polynomial smoothed spectral image of Safford leach heap
(the same data with figure 19) at 0.06 (radians) spectral angle classification.
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Figure 25: Binning with 2 bands per bin, spectral image of Safford leach heap (the same data
with figure 19) at 0.1 (radians) spectral angle classification.
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Figure 26: Binning, with 3 bands per bin, spectral image of Safford leach heap (the same data
with figure 19) at 0.1 (radians) spectral angle classification.
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Figure 27: Binning, 4 bands per bin, spectral image of Safford leach heap (the same data with
figure 19) at 0.1 (radians) spectral angle classification.
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Figure 28: Binning, 3 bands per bin, spectral image of Safford leach heap (the same data with
figure 19) at 0.06 (radians) spectral angle classification.
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Figure 29: SFF Scale image of same data with figure 19. (Note: the library spectrum is
Muscovite + Gypsum in Safford library 2)
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Figure 30: SFF Scale image of same data with figure 19. (Note: the library spectrum is
Muscovite in Safford library 2)
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Figure 31: Comparison of spectral result (Figure 19) to ground-truth sampling. Black points
represent the positions of ground-truth samples, with mineralogy identified by TSG as one or
more of gypsum (G), kaolinite (K), and muscovite (M). The ground-truth sampling result is
superimposed on the spectral image. All the blank areas in the ground-truth sampling image
represent gypsum.
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Figure 32: Comparison of spectral result (Figure 20) to ground-truth sampling. The groundtruth sampling result is floating on spectral image, and all the blank areas in ground-truth
sampling image represent gypsum.

Figure 33: Overlaid spectral images on geologic map at Ray mine.
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Figure 34: Slope movement at Indian Springs (black box) not related to structure, scanned by
IBIS radar. Known faults are shown in blue lines. Image courtesy of C. Williams.

Figure 35: A comparative close-up image of 20m, 40m, 80m scan of the same area reduced with
at 0.1 radians spectral angle without binning or smoothing. Figure (a) is part of Figure 19,
Figure (b) is part of Figure 18, Figure (c) is part of Figure 17, Figure (d) is RGB image of
Figure (c).
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Figure 36: Spectral 3-channel RGB images of Cell 23 80m scan (left) and Cell 3 80 m scan
(right), showing the difference in reflectance between a scan in cloudy (left) versus well-lit
(right) conditions, left image is much darker than right one.
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Figure 37: Comparison of noise levels in a flight scan spectrum and a tripod scan spectrum,
without binning or smoothing.
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Table 1: Rock column of Ray mine, and color legend of Ray geologic map in Figure 7. Table
courtesy of J. Cornoyer.
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Table 2: The geological column at the Dos Pobres orebody, with thicknesses in feet (Langton
and Williams, 1982).
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First Library
Second Library
Third Library
Ray prexist Ankerite+Muscoviticillite D-18-001_004
Ray prexist Carbonate+ WhiteMica D-18-001_004
Flight 100142 Identify Carbonate Point4
Ray prexist Chlorite-FeMg D-17-007_100-110
Ray prexist Chlorite-FeMg D-17-007_100-110
Ray prexist Carbonate+ WhiteMica D-18-001_004
Ray prexist Chlorite-FeMg+MuscoviticIllite D-17-007_012 Ray prexist Chlorite-FeMg+White Mica D-17-007_012
Ray prexist Chlorite-FeMg D-17-007_100-110
Ray prexist Epidote D-17-007_110-120
Ray prexist Epidote D-17-007_110-120
Ray prexist Chlorite-FeMg+White Mica D-17-007_012
Ray prexist Hornblende + Kaolinite-PX XPS-A_2000_Level Ray prexist Hornblende + Kaolinite-PX XPS-A_2000_Level Ray prexist Epidote D-17-007_110-120
Ray prexist Hornblende+Montmorillonite ISS-1
Ray prexist Hornblende+Montmorillonite ISS-1
Ray prexist Hornblende + Kaolinite-PX XPS-A_2000_Level
Ray prexist Kaolinite-PX AMP5-1
Ray prexist Kaolinite-PX AMP5-1
Ray prexist Hornblende+Montmorillonite ISS-1
Ray prexist Kaolinite-PX+Jarosite 2600_2063_900
Ray prexist Kaolinite-PX+Jarosite 2600_2063_900
Ray prexist Kaolinite-PX AMP5-1
Ray prexist Kaolinite-PX+Montmorillonite ISS-3
Ray prexist Kaolinite-PX+Montmorillonite ISS-3
Ray prexist Kaolinite-PX+Jarosite 2600_2063_900
Ray prexist Kaolinite-PX+Nontronite ISS-4
Ray prexist Kaolinite-PX+Nontronite ISS-4
Ray prexist Kaolinite-PX+Montmorillonite ISS-3
Ray prexist Montmorillonite D-18-002_006
Ray prexist Montmorillonite+ Epidote D-18-001_011
Ray prexist Kaolinite-PX+Nontronite ISS-4
Ray prexist Montmorillonite+ Epidote D-18-001_011
Ray prexist Montmorillonite+ Phlogopite 1100_1896_450 Ray prexist Montmorillonite+ Epidote D-18-001_011
Ray prexist Montmorillonite+ Phlogopite 1100_1896_450 Ray prexist Montmorillonite1 D-18-002_006
Ray prexist Montmorillonite+ Phlogopite 1100_1896_450
Ray prexist Muscovite+Kaolinite-PX 2600_2062_900
Ray prexist Nontronite+Zoisite D-18-001_012
Ray prexist Montmorillonite1 D-18-002_006
Ray prexist Muscoviticillite 2070_BSH_DG2
Ray prexist Phlogopite+Kaolinite-PX AMP5-2
Ray prexist Nontronite+Zoisite D-18-001_012
Ray prexist Nontronite+Zoisite D-18-001_012
Ray prexist Teflon 1400_1434_150
Ray prexist Phlogopite+Kaolinite-PX AMP5-2
Ray prexist Phengite SILS_2
Ray prexist WhiteMica+Kaolinite-PX 2600_2062_900
Ray prexist Teflon 1400_1434_150
Ray prexist Phengite+Dolomite D-18-001_005
Ray prexist WhiteMica1 2070_BSH_DG2
Ray prexist WhiteMica+Kaolinite-PX 2600_2062_900
Ray prexist Phlogopite+Kaolinite-PX AMP5-2
TP100073 Identify1 WhiteMica3 SILS_3
Sample Scan WhiteMica1 Ray_19_05
Ray prexist Teflon 1400_1434_150
TP100073 Identify4 Montmorillonite3 1900_1206_100 TP100073 Identify1 WhiteMica2 SILS_3
TP100073 Identify4 Montmorillonite2 1900_1206_100

Table 3: List of Ray library spectra. All “Ray prexist” are drill core scans provided by the mine,
“Sample scan” are ground truth sample scans, “TP” and “Flight” both come from points
extracted from tripod scans and flight scans and identified in TSG.
First Library
Dickite+Gypsum Saf 19-2
Gypsum + Tourmaline Saf 19-13
Gypsum Saf19-8
Kaolinite-PX + Gypsum Saf 19-10
Kaolinite-PX Saf 19-15
pipe3
Siderite + Muscovite Saf 19-55
White Mica + Gypsum Saf 19-1
White Mica + Kaolinite-PX Saf 19-16
White Mica Saf 19-40

Second Library
Aspectral Blackpipe
Gypsum Saf 19-39
Kaolinite + Muscovite Saf 19-55
Kaolinite Saf 19-54
Kaolinite-PX + Gypsum Saf 19-5
Kaolinite-PX Saf 19-15
Muscovite + Gypsum Saf 19-1
Muscovite + Gypsum Saf 19-2
Muscovite Saf 19-40
NotMatch Irrigation pipe new
Pipe 3
PlasticChipTray Irrigation pipe old
Telfon Black pipe

Table 4: List of Safford library spectra. All “Saf 19-x” are ground-truth sample numbers
corresponding to Figures 31, 32.
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MontmorillonitWhite Mica
IndianSpring North
✔
✔
IndianSpring South
✔
✔
IndianSpring Center
✔
✔
Silverslide
✔
✔
Calumet
✔
✔

Kaolinite
✔
✔
✔
✔
✔

Chlorite
✔

Carbonate Hornblende
✔
✔
✔
✔
✔
✔

Jarosite
✔
✔
✔
✔
✔

Phlogopite Nontronite
✔
✔
✔
✔
✔
✔
✔
✔
✔
✔

Epidote
✔
✔
✔

Table 5: Detected minerals in Ray spectra by location.

Minerals

Ray 19-2

Ray 19-6

Ray 19-8A

Ray 19-8B

Ray 19-12A

Quartz

22

60

7

11

4

Biotite

17

-

26

17

21

Muscovite-Illite

7

14

-

8

-

Feldspar (K-Feldspar)

14

-

3

5

2

Feldspar (Plagioclase)

-

9

32

7

36

Kaolinite

14

-

-

9

-

Titanium Minerals

7

1

6

3

7

Jarosite

2

-

-

5

-

Goethite

2

-

-

2

-

Hematite

-

-

6

3

1

Magnetite

-

-

1

-

3

Epidote

-

6

-

-

-

Chlorite

-

4

5

4

6

Calcite

-

2

-

-

-

Gypsum

-

2

1

-

-

?Chalcopyrite

-

<1

-

-

-

Amphiboles

-

-

12

2

16

Sepiolite

-

-

-

5

-

Pyrite

-

-

-

-

1

Amorphous Material

15

1

1

17

3

Total

100

100

100

100

100

Table 6: XRD report of Ray samples. Numbers are given as % of mineral making up rock.
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Table 7: XRD report of Safford samples. Numbers given are % of mineral in rock. Sample
SAF19-60 was a piece of sulfate encrustation on part of the Phase I (cells 4-5) leach pad.
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