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ABSTRACT

This study addresses the application of hyperspectral or imaging spectroscopy (IS) sensors to environmental
concerns related to mining areas and is tested in the old S. Domingos Mine.

To detect for acid mine drainage a multi-source spectral methodology was developed based on distinct spectra:
mineralogical libraries, field, and endmembers extracted from the images. A quantitative link is established
among them, selecting the highest correlation values as input spectra for the Spectral Angle Mapper algorithm,
generating two maps in function of either field or endmembers spectra. The final improved map is the pixel
intersection of both, converted to high spectral correlations of mineralogical assemblages indicators of low pH
(<3)[copiapite(coquimbite)(smectite-alunite-illite-kaolinite)]. The low pH areas vary in function of the
atmospheric corrections and the thresholds selected, but generally assign the same critical hazardous areas in
year 2000.

The monitoring capabilities were tested with another IS sensor seven years apart (2007) but the same
methodology did not yield significant results, highlighting the complexity of a multi-sensor approach.

The translation of input IS data resampled to a contemporary multispectral image mapped similar areas of low
pH and opens good perspectives for multispectral routine application, once at some stage multi-source IS

knowledge is available on a site.

KEY-WORDS: Imaging spectroscopy; spectroscopy; multi-source spectra; acid mine drainage; monitoring;

multispectral.



RESUMO

A aplicacao de sensores hiper-espectrais ou de espectroscopia de imagens (El) a questoes ambientais
relacionadas com areas mineiras € testada na mina de S. Domingos.

Para a deteccao da drenagem acida mineira, uma metodologia espectral multi-fonte é desenvolvida baseada em
diferentes espectros: bibliotecas mineraldgicas, campo e termos extremos extraidos das imagens. As
correlagdes mais elevadas entre eles sio seleccionadas para um algoritmo de Mapeamento de Angulo Espectral
gerando dois mapas em fungdo de espectros de campo ou de termos extremos das imagens. O mapa final é a
intersec¢do dos dois a nivel de pixel, convertido em correlagées elevadas de associagbes mineralogicas de
baixo pH (<3)[copiapite(coquimbite)(esmectite-alunite-illite-caulinite]. Estas areas de pH baixo variam em
fungdo das correcgdes atmosféricas e do valor de correlagio, mas genericamente definem as mesmas areas
criticas de perigosidade no ano de 2000.

As potencialidades de monitorizagdo foram testadas com outro sensor El (2007), mas a mesma metodologia
nao teve resultados significativos, evidenciando a complexidade duma abordagem multi-sensor.

A translagdo de dados de El para uma imagem multiespectral contemporanea mapeia areas similares de baixo
pH e abre boas perspectivas para a aplicagao rotineira de dados multi-espectrais, uma vez que haja em algum

periodo conhecimento multi-fonte de El disponivel.

PALAVRA-CHAVE: espectroscopia de imagem; espectroscopia; espectros multi-fonte; drenagem acida mineira;

monitorizagao; multiespectral.
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1 INTRODUCTION

1.1 RATIONALE

Remote Sensing is the field of study associated with extracting information about the properties of
electromagnetic waves emitted or reflected, without coming into physical contact with the object (Scott, 1997,
Campbell, 2007). In a more strict sense, the electromagnetic radiation is usually measured and recorded at
different wavelengths by a sensor onboard an aircraft or satellite. From these measurements information may
be inferred to identify or characterize these objects, for example, in terms of their physical or chemical
properties.

In essence, information is conveyed in remote sensing data by the spatial and spectral distribution of energy that
is either reflected or emitted from the Earth (Landgrebe, 1978).

Every remote sensing system can be broken down into several components: I) an energy source, Il) the
interaction of this energy with particles in the atmosphere, Ill) subsequent interaction with the ground targets,
IV) energy recorded by a sensor as data and V) data displayed digitally for visual and numerical interpretation.
The latter may imply several processing algorithms until one can extract reliable information from the raw data,
i.e. to generate a useful product to end users.

The characteristics of the sensors that record the energy, including the source, spectral range of the
electromagnetic spectrum, field of view, signal to noise ratio (S/N), number of bands and spectral bandwidth,
defines the type of images that will be acquired. When considering very narrow contiguous spectral bandwidths
and many bands as well as a signal to noise ratio that can be high, the images obtained are in the domain of
hyperspectral data or imaging spectroscopy (IS).

With such properties the information that can be extracted from this type of images is very detailed, based on
the distinctive absorption features of the materials spectra related to its molecular composition. In this way
there is a different spectral response of the materials, whether natural or artificial. When the target material is
captured by an IS sensor, the spectral response obtained and processed through adequate algorithms can then
be identified at a mineralogical and chemical level.

Thus, a wide span of applications ranging from Earth Sciences such as geology, agriculture, or atmospheric
studies, but also medical sciences, chemometrics or space research can take advantage of IS data (Schaepman et
al.,, 2006; 2007; Goetz, 2009).
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The increase of environmental concerns and monitoring issues in our planet has found an adequate field of
application in IS data, e.g. designing the spatial pattern of pollutants or defining the dispersion of its effects
(Swayze et al.,, 1996; Kemper and Sommer, 2003; Richter et al., 2008), or vegetation stress over time. Medical
applications of IS (Cope and Delpy, 1988; Randeberg et al., 2010), or in less evident fields such as indoor air
monitoring (Chudnovsky and Ben-Dor, 2008) or control quality of food (Gowen et al., 2007), have implications
in our daily life.

The mining and extraction industry, as a result of tight regulatory controls and legislation, is one activity that
has been clearly hampered by environmental pressures. This is particularly due to the mining legacy left dating
back from pre-historic times as well as by the more recent industrialized phase of mine development (Marsh et
al,, 2000), where environmental degradation and impact on human health remains in some cases until nowadays.

Although former mining areas are more prone to present environmental problems, due to the different
environmental concept and technological issues at the time, the current mining activity can also threaten the
environment and provoke substantial damage. This is the case of the technological risks that lead to
catastrophic events, such as mine spill accidents recently reported e.g. the sulphide tailings dam spill of
Aznalcéllar, Spain, in 1998 (Grimalt et al., 1999) or cyanide contaminated water released in Baia Mare, Romania
in 2000 (Dzombak et al., 2006).

These catastrophic events are extremely powerful in contributing to raise the public awareness and negative
impact over this type of industry, although long term contamination disseminating pollutants in soils and waters
can also damage significantly the areas surrounding the exploitation areas.

Despite the environmental issues and related public concern, the actual trend is towards prevention and
monitoring instead of hamper the mining and extraction industry. An elementary concept lies behind it looking
at the fact that these activities contribute with about 7% of the gross domestic product of the EU and are the
primary source to maintain the high technological standards of living, feeding essential raw materials to all other
industries.

Plus, the role of this industry is becoming more relevant in the EU where the independence of the raw
materials supply is being promoted, e.g. through the European Technology Platform on Sustainable Mineral
Resources (ETP-SMR) (Tiess, 2009) as well as developing innovative and sustainable production technologies,
including reuse, recovery and recycling. The aim is to contribute to the sustainable development of the mining
industry in the EU, minimizing the environmental footprint.

With this background and a new insight to the extraction and mining industry, innovative tools have been
developed and exploited to comply with the legal environmental requirements and controls. The aim is to use
not only good environmental practices, but also to substantially reduce costs, time-consuming procedures and
improve productivity.

The characteristics referred of the hyperspectral or IS methods and tools, with powerful identification
capabilities, provides an adequate technology to meet this demand of environmental data, while contribute with
non invasive, relatively low cost and less time consuming procedures. The applicability and relevance of IS has
already been demonstrated for environmental assessment and monitoring of mining areas in a diversity of
challenging European environments (Chevrel, 2003a; Chevrel et al., 2003b).

Environmental indicators have been derived from the vegetation stress (Kuosmanen et al., 2005), the dispersion
of waste mining materials and their potential to be harmful (Quental et al., 2002; 2003), or delineating the Acid
Mine Drainage (AMD) directly from mineralogical mapping (Bourguignon et al., 2002; 2003), were important
achievements and encouraging results. Hence, some issues were raised to be further investigated when using IS
data and tools.


http://www.stpsmr.org/
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The results obtained with IS methodologies can be framed by EU directives and policies. This includes the Soil
Policy Development and Soil Strategy from DG ENYV, in particular soil monitoring. Additionally the directive
2006/21/EC on the management of waste from extractive industries, which seeks to minimize the
environmental and human health effects of polluted drainage from extractive waste disposal facilities and to
prevent or minimize the impact of accidents, provides a legal framework for the sound management of such
waste. More recently, the Integrated Pollution Prevention and Control (IPPC, 2008/1/EC) Directive establishes
further requirements for industrial and agricultural activities with a high pollution potential.

1.2 OBJECTIVES

Despite being a powerful tool, the IS still presents some constraints that make it difficult to use in a routine
procedure. This encompasses issues related to the data acquisition, pre-processing and processing phases.

The aim of this research is to optimize the use of hyperspectral imagery to environmentally assess and monitor
mining areas. In this perspective three factors are considered:

|. CALIBRATION/CORRECTION OF IS DATA - Pre-processing issues with the atmospheric
corrections comparison of statistical and physical models. The removal of atmospherical
components may play a significant role, eliminating, shifting or adding spectral features
mismatching the real signal of interest. Commonly used, the radiative transfer modeling is applied
to IS data and can be tested using different types of software.

IIl. IMAGE-PROCESSING  ALGORITHMS FOR ENVIRONMENTAL  ASSESSMENT AND
MONITORING - Amongst the several image-processing algorithms the focus on similarity
measures is the one that has been more routinely applied. Some particularities can be emphasized
within these types of classifiers, specifically related to the AMD detection.

Ill. HYPERSPECTRAL VERSUS MULTISPECTRAL - Once demonstrated the application of an IS
methodology to assess mining areas, the response provided by a multispectral device can be
tested. In this way a quantitative approach following the same methodology or adjusted can have
interest under the point of view of economy and time consuming procedures. Plus, large areas
can be covered and the repeatability of data acquisition is facilitated.

Concerning these factors some contribution is given and some possibilities were tested providing more
understanding of the application of IS data to the mining environments, particularly related to the AMD, and
highlighting further developments.

1.3 STRUCTURE OF THE WORK

This work is developed in 7 chapters, with all but the first and the last containing an introduction and
conclusion, each one focused on the presentation of the work undertaken (Figure I.I):

I. Chapter | - gives an overview about the work that is developed and some considerations about
the objectives of this study and problems related with the use of hyperspectral data.

Il.  Chapter 2 - provides detailed information about background, concepts, definitions and problems
related with the theme of the work, i.e. hyperspectral or IS, mining cycles and legal environmental
framework, as well as some constraints on the use of the IS tools.

lll. Chapter 3 - deals with the description of the test site, i.e. the S. Domingos mine from the
geological, mining history and environmental concerns points of view. The multi-temporal IS data
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capture and results are described in the framework of two previous projects: MINEO and
HYPMINGEO.

IV. Chapter 4 - describes part of pre-processing and calibration of IS data focused essentially on the
use of physical models. The results obtained using a radiative transfer modelling are compared
using two types of software when available.

V. Chapter 5 - describes the image-processing algorithms developed, namely a multi-source spectra
methodology in order to improve the results. Furthermore, it deals with the testing of this
methodology in the study area using different atmospheric corrections. Also, an investigation of
the impact of the atmospheric correction techniques on the effectiveness of IS algorithm
performance is undertaken and lastly, the trends of environmental evolution of the study area are
done comparing with another IS data seven years apart.

VI. Chapter 6 - the environmental retrieval of information obtained through IS data set is tested
when converted to multispectral resolution and conclusions drawn on the results achieved as well
as the potentialities and limitations.

VII. Chapter 7 - is an overview of the work undertaken, the main achievements and forward
developments.

Chapter |
INTRODUCTION

.

Chapter 2
CONCEPTS AND LITERATURE REVIEW

Chapter 4 Chapter 5
PRE- PROCESSING IMAGE
AND PROCESSING
~ ATMOSPHERIC OF IMAGING
Chapter 3 CORRECTIONS SPECTROSCOPY
THES. DATA
DOMINGOS
MINE AREA {}
TESTSTE ) Chapter 6

FROM AIRBORNE HYPERSPECTRAL TO
SPACEBORNE MULTISPECTRAL SENSORS

MAPPING RESULTS

- L

Chapter 7
CONCLUSIONS AND

FORWARD DEVELOPMENTS

Figure 1.1 Structure of the thesis.



2. CONCEPTS AND LITERATURE REVIEW

2.0 INTRODUCTION

This chapter provides details about background, concepts and definitions related with the theme of the work,
i.e. hyperspectral or imaging spectroscopy (IS). The capabilities of IS are shown. The IS data acquisition and
subsequent image processing chain required for extraction of information is seen and some of the steps are
emphasized. Some advantages and constraints of the use of IS are also highlighted.

The mining environment throughout all its life cycle can take advantage of IS technology, herein particularly
related to a major environmental concern i.e. the Acid Drainage issue.

2.1 IMAGING SPECTROSCOPY

2.1.1 BACKGROUND

The concept of dispersion of light was born three centuries ago with Isaac Newton in his ‘Treatise of Light’
(Newton, 1704) indicating that white light can be dispersed in continuous ‘colors’, using prisms. The
corpuscular theory proposed and developed by Newton was gradually succeeded over time by the wave
theory, resulting in Maxwell's equations of electromagnetic waves (Maxwell, 1873). But it was only in the early
19 century that quantitative measurement of dispersed light was recognized and standardized by the discovery
of dark lines in the solar spectrum by Joseph von Fraunhofer (1817) and their interpretation as absorption lines
on the basis of experiments by Bunsen and Kirchhoff (1863) (Schaepman et al., 2006; 2009).

The term spectroscopy, first used in the late 19" century, is the study of light as a function of wavelength that
has been emitted, reflected or scattered from a solid, liquid, or gas. The light in any form, i.e. the
electromagnetic radiation (EMR), can be described in terms of a stream of photons or quanta, which are
massless particles each traveling in a wave-like pattern and moving at the speed of light. Each photon has a
wavelength determined by its energy level. Hence, the EMR can be distributed in terms of continuous
wavelength as depicted in Figure 2.1, designated by electromagnetic spectrum. Or, the EMR can be expressed in
terms of energy (in units of ergs, joules, or electron volts) or frequency of the photons according to Planck's
quantum equationl.

! (E=hv=hc/A where h=Planck’s constant, v= [Hz] is the frequency, A [m] is the wavelength and ¢ =speed of
light=2.998x108 ms-1 NM,KL9lJ


http://imagine.gsfc.nasa.gov/docs/dict_jp.html#photon
http://imagine.gsfc.nasa.gov/docs/dict_qz.html#speed_of_light
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Figure 2. | The distribution of the continuum of all radiant energies as a function of wavelength
(electromagnetic spectrum), with the visible region expanded to the colours detected by human vision.

The generation of an EMR is attributed to atomic motion, i.e. whenever an electric charge is accelerated, or
more generally, whenever the size and/or direction of the electric (E) or magnetic (H) field is varied with time
at its source (Campbell, 2007; Short, 2009). These atomic motions are variable along the electromagnetic
spectrum, as depicted in Table 2.1.

Table 2. | The electromagnetic radiation (EMR) and the atomic motion involved. Miscellaneous source: Short
(2009); Campbell (2007); Elachi and Van Zyl (2006).

Processes of Interaction REMOTE SENSING
EMR ) . ATOMIC MOTION RELATED
mechanisms with matter APPLICATIONS
Gamma- . . . R .
Disruption of atomic nuclei during nuclear fission or . s .
rays . - Mapping of radioactive materials
fusion reaction
Atomic Atoms within the source that are bombarded by high
energy particles that cause the source electrons to move
X-rays .
to an outer orbit and then revert to one further end
(back to the ground state).
Ultra- . Presence of H and He in
] Electronic
violet atmospheres
Electronic, and vibracion | Transitions of outer electrons to a higher metastable . .
Surface chemical composition,
- molecular energy level ) . .
Visible o I vegetation cover, and biological
Vibracional, vibrational- .
. properties.
rotacional
Infrared Inter- or intra-molecular vibrations and rotations Thermal infrared
Surface physical properties,
. . . subsurfdace sounding, ionospheric
Radio Scattering, conduction, . o . . I ;
- . Rapidly oscillating electric current in a conductor sounding / atmospheric
waves ionospheric effect ;
constituents, surface temperature,
atmospheric precipitation

The EMR concerned herein is related with the Visible and Near-infrared (VNIR, 400-1350 nm) and the Short-
Wavelength Infrared (SWIR, from 1400 to 2500 nm, considered the upper limit for this study). In these, the
dominant interaction mechanisms with the matter are electronic processes detailed in Burns (1993) such as the
shift of electrons between orbital shells and vibrational processes detailed in Farmer (1974) from the subtle
movement of molecules or bonded atoms which generate spectral features in the Infrared region1400-4000 nm
(Hunt and Salisbury, 1970).
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As photons enter a mineral, some are reflected from grain surfaces, some pass through the grain, and some are
absorbed. Those photons that are reflected from grain surfaces or refracted through a particle are said to be
scattered. Scattered photons may encounter another grain or be scattered away from the surface so they may
be detected and measured. Photons may also originate from a surface, a process called emission. Emitted
photons are subject to the same physical laws of reflection, refraction, and absorption to which incident
photons are bound (Clark, 1999).

Photons are absorbed in minerals by several processes. In the domain of electronic processes the most
important are crystal field effects and charge transfer absorptions, although others exist such as conduction
bands and color centers (Clark, 1999; Lau, 2004; Pinet et al., 2006; Short, 2009). In the vibrational processes,
energy is associated with relative displacements between equilibrium center positions within diatomic and
polyatomic molecules. These translational motions may be linear and unidirectional or more complex varying
within a 3-axis coordinate system. Specific transitions are produced by distortions of bonds between atoms as
described by such terms as stretching and bending modes. There is one fundamental energy level for a given
vibrational transition, and a series of secondary vibrations or overtones at different, mathematically related
frequencies (yielding the n orders mentioned above), as well as combination tones (composed of two or more
superimposed fundamental or overtone frequencies (Short, 2009).

The variety of absorption processes and their wavelength dependence allows the extraction of information
about the chemistry of the minerals from its reflected or emitted light. The wavelength dependency, at definite
values, derives from the characteristics of crystal lattice, such as coordination number, nature of ligands and
nature of the central ion. Coordination number and ligands define the electric field exerted on the central ion
and, thereby, the order of magnitude of electronic or vibrational processes (Hunt and Salisbury, 1971a; b; Pinet
et al,, 2006).

2.1.2 CONCEPTS

The concept behind Remote Sensing lies on the basis of measuring the varying energy levels of the photons as
tied to the parameter wavelength. When any target material is excited by internal processes or by interaction
with incoming EMR, it will emit or reflect photons of varying wavelengths whose radiometric quantities differ at
different wavelengths in a way diagnostic of the material.

The continuous sequence of electromagnetic energy of a material arranged according to wavelength or
frequency is a spectrum. It can be measured in terms of spectral radiance or reflectance. The former, which is
the radiant energy per unit wavelength or frequency interval per unit solid angle per unit of projected area of
the source, is usually expressed in W sr''m 2nm™'. The spectral reflectance, being the ratio of energy
reflected from a surface in a given waveband to the energy incident in that waveband is usually expressed as

percentage of maximum. Further details are given in Chapter 4.

For any given material, the amount of solar radiation that it reflects, absorbs, transmits, or emits plotted in a
spectrum, the connected points produce a curve called the material's spectral signature which is the spectral
response curve. (Figure 2.2).
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Figure 2. 2 Spectra of waste mining materials and soils in an abandoned mining area (Chapter 3). On the left are
radiance measurements with the key (R) for equivalent reflectance measurements on the right.

Although the term spectral signature is frequently used and the term suggests being unique in Nature, in fact, is
used in a broader sense within the remote sensing community. The variations in material composition often
cause shifts in the position and shape of absorption bands in the spectrum. Thus, with the vast variety of
chemistry typically encountered in the real world, spectral signatures can be quite complex and sometimes
unintelligible (Clark, 1999). The term “spectral response patterns” has been suggested (Lillesand et al., 2004) as
being more rigorous.

Grain size and roughness of the surface are the major physical properties that affect the spectral response.
Subtle variations in the chemical composition imply modifications in the spectral response or signature of the
target considered. Then, the absorption features detected in minerals spectra serve as diagnostic indicators.
The causes of absorption bands in minerals and diagnostic features are given in Hunt and Salisbury (1970), Hunt
(1977; 1980; 1982), Gaffey et al. (1993); Clark (1999) and Montero et al.(2005) and (references therein), for the
visible and near-infrared.

Mineral identification according to spectral absorption features is feasible for minerals containing molecules or
anions like H,0, OH", SO,", CO,”” or CH. This includes phyllosilicates, most sorosilicates, the hydroxides,
some sulphates, the amphiboles and the carbonates. The dominance of the ferrous and ferric ion in the spectral
range between 400 and about 1000—1300 nm is due to their large distribution on the Earth’s surface, with the
frequent occurrence of silicates, and their ability to replace many other ions (e.g, Mg*, A", Si*', and Mn?") in
various minerals (Pinet et al., 2006). Thus, iron oxides and sulphates are predominantly identified in the VNIR,
and some phyllosilicates, while the latter and also carbonates are identified in the SWIR range.

The detailed research developed in the spectral features of minerals for the above mentioned authors among
others, lead to the development of spectral libraries measured in laboratory. Examples of these are the JPL
(Grove et al,, 1992) and USGS (Clark, 1993; Clark et al., 2007) spectral libraries.

<

In the literature, the terms “imaging spectroscopy”, “imaging spectrometry” and “hyperspectral imaging” are
often used interchangeably. Even though semantic differences might exist, a common definition is: simultaneous
acquisition of spatially coregistered images, in many, spectrally contiguous bands, measured in calibrated
radiance units, from a remotely operated platform (Van der Meer, 2001; Schaepman et al., 2006; Goetz, 1985,
2009) (Figure 2.1.2).

Spectrometry is derived from spectro-photometry, the measure of photons as a function of wavelength, a term
used for years in astronomy, and more recently also to indicate the measurement of non-light quantities, such
as in mass spectrometry (Clark, 1999; Ball, 2007).

Hyper refers to “excessive in extent or quality” (Gove, 1976). This “excess” information results from the high
spectral resolution (i.e., narrow bandwidths) and the wide range of spectra that are recorded, which together
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enable users to extract subtle differences in spectral signatures. There is no absolute definition of how many
bands are needed or how narrow the bandwidths need to be to make imagery “hyper,” although most sensors
that are called hyperspectral have 48 or more bands with spectral resolutions of 20 nm or smaller (Aspinall et
al., 2002).

Also scientific terminology and definitions evolve with time. The original definition of imaging spectrometry
given by Goetz et al. (1985) was “the acquisition of images in hundreds of contiguous, registered, spectral bands
such that for each pixel a radiance spectrum can be derived.” In particular, it sets this type of spectral remote
sensing apart from “multispectral imaging” by requiring the bands to be contiguous, in actuality overlapping, so
that no gaps occur through which precious information might slip undetected. The requirement for “hundreds”
of spectral bands is not critical and detracts from the much more important “contiguous” in describing the
spectral bands (Goetz, 2009).

Although initially the term hyperspectral was more identified with the tool due to its heavy use in military
related applications, the term imaging spectroscopy is becoming more used. Plus, the term spectroscopy
focuses more directly with the capabilities of this technique by its older use, and expansion from a point
spectroscopy to a spatial dimension. Adding to this, the fact that “hyper” is connoted with excessive and
following the advance of knowledge it may not be, i.e. the mathematical solutions for the complexity found in
real world may require these “excess” (Clark,1999), IS seems a preferable way to describe the technology.

Put in another perspective than the one referred above, IS can be described as the technique for obtaining a
spectrum in each position of a large array of spatial positions so that any one spectral wavelength can be used
to make a recognizable image (Clark, 1999). Essentially, this is the application of reflectance/emittance
spectroscopy to every pixel in a spatial image.

Thus, IS combines the spatial and spectral information capture techniques into a common technique to obtain
spatial information matched (or corregistered) with the corresponding multi band spectral information. Visually,
the IS data is expressed through an “image cube” or “data cube”, i.e. a stack of images over a spectral range, in
a 3-D dimensional array where two spatial dimensions give the coordinates of each pixel and the third
dimension is wavelength, as the example depicted in Figure 2.3.

In this, an RGB image shows the spectral slice of the top row and far-right column in a perspective view. This
image shows color coded pixel values measured for each pixel along the top and right edge of the image and
provides two spatial dimensions X and Y, while Z depicts the wavelength with radiance recorded at each point
in the cube.

(uW/em2/sr/nm)
N W R oo

—_

diance

R

500 1000 1500 go'oo
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o | A :
Figure 2. 3 Images collected in many contiguous spectral bands result in a continuous radiance spectrum for
each pixel. Detail of a small area of 3-D data cube and visualization of spectral response.
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The IS data acquisition is undertaken with a sensor, i.e. an electronic device for measuring intensity of radiation
absorbed or reflected by a material as a function of wavelength. The major elements of the electro-optical
scanner are the optical system, the detectors and the signal processor (Short, 2009). In this work are only
considered passive sensors that detect EMR from an external source, e.g. the Sun, instead of a built—in source
of radiation like in active sensors.

Depending on the principal parameter measured, i.e. spectral, spatial or intensity, then the device has a specific
name, as depicted in a triangle diagram in Figure 2.4. In this way it is possible to gather information at different
levels, in a point spectroscopy, with intensity and spectral information, or then to the imaging spectrometers or
imaging radiometers with spatial information.

Spatial information
— AN

IMAGERS
ALTIMETERS
SOUNDERS

§
éoc” Imaging
= spectroradiometers

POLARIMETERS
RADIOMETERS

Spectrometers Spectroradiometers SCATEROMETERS

Spectral information Intensity information
Figure 2. 4 Interrelationship of spectral, spatial, and radiometric information in different measuring devices
(adapted from Elachi, 1987 and Short, 2009).

The hyperspectral data capture ranges from laboratory and field measurements to airborne or spaceborne
dimensions. The simplest way, a point dimension, is to have a spectral measurement in a laboratory where it’s
easier to control external factors such as light. This is critical because light interacts with all matter, in
absorption, reflection, and emission modes.

A spectrometer records the photons in the instrument field of view that strikes the detector. The photons are
collected at particular wavelengths using some form of dispersive element or filter mechanism. When using a
spectrometer in a natural environment, the signal obtained is a real spectral response of the target materials
(Figure 2.5), but with limited control of external factors.

An imaging spectrometer expands the concept by using an array of detectors. The photons are captured from
each subregion in a larger area onto individual detectors, resulting in an image of the area which is digitally
recorded.

By enlarging the envelope of the field of view, the dimension is then spatial generating a hyperspectral image
(Figure 2.6). The image acquired is dependent of some parameters of the imaging spectrometer such as spectral
range, spectral bandwidth or spectral resolution, bandpass spectral sampling, swath width, signal to noise ratio
and instantaneous field of view (IFOV) (Aspinall et al., 2002; Clark, 1999; Short, 2009).

Spectral range is important to cover enough diagnostic spectral absorptions to solve a specific problem,
spanning the most used for geological and environmental applications from 400 to 2500 nm. The thermal
emitted energy starts from 2500 to 3000 nm peaking near 10000 nm decreasing afterwards, and is also
important on the aforementioned applications.



2. CONCEPTS AND LITERATURE REVIEW | 11

Spectral resolution is the measure of the narrowest spectral feature that can be resolved by a spectrometer.
One of the more common ways to characterize spectral resolution is to determine the bandpass profile, Full
Width at Half Maximum (FWHM), of an instrument’s response to a monochromatic signal. Spectral sampling

Figure 2. 5 Field measurements with
high temperatures.

Interval is the spacing between sample points in the spectrum. Sampling is independent of resolution and in the
case of ASD spectrometers is between 2 and 5 times per FWHM.

Signal-to-noise ratio (S/N) is the mean signal level divided by one standard deviation of the fluctuations of the
signal. Sampling interval (Sl) is the spectral distance between the centers of adjacent spectral channels sampled
along a spectrum. Further definitions are given in the section 2.1.3.

2.1.3 DATA AQUISITION

The capture of IS data over large areas, i.e. in a small scale, is done in an airborne or spaceborne platform as
depicted in Figure 2.6. The imaging spectrometer collects data along a swath. The longitudinal extent of the
swath is defined by the motion of the instrument with respect to the surface, whereas the swath width is
measured perpendicularly to the longitudinal extent of the swath. The ways the sensor collect the spectral
information in a motion along or across the flightline or overpass satellite establish the pushbroom or
whiskbroom mode respectively.

In a pushbroom sensor, the instrument consists of a line of sensors arranged perpendicular to the flight
direction of the aircraft or spacecraft. This allows the simultaneous parallel observation of a cross track line of
spatial resolution cells, where the total field of view (FOV) is covered, meaning the full swath width. Different
areas of the surface are imaged as the instrument moves forward.

In a whiskbroom sensor, only a linear detector array is required. A scanner is used to project an image of the
fligthline of scene in the cross-track direction, one pixel at a time. It only needs to cover the instant field of
view (IFOV). A spectrometer disperses the incoming radiation, forming multiple images of the pixel, at all
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wavelengths, on the linear array. A mirror scans across the path, reflecting light into a single detector which
collects data one pixel at a time. The mechanical scanning makes this type of sensor expensive and more prone
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Figure 2. 6 Hyperspectral data capture schema and scanning directions according to wiskbroom (left) or
pushbroom (right) scanners in a swath (after Sabins, 1999, in Short, 2009).

to wearing out. However, there are fewer distortions at the swath edge when compared to pushbroom sensor
(Kramer, 2009). The latter, can gather more light due to a longer exposure of an area than their whiskbroom
counterparts.

AisaEAGLE
(VNIR,
400-970nm)

AisaHAWK
(SWIR,
970-

2500nm)

Sensor HyMap™ operated by HyvistaC orporation

Figure 2. 7 A pushbroom (EAGLE-HAWK) and a whiskbroom sensor (HyMap™).

The developments related to IS sensors has increased significantly since the eighties of the XX century. In fact,
the beginning of IS is rooted in spaceborne Landsat-|(MSS), launched in 1972, and effectively a “low resolution
imaging spectrometer”. The comparison of field data with MSS promoted the development of field
spectroscopy, with portable field reflectance spectrometer, as a requirement to interpret the images. This lead
to the inclusion of “additional” bands in Landsat for the detection of hydrothermal alteration minerals and to
the development of the Shuttle Multispectral Infrared Radiometer (SMIRR), flown on the second flight of Shuttle
in 1981, and justified the beginning of imaging spectrometer development (Goetz et al., 1982; Vane et al., 1983;
Goetz, 2009).

The advances in IS sensors are closely linked to the advances in digital electronics and computing capabilities
(Goetz, 2009; Kramer, 2009; Schaepman, 2009). Presently, there is a significant number of available IS sensors,
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as depicted in Table 2.2. Other recent airborne instruments had their first flight campaign, such as ARES in
2008, while APEX (ltten et al., 2008) had it in 2009.

Table 2. 2 Examples of operational and planned hyperspectral imaging sensors. Miscellaneous source: Dalponte
et al,, 2009; Guelman and Ortenberg, 2009; Kruse et al., 201 I).

SENSOR Manufacturer ‘ Maximum Maximum Spectral
Platform: Satellite (S) number spectral range
Aerial (A) of bands resolution (nm) [ (nm)
Hyperion on EO (S) NASA Goddard Space Flight Center 220 10 400-2500
MODIS *(S) NASA 36 40 40014385
HysplRI NASA Upto210 (2 380-2500 plus TIR
CHRIS Proba (S) ESA Up to 63 1.25 415-1050
EnMAP (S) German Consortium (DLR Space Agency) 200 20 420-2450
AVIRIS (A) NASA Jet Propulsion Lab 224 10 400-2500
HYDICE (A) Naval Research Lab 210 7.6 400-2500
PROBE-I (A) Earth Search Sciences Inc. 128 12 400-2450
CASI 550 (A) ITRES Research Limited 288 1.9 400-1000
CASI 1500 (A) ITRES Research Limited 288 25 400-1050
SASI 600 (A) ITRES Research Limited 100 15 950-2450
TASI 600 (A) ITRES Research Limited 64 250 8000-11500
HyMap (A) Integrated Spectronics 126 17 400-2500
ROSIS (A) DLR 84 7.6 430-850
EPS-H (A) GER Corporation 133 0.67 430-12500
EPS-A (A) GER Corporation 31 23 430-12500
DAIS 7915 (A) GER Corporation 79 15 430-12300
AISA Eagle (A) Spectral imaging 244 23 400-970
AISA EagleT (A) Spectral imaging 200 33 400-1000
AISA Hawk (A) Spectral imaging 320 8.5 970-2450
AISA Dual (A) Spectral imaging 500 29 400-2450
MIVIS (A) Daedalus 102 20 430-12700
AVNIR (A) OKslI 60 10 430-1030

Comparatively to airborne sensors, the spaceborne sensors have the advantage of capturing near global
coverage repeated at regular intervals. However, spaceborne hyperspectral imaging is still in the development
stage, even if, from the very few available such as EO-Hyperion and CHRIS Proba are providing data since 2000
and 2001, respectively. Among the upcoming spaceborne imaging spectroscopy sensors is the Environmental
Mapping and Analysis (EnMap) (Stuffler et al., 2009), developed in Europe and now scheduled to be launched in
2014. The Hyperspectral Infrared Imager (HysplIRI) is a proposed NASA satellite remote sensing system to be
launched in 2015. These sensors can significantly increase the amount of available IS data in the near future.

2.1.4 IMAGE PROCESSING CHAIN

IS data collected facilitates quantitative and qualitative characterization of both the surface and the atmosphere,
using geometrically coherent spectral measurements. This result can then be used for the mostly unambiguous
direct and indirect identification of surface materials and atmospheric trace gases, the measurement of their
relative concentrations, and subsequently the assignment of the proportional contribution of mixed pixel signals
(e.g. spectral unmixing), the derivation of their spatial distribution (e.g. mapping), and finally their evolution over
time (multi-temporal analysis) (Schaepman et al., 2007; 2009). However, before one reaches this valuable
information, several procedures have to be carried out.
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Once obtained from an airborne or spaceborne sensor the IS data slots into an image processing chain, which is
variable according to the objective of data capture. This may encompass the steps, even if in a different order,
of the generic processing chain depicted in Figure 2.8.

Calibration refers to the process of quantitatively define the system responses to known and controlled signal
inputs. Generally, IS instrument should undergo different calibration processes: i) the spectral calibration,
defining the centre wavelength of a detector spectral channel, ii) the geometric calibration, defining the spatial
response of a detector pixel and, iii) the radiometric calibration, defining the relationship between the recorded
digital numbers (DN) and the measured spectral radiance (Dell'Indice, 2010).

The spectral and radiometric calibration of a sensor is usually performed in a laboratory (preflight calibration)
and repeated afterwards due to variations during data capture. In particular, spectral shifts and channel
broadenings are very likely to appear in detector arrays mounted in the focal plane of imaging sensors. Thus,
post launch calibration campaigns are often conducted to check the accuracy or stability of the laboratory
calibration (Guanter et al., 2006).

ATMOSPHERIC CORRECTIONS

The IS radiance data cube contains not only the spectral response of the materials but also complex
interactions of light during the radiation’s way from the sun to the ground and back to sensor that masks the
signal recorded. These interactions have an increased impact when leaving from the controlled laboratory
environment to airborne and spaceborne platforms, and with the target to analyze kilometers away from the
instrument. Varying atmospheric conditions (e.g. meteorological conditions), differences in the sun geometry
(sun zenith and azimuth angles) and topographic effects strongly influence the spectral signal (Figure 4.1,
Chapter 4). To obtain the target features, these variable sources must be removed from the data cube, leaving
only the spectral response of interest.

The objective of an atmospheric correction is the elimination of atmospheric and illumination effects to convert
the data from at sensor radiance to reflectance. This is particularly required when the objective is change
detection through multi-temporal analysis or for quantitative analysis to derive a physical parameter. If the
analysis is one-off image classification then it is feasible to use raw data as DN values, with no conversion to any
physically meaningful units. However, there are some advantages when analyzing values of reflectance instead of
radiance (Figure 2.2). The subject of atmospheric corrections is dealt in detail on Chapter 4.
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RADIANCE DATA CUBE SPECTRAL AND RADIOMETRIC
(AIRBORNE OR SPACEBORNE ACQUISITION) CALIBRATION

ATMOSPHERIC CORRRECTION
GEOMETRIC CORRECTIONS / GEOREFERENCING

FEATURE EXTRACTION

CLASSIFICATION

SUB PIXEL BASED WHOLE PIXEL BASED METHODS
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MAPS AND IMAGES REPORTS DATA

Figure 2. 8 Generic hyperspectral image processing chain.

GEOMETRIC CORRECTIONS

The sources of the geometric errors that occur in the data are two-fold, i.e. systematic and non-systematic
distortions. The former are independent of flight or terrain conditions. Non-systematic errors involve altitude
and attitude (roll, pitch and yaw) variation of the platform in which is mounted the sensor, and effects of
topographic elevation.

Geometric rectification is a process by which points in an image are registered to corresponding points on a
map or another image that has already been rectified. By this procedure, the image elements are put in their
proper planimetric (x and y) positions. For hyperspectral data simpler nearest-neighbor resampling schemes
may be preferred because these do not distort spectral characteristics (Kempeneers, 2007) (Figure 3.8, Chapter
3). Dedicated software for geometric correction such as PARGE (Schlapfer, 2006) exactly reconstructs the
scanning geometry for each image pixel using position, attitude, and terrain elevation angle. Additionally,
corrections for geographic relief are applied if a digital terrain model is available. The geometric rectification is
done by direct georeferencing to a map projection or latitude/longitude grid. The positions and attitude data
are measured in real time during data acquisition, using a GPS and Inertial Measurement Unit (IMU) onboard.

Some authors prefer to make the spectral analysis of the data cube prior to georeferencing, to avoid
degradation of spectral information in an image by spatial re-sampling and mixing (Kruse et al., 2004; Stark et al.,
2009). Thus, this approach is maintained whenever georeferencing is not a pre-requisite.

FEATURE EXTRACTION AND ENDMEMBERS

Feature extraction is generally defined as the process of reducing the data to a lower dimension without
significant information loss. By definition, IS is a high dimension data with a vast volume leading to excessive
computing time and data complexity for transmission and storage.



2. CONCEPTS AND LITERATURE REVIEW | 16

Feature extraction is a general term used to create a feature (sub)set from the vector of available spectral
bands. It creates new features by transforming the data in a new feature space, for example as a linear
combination of the spectral bands.

Another characteristic of IS data is that adjacent bands are very highly correlated, whereas the interband
(spectral) correlation tends to be higher than the intraband (spatial) correlation. So, data reduction is effectively
a necessary and challenging problem. This characteristic provides us with the probability to compress the
hyperspectral images by making efficient use of this spectral correlation (Zhang and Desai, 2000).

Feature extraction has been investigated in two aspects: |) effective feature extraction for dimensionality
reduction and classification, and |l) reliable spectral signatures discovery for target identification. It is worth
nothing that specific feature extraction algorithms should be related with hyperspectral remote sensing data and
application objectives (Du et al., 2009).

Several algorithms have been developed for IS data, although some are still rooted in the multispectral data
analysis. As an example, the statistical data reduction Principal Component Analysis (PCA)(Jollife, 2002), applied
in a routine way, has been succeeded by the Minimum Noise Fraction (MNF). The former relies in finding
components (features) that are optimal (in a least-squares sense) for representing the data with a reduced
feature set. The features are constrained to be linear functions of the input variables. The components are
ordered according to the amount of variance explained in the original signal. The first principal component is
the linear combination that accounts for the largest amount of variance.

The MNF algorithm developed by Boardman and Kruse (1994) and implemented in a modified version from
Green et al. (1988) in ENVI software (ITT, 2010), is essentially two cascaded PCA transformations. The first
one decorrelates and rescales the noise in the data while the second one is a standard transformation of the
noise-whitened data. For further spectral processing, the inherent dimensionality of the data (Boardman, 1995)
is determined by examination of the final eigenvalues and the associated images. The data space can be divided
into two parts, one part associated with large eigenvalues and coherent eigenimages, and a complementary part
with near-unity eigenvalues and noise-dominated images. By using only the coherent portions, the noise is
separated from the data, thus improving spectral processing results.

The IS data can be cast as a scattering of points in an n-dimensional Euclidean space, where n is the number of
spectral channels. Each spectral channel is assigned to one axis of the space, all being mutually orthogonal. Every
pixel in an IS data set has a point associated with it in the n-d space, its Cartesian coordinates defined by the
values in each spectral channel (Boardman, 1995). If the n is the number of channels (wavelengths), an
equivalent number n of scatterplots is required to contain all the information. It is the shape of the n-d
scatterplot, the patterns within it and the configuration of its exterior that can be used to understand and
analyze the spectral information in the data.

The upwelling radiance from multiple materials within a given pixel field of view is conveyed into a single
observed spectrum. Thus, the information obtained can be considered as linear combination of the spectral
response of the “purest” materials or endmembers within the data set. The endmember concept, as described
in Boardman (1995) is a pixel spectrum that lies at the vertices of the image simplex, the “purest”, or any
component of a mixture, in the case of a 2-D-dimensional space (Figure 2.9).

The location of a spectral point, associated with a mixed pixel, within an n-d mixing simplex is completely
determined by the fractional abundances of the n+| mixing endmembers. Pixels that are pure, only containing
one endmember material, will be found at the vertices of the simplex. Pixels that are equal mixtures of all
endmembers will exist at the centroid of the simplex. A spectral endmember is the “purest” spectrum or just a
spectrum that is a constituent part of a spectral mixture. Thus, if a spectrum does not mix with anything it is
not a useful endmember. At remote sensing scales is expected virtually that all pixel spectra to consist of
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mixtures of the spectra of the materials that can be measured on the ground. Thus, endmembers that are
defined from pixels of training areas are not pure when viewed from a field perspective, but they may be
relatively pure at image scale (Adams and Gillespie, 2008).

ENDMEMBER A
S
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SPECTRAL BAND 2 WITH ZERO C
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|-
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Figure 2. 9 Example of 2-D simplex with three component endmembers. The feasible mixtures lie inside the
vertices (adapted from Boardman, 1995).

Several methods have been proposed in the literature to extract endmembers from the IS data cube (Winter,
1999), being one of the most successful approaches the Pixel Purity Index™ (PPI) (Boardman et al., 1995). This
algorithm is based on the geometry of convex sets, which finds the “purest” pixels in the scene through a series
of repeated projections on to randomly oriented lines in N-dimensional space. The PPl is run in a MNF space.
The potential endmember spectra are loaded into an n-dimensional scatterplot and rotated in real time until a
trained analyst selects extremities in the data cloud that likely correspond with scene endmembers. This
procedure is widely accepted, available in the commercial software system ENVI, but it is time-consuming and
highly interactive (Plaza et al., 2001).

To overcome some of these time consuming procedures, an automated function was developed in ENVI. In this,
the PPI function is typically run in the MNF space, according to previous defined parameters, e.g. number of
MNF bands to use and PPl iterations (Figure 2.10), as well as threshold values (ITT, 2010).

Other methods than PP, include endmember selection tool (MEST) (Bateson and Curtiss, 1996), N-FINDR
(Winter, 1999), optical real-time adaptive spectral identification system (ORASIS), the endmember optimization
method of Tompkins et al. (1997), convex cone analysis (CCA) (Ifarraguerri and Chang, 1999), iterative error
analysis (IEA) (Neville et al., 1999), automated morphological endmember extraction (AMEE) (Plaza et al,

2002), iterated constrained endmembers (ICE) (Berman et al, 2004), and vertex component analysis (VCA)
(Nascimento and Dias, 2005), (Plaza et al., 2002; Rogge et al., 2007).

With the exception of AMEE, the above methods select endmembers by discriminating between pixels using
their spectral characteristics. This is done independently of neighbouring pixels, the spatial distribution of
endmembers, and the characteristic spatial mixing relationships between endmembers. Another algorithm
(SSEE) combining a spatial-spectral endmember extraction was developed by Rogge et al. (2007).

The establishment of endmembers, as well as its level of acquisition, is a key-issue when analyzing IS data. The
endmembers can be determined at different levels, i.e. from laboratory, field or images.

Some researchers have taken the approach of constructing spectral libraries of pure elements that can be
matched with every spectrum in a hyperspectral image in order to classify the scene (Roberts et al.,, 1999). This
processing is suitable when pure materials, contained in the library, are on the ground, but in real-world
situations, since materials are spatially or intimately mixed, only the strongest features are matched. As a result,
the most widely used technique is to determine endmember spectra directly from the image (Plaza et al,, 2001).
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Cal e .
Figure 2. 10 Sequence of Minimu ‘), Pixel Purity Index (PPI) and n-D Visualizer leading to
the extraction of endmembers. Detail from an old mining area (Chapter 3).

Endmember spectra determined from images have benefits over the use of spectra measured in the field. In fact,
library and field spectra are rarely acquired under the same conditions as airborne or satellite data; and they
may not adequately represent all important endmembers. On the other hand field and laboratory spectra are
usually collected from surfaces one wants to map, and thus, they have direct physical meaning for mapping
purposes. Imagery may provide similarly meaningful endmembers that can be considered “pure”, or relatively
“pure” spectra, meaning that little or no mixing with other endmembers has occurred within a given pixel
(Rogge et al., 2007). However, recent trends on algorithm development for the endmember identification tend
to make the assumption of images without “pure” pixels. This subject has been dealt with recently by Plaza et
al. (2011) where an attempt to compare different algorithms for the endmembers identification is made.

CLASSIFICATION

On a possible imaging processing chain of IS, e.g. Figure 2.8, once features or endmember spectra are identified
it is necessary to recognize their spatial dispersion, associations and abundances, which is tackled by using an
adequate processing technique according to the objective of the study.

Recent advances in processing techniques as described in Plaza et al. (2009), focuses on the design of techniques
able to deal with the high dimensional nature of the data, and to integrate both spatial and spectral information
(Plaza et al., 2008).

Two major approaches widely used on classifiers for IS data can be defined at pixel level, whether it’s a full pixel
technique or a sub-pixel analysis, both relying on spectral information. However, this is merely a descriptive
point of view and an oversimplification, given the very active research area related to IS technique analysis
(Plaza et al,, 2009, Dépido et al., 201 I; Martin et al. 201 [; Villa et al.,, 201 1) and encompassing very different
mathematical formalisms (Plaza et al, 2009).



2. CONCEPTS AND LITERATURE REVIEW | 19

FULL PIXEL TECHNIQUES

The underlying assumption governing full pixel techniques is that each pixel vector measures the response of
one predominant material at each site in a scene. The basis is the spectral similarity between the pixel vector
and the reference spectra.

Full pixel includes the standard supervised classifiers such as Minimum Distance (Richards and Jia, 1999), pattern
recognition-based approaches such as statistical linear discrimination (Du and Chang, 2001), quadratic
multivariate classifiers (Chen and Tu, 1996) and neural networks (Martinez et al., 2002) (Plaza et al., 2004).

A considerable number of dedicated algorithms have been developed for the IS data from which two widely
known are the Spectral Feature Fitting (SFF, Clark et al., 1990; 1991; Crowley and Clark, 1992; Swayze and
Clark 1995) and the Spectral Angle Mapper (SAM, Kruse et al., 1993).

The SFF matches targets and pixel spectra by examining specific absorption features in the spectra. SFF is a
detection algorithm that uses least squares methods to compare the fit of image spectra to selected reference
spectra.

This approach is done using a specific range of wavelengths within which a unique absorption feature exists for
the chosen target. Reference endmembers are scaled to match the image spectra after continuum removal
(Kruse et al,, 1985; Clark et al., 1987; Kruse et al., 1993), which is a convex hull fit over the top of a spectrum
utilizing straight-line segments that connect local spectra maxima, from both data sets. The pixel spectra are
then compared to the target spectrum using two measurements. The first is the depth of the feature in the
pixel, related to the material abundance, which is compared to the depth of the feature in the target. The
second is the shape of the feature in the pixel, which is compared to the shape of the feature in the target using
a least-squares technique.

An advanced example of this method, called Tetracorder, has been developed by the U.S. Geological Survey
(Clark et al, 2003). The US. Geological Survey (Denver Office), has been instrumental in the successful
implementation of variations of the SFF for their applications (Clark, 1999).

One of the first developed algorithms, SAM, is an algorithm which is a physically-based spectral classification
that uses an n-dimensional angle to match pixels to reference spectra (Kruse et al, 1993). The algorithm

attempts to find target pixels by simply calculating the angle o(Xi,T) between image pixel Xi and the given T
target signature where:

O(Xi,T)=cos™ m

[ile ]

Many users, including in ENVI software (ITT, 2010) implementation of SAM just skip the inverse cosine. Since
the latter is (decreasing) monotonous on the interval (0, ), it just results in a (inverse) rescaling. The SAM

Eq. 2.1.

algorithm tends to work well in relatively easy scenes, where the target is fully illuminated and large enough to
fill entire pixels. In these cases, the measured pixel will contain only the desired target, and thus the image
spectrum should be close (small angle according to the Eq.2.1). However, it is known that SAM does not do
well in scenes that contain mixed pixel targets. This can occur when the target is too small, relative to the
sensor ground sampling distance, or when the target itself is not clearly visible. In such cases the measured
spectrum will be an additive mixture of both the target and some non target signature, such as the background
or “shadow” spectrum. The addition of the non-target material can lead to the measured image spectrum to be
pushed away from the library spectrum, increasing the angle between them. This is frequent in the real-world
imagery. As a consequence, to identify the target pixels, either the angular threshold must be increased (leading
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to increase in the number of false alarms) or the mixed pixels targets will not be identified (leading to an
increase in missed detections (Chang, 2007).

In order to address the problem of the mixed pixels in the SAM algorithm, a modification of the algorithm has
been proposed by Gillis and Bowles (2004) including a linear mixing model (section below) to define a new set
of coordinates using endmember spectra of the target spectrum.

The SAM algorithm when applied on calibrated reflectance data is relatively insensitive to effects of illumination
on the target material because changes in light will impact the magnitude but not the direction of the vector. A
poorly illuminated target will cause the points to be plotted closer to the origin (Clark, 1999).

MIXED PIXEL TECHNIQUES

The underlying assumption governing mixed pixel techniques, also called spectral unmixing (Boardman, 1989b;
1993) or spectral mixture analysis (SMA), is that each pixel vector measures the response of multiple materials
at each site. Thus, the technique relies on the calculation of the quantity of target materials in each pixel. The
disadvantage of subpixel analysis is the number of false detections that occur when precise spectra
measurements are attempted within a limited amount of information.

The SMA can overcome some of the weaknesses of full pixel approaches by using linear statistical modeling and
signal processing technique. They are inherently either nonlinear techniques or linear techniques. Nonlinear
mixed pixel analysis involves a detailed knowledge of multiple scattering effects that may arise due to the
intimate association of components residing inside each pixel (Borel and Gerstl, 1994) (Plaza et al., 2004).

Examples of mixed pixel analysis methods include complete linear spectral unmixing (CLSU, Boardman, 1993)
and matched filtering or partial unmixing (MF, Harsanyi and Chang, 1994; Boardman et al, 1995). In both, a
pixel value in the output image is proportional to the fraction of the pixel that contains the target material. In
CLSU it is required to know all the endmember spectra inside the pixel. A linear combination in this context
can be thought of as a weighted average, where each endmember weight is directly proportional to the area the
pixel containing that endmember. If the spectra of all endmembers in the scene are known, then their
abundances within each pixel can be calculated from each pixel’s spectrum.

MF performs a partial un-mixing of spectra to estimate the abundance of user-defined endmembers from a set
of reference spectra. The algorithm does not require knowledge of all the endmembers within an image scene
and can also be used to identify single feature types (Aspinall et al., 2002).

A method that builds on the strengths of MF and spectral unmixing is the mixture tuned matched filtering
(MTMF, Boardman, 1998), combining the ability to map a single known target without knowledge of all
endmember signatures with the leverage of mixed pixel models including constraints on feasibility. MTMF also
reduces the incidence of false positives (Aspinall et al., 2002).

VALIDATION

One of the most important post-processing steps is the validation of the results obtained, as the way to assess
how reliable they are. To any map resultant from classification or estimated parameter is required to know its
accuracy. This is the objective of validation, or accuracy assessment.

Accuracy can be defined as the closeness of the estimated label or value to the truth. The reference data has
often been referred as “ground truth” data. It should be noted that reference data are assumed to be more
correct than the map is being used to assess, it is by no means true that these data are perfect or represent
“the truth” (Congalton and Green, 2009). That’s the reason why some authors prefer to not to use the term
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“truth” (Khorram et al,, 1999; Bird et al., 2000; Congalton and Green, 2009) in the context of accuracy
assessment.

A more careful definition for accuracy measure is used by McCloy (2006) “estimate of closeness of the
estimated value to the best estimate that can be made of that value”. Reference measurement techniques are
far from perfect. In most cases, only a relative accuracy is obtained, comparing the results from remote sensing
to reference methods e.g. in situ measurements (Kempenneer, 2007).

There are two types of map accuracy assessment, i.e. positional and thematic. The former is related to the
accuracy of the location of map features, whilst the latter deals with the labels or attributes of a map
(Congalton and Green, 2009). They are both important and interrelated, once the IS data may also be of high
spatial resolution, and reference measurements on the ground require high positional accuracy. Despite this
interrelationship, the focus here will be on thematic accuracy, and the higher complexity that can reach.

In the accuracy assessment it has to be taken into account the specific type of results to which concerns. Plus,
in the case of IS data the collection and processing of ground “truth” and image data requires users to address a
number of issues that are familiar to remote sensing researchers. This ranges from collection of appropriate
ground “truth” data to calibration and removal of error from the imagery to validation of classification results.
At the same time, the data collection and image processing for IS mapping and analysis are substantially
different, lie a number of less obvious problems that result from the difficulty of acquiring IS data, the geometric
and calibration constraints imposed by the fine spectral and spatial resolution of the data, and problems in
applying classical validation techniques when the imagery may map the environment with greater accuracy than
can be obtained by field crews or maps produced by other methods then remote sensing (Jacquez et al., 2002;
Aspinall et al., 2002; Foody, 2008).

Aspinall et al. (2002) and Marcus (2002) discuss how this dilemma poses a serious challenge to accepted
methods for accuracy assessment and suggest that new approaches are required for evaluating maps and
modelling results from IS.

Particularly when tackling with IS data the theme to map plays a relevant role in the validation procedures.
Independently of the accuracy achieved, when mapping e.g. land cover or an urban environment is possible to
compare with ground reference maps or photos and follow routine procedures. These routine procedures
reports to principles of ground “truthing” and accuracy, well established in remote sensing literature (e.g.
Congalton and Green, 1999; 2009).

Three critical or fundamental steps are identified in the accuracy assessment: ) designing the accuracy
assessment sampling, 1) collecting data for each sample, and Ill) analyzing the results (Stehman and Czaplewski,
1998; Congalton and Green, 2009).

It’s worth noticing that generically in remote sensing the realm is to extend the results for an entire area, whilst
only a few reference measurements are obtained. By knowing the few reference measurements, the true value
for the entire area can be estimated, but is not known. This problem has been studied thoroughly in statistics,
where is needed to estimate an unknown parameter from a large population, for which only a limited sample is
available (Kempenner, 2007).

Most of accuracy assessment methods rely on statistical tools. Root Mean Square Error (RMSE) is a standard
measure for positional accuracy, where is computed as the sum of the square of the differences between the
position of the point on one data layer as compared to the position of the same point on another data layer
(often the ground) using the same data that were used to register the layers together. This measure is,
therefore, not an independent measure of positional accuracy (Congalton, 2005).
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For thematic accuracy assessment, building up an error or confusion matrix, also referred to as error or
contingency matrix, has been the most used procedure as the way to quantitatively compare the results
obtained.

The error matrix consist of a square array of numbers or cells set out in rows and columns, which expresses
the number of sample units assigned to each land cover type as compared to the reference data. The columns
in the matrix represent the reference data (actual theme) and the rows represent assigned the mapped theme.
The major diagonal of the matrix indicates agreement between the reference data and the interpreted land
cover types.

An error matrix is a very effective way to represent map accuracy in that the individual accuracies of each
category are plainly described along with both the errors of inclusion (commission errors) and errors of
exclusion (omission errors) present in the classification. Each and every error is an omission from the correct
category and a commission to a wrong category. In addition, other accuracy measures can be computed from
the error matrix, such as overall accuracy, producers accuracy an user’s accuracy (Congalton and Green, 2009;
Congalton 2005).

The error matrix can be applied to IS data when the theme or target to identify is, e.g,, land cover including
urban mapping or any type of vegetation, when the “truth” can be easily accessed by another independent data
type. However, as shown in previous sections, IS mapping capabilities go far beyond the capabilities of the
human eye. If we consider as a theme a mineralogical or a chemical map, the design of an accuracy assessment is
farther more complex. In fact, even if ground reference data exists, with another analytical tool results such as
X-ray diffraction or chemical analysis, it might not correspond to a global signature of the pixel. Otherwise, for
a global pixel validation it would be required an extensive field work and analysis, somehow difficult to achieve
even if at pixel level.

An exception to this is when the pixels analyzed are dominantly covered by a mineral, e.g. a salt mine or a
sulphur area in volcanoes, where a field map can be obtained. Thus, excluding some of the themes mentioned
above, the error matrix in IS has been essentially used to compare methods, e.g. as in Kruse (2002); Plaza et al.,
(2002), instead of the validation of a final product.

Then, the validation of IS data tends to rely on other type of indicators, more subjective, that can give a relative
measure of the results obtained, based on the data used. Examples of this include the comparison of the areal
extent of spectral classes to a point spectrum, i.e. a field spectroradiometric measurement (Quental et al,
2002a, Chapter 3). This relative assessment does not take into account the locations at which class labels have
been assigned, due to the fact that the point collection may not be representative of the pixel even if it looks at
such by human vision. This “relative” type of measure is not independent of the image processing system, thus
not as an adequate accuracy assessment should be (Congalton, 2005).

Another example of a relative assessment of the results can be done trough a statistical parameter, the
variation coefficient, whereas is shown the variability of pixel spectral values (Chapter 3 and 5).

Congalton and Green (2009) emphasize that no single recipe exists for accuracy assessment and every aspect of
a mapping project should be considered in order to design and implement the best possible assessment given
the strengths and limitations for each mapping project.

2.1.5 ADVANTAGES AND CONSTRAINTS OF IMAGING SPECTROSCOPY

The capabilities of Imaging Spectroscopy (IS), as described previously, make it an extremely powerful tool over
a wide span of applications. This ranges from Earth Sciences such as geology, agriculture, or atmospheric
studies, but also medical sciences, chemometrics or space research which can take advantage of IS data
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(Schaepman et al., 2006, 2007; Goetz, 2009). Examples coming from areas such as control quality of food
(Gowen et al.,, 2007), health (Cope and Delpy, 1998, Randeberg et al.,, 2010,) or environment related have
implications in our daily lives.

Davies (1987), recognizing the importance of IS based on Wetzel (1987) who consider it as “sleeping
technique”, made an analogy considering that it was “Time for the Giant to wake up”. Nevertheless, and
despite the fact that presently there is a huge amount of hyperspectral related interested and use (Schaepmann
et al,, 2009), still the development concerning this tool is below expectations.

In order to promote an improved access to IS data across Europe, an European specific Support Actions
project HYperspectral REmote Sensing in Europe (HYRESSA) undertook a strategic planning tool which is used
to evaluate the Strengths-VWeaknesses-Opportunities and Threats involved in a project (SWOT). A SWOT
evaluates the external factors and internal situation facing a project, in this case the access to IS data. Strengths
and weaknesses are internal aspects and sequentially can be influenced within the project. Opportunities and
threats are external aspects. These are aspects of the environment influencing the project and cannot be
changed, but can be anticipated (Steiniger, 2003).

The results of the SWOT analysis from HYRESSA are depicted in Table 2.3, give an overview for items related
to IS such as campaigns, sensors, processing and applications.

Table 2. 3 SWOT concerning IS (adapted from Holzwarth and Heldens, 2006; Reunsen et al., 2007).
HYPERSPECTRAL CAMPAIGNS

STRENGTHS

WEAKNESSES

I. Increased availability of airborne and ground instruments
2. Increasing effectiveness and efficiency
3. More than |0 years of data provision in Europe

I. High costs for aircraft and mobilization in a scientific
environment

2. Restricted windows of opportunities for campaigns
3. No operational hyperspectral satellites available

OPPORTUNITIES

THREATS

I. Increase the education and training of end users and potential
users

2. Open up to semi-commercial (administration) end-users

3. Manage the (end-) user’s expectations

|. Financers are not convinced (restricted future funding)
2. There is a lack of education
3. Lack of transfer of knowledge

HYPERSPECTRAL SENSORS

STRENGTHS

WEAKNESSES

. IS is developing from experimental to operational services

I. Sensor stability, repeatability and reproducibility are difficult

2. Increased understanding of physical measurement 2. Quality assurance often lacking
3. There actually are calibrated and maintained sensors 3. Calibration information is lacking
(cont.)
OPPORTUNITIES THREATS

|. Define standards on traceability, calibration, terminology |. Decision makers don’t understand the importance of
2. Provide documentation of calibration and maintenance data. calibration and validation.
3. Define minimum calibration standards 2. Lack of agreed standards

3. Calibration costs higher than data acquisition costs

DATA PROCESSING
STRENGTHS WEAKNESSES

|. Tools for geometric and atmospheric correction exist. I. No real capability to define the accuracy right now.
2. Detailed understanding of involved factors exists. 2. Validation processes are missing.

3. Geometric and atmospheric corrections combined.

3. Lack of (agreed) standards.

OPPORTUNITIES

THREATS

. Develop algorithms for thermal sensors
Define standardized products which include data analysis
. Describe standards for data format, metadata description

W

I. Hard to understand contribution of noise to the analysis
2. Lack of precise DEM’s
3. Processing too slow for commercial oriented customers

APPLICATION

STRENGTHS

WEAKNESSES

(Cont))
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(Cont.) APPLICATION
STRENGTHS WEAKNESSES

|. Some features can only be derived from IS data I. Little understanding of added value of IS data
2. Spectral information can be used for almost everything 2. Knowledge is scattered
3. IS is (semi-)operational for Geo-applications 3. Data is not efficiently used

OPPORTUNITIES THREATS
|. Perform temporal data takes |. People are reluctant to switch from multispectral to IS
2. Exploit full spectral coverage in greater extent 2. Applied science is preferred but basic science is needed first
3. Intensify interdisciplinary collaboration

Despite these general conclusions about the advantages and constraints of IS, a few points can be stressed as IS
advantages. One, still in the generic domain, is the unique capability of mapping at chemical and mineralogical
level with a non-destructive character. The spectral response of minerals yields information about grain size,
abundance and chemical composition, including ion substitution in minerals, degree of crystallinity or
temperature of formation. Subtle differences in the reflectance spectra of minerals can indicate major
differences in chemistry or some physical parameters.

Another advantage is that IS is sensitive to both crystalline and amorphous materials, unlike some diagnostic
methods, like X-ray diffraction (Clark, 1999).

The acquisition of the contiguous spectrum for each image pixel over a selected wavelength interval makes it
possible not only to identify surface materials by their characteristic reflectance or emittance spectrum but also
allows the intervening atmosphere to be characterized to the level required for removal from the measured
radiance signal (Clark, 1999). The possibility to model the atmosphere at very fine spectral detail retrieves
reflectance with much more accuracy than ever possible. Thus, there is an increased possibility to extract other
types of parameters. In addition, this allows a more subtle characterization of the spatial heterogeneity using
spectral mixture analysis techniques Plaza et al. (2004), required for certain applications.

The huge data volume is a considerable threat leading to time consuming processing, too slow for commercial
oriented customers. However, it’s worth noticing that the major advances in remote sensing are closely linked
to technological developments (Kramer, 2009). Thus, can be expected, despite of contribution to data
reduction, that technology will play a key-role in solving this issue. Another contribution to satisfy time-critical
constraints in specific applications, rely on parallel implementation which has already been successful for some
algorithms (Plaza et al., 2009).

2.2. MINING ENVIRONMENTS

In modern societies, it is easy to overlook the fact that a large proportion of the total economy continues to
rely on the extraction and utilization of geological resources.

The raw materials that are extracted are essential for the sustainable functioning of modern societies. Sectors
such as construction, chemicals, automotive, aerospace, machinery and equipment which provide a total value
added of € | 324 billion and employment for some 30 million people all depend on access to raw materials (EC-
DG, 2008).

The modern mining industry refers to the exploration for and removal of raw materials from the earth,
economically and with minimum damage to the environment. Fuel, non-fuel minerals and non energy minerals
are types of raw materials mined. There are significant differences in the mining techniques and environmental
effects of mining metallic, industrial, and fuel minerals.

Particularly for this work the focus is on metallic minerals, which are also non-fuel minerals, usually combined in
nature with other materials as ores.
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2.2.1 THE MINE LIFE CYCLE

Minerals are non renewable resources. Thus, the life time of a mine is finite and corresponds to a temporary
use of land. The mine life cycle typically comprises the following phases: 1) exploration and feasibility, Il) planning
and construction-development, lll) extraction and processing-operations, and V) mine closure (Durucan et al.,
2006; ECPMM, 2009).

During the mine life cycle, associated activities may include the items depicted in Figure 2.11, which are
described below based on ECPMM (2009). Exploration is the work involved in determining the location, size,
shape, position, and value of an ore body using prospecting methods, geological mapping and field investigations,
remote sensing (aerial and satellite-borne sensor systems) drilling, geophysics and other methods. A feasibility
study is a decision tool, based on a financial analysis, whether to abandon or develop the property.

The phase of development includes planning and construction. Items such as designing the mine, permits, and
environment and social issues as well as a closure plan are dealt in the planning stage. The construction phase
involves the development of the infrastructure where is established the underground or surface mine workings
to provide direct access to the ore body. The overburden, i.e. the surface material above the ore deposit that is
devoid of ore minerals, is typically stockpiled if it is suitable for later use in mine reclamation. All the mine
infrastructure are built up such as transportation, ore handling and processing, mine waste disposal, power
infrastructure, vehicle storage and maintenance, fuel supply and storage, explosives storage, as well as shops,
offices, warehouses and accommodations. Particular attention is given to water management and wastewater
treatment systems, water supply, potable water treatment and distribution system and sewage and waste
disposal.

The operational phase includes the removal of the ore by surface or underground mining, or in situ mining, as
well as ore processing and associated activities. The typical activities are depicted in Figure 2.12.

The closure of a mine refers to cessation of mining at that site, when the equipment is removed and the
dismantling of facilities. It involves completing a reclamation plan and ensures the safety of areas affected by the
operation. A reclamation plan outlines the "combined process of land treatment that minimizes water
degradation, air pollution, damage to aquatic or wildlife habitat, flooding, erosion and other adverse effects from
surface mining operations, including adverse surface effects incidental to underground mines, so that mined
lands are reclaimed to a usable condition which is readily adaptable for alternate land uses and create no danger
to health or safety”. A reclamation plan, which in fact occurs at all stages of a mine life cycle, involves earth
work and site restoration including revegetation of waste rock disposal areas.

The final stage is monitoring, which includes environmental testing and structural assessments that commonly
continue long after the mine is closed.

The duration of mine life cycle is extremely variable depending on several factors, some of them inherent to the
resources mined such as its dimension and type. Others are related to the options undertaken during the
management of the mine and the technology available. Additional exploration may lead to the discovery of
additional mineralization that conducts to the expansion of the operation thereby increasing the life of the mine.
At some sites, the mine operations phase may extend continuously over a period of several years to decades
while at other sites, the mine operations phase may include short or extended periods of inactivity due to
changes in market conditions.
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Figure 2. 11 Steps in the mine life cycle (adapted from ECPMM, 2009).
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Figure 2. 12 Typical activities of the mine operations phase (adapted from ECPMM, 2009).
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2.2.2 ENVIRONMENTAL CONCERNS

The environmental responsibility of mining operations is the prevention and control of environmental releases
to air, water and land. This is assessed and controlled through the Environmental Impact Assessment (EIA) and
Environmental Management Plans (EMP).

Throughout all mine life cycle there is an interaction with the environment, which may leave a more or less
evident imprint if not adequately managed. The most striking effects are related to the operation phase,
although the other phases may also interact with the environment. Examples of non-operation phase include
building access roads to a drilling site during exploration or in preparation phase by excavation of the deposit to
remove overburden. Mostly, they are short-term impacts in the environment.

Potential environmental concerns associated with mining include (ECPMM, 2009):
= wastewater runoff from the site, mining and ore processing, and mine wastes;

= release of airborne particulate matter and air emissions from engine operations and other
processes;

= effects on terrestrial ecosystems, including wildlife;

= effects on aquatic ecosystems, including fish;

= effects on local and regional surface water quality and groundwater flow;
" noise;

= planned and accidental releases of pollutants;

= aesthetic impacts, such as alteration of landscapes;

= social impacts, such as unemployment, and people migration from mine adjacent activities and
leisure activities sport or subsistence fisheries

The environmental management is significantly different if it is an open pit or an underground mine. This
includes variations on waste rock disposal, tailings, area of surface disruption, reclamation, land subsidence,
blasting effects, truck noise and mine water.

ACID DRAINAGE

A major environmental concern is related with the presence of sulphide minerals on surface, which form the
ore minerals for many VMS base metal deposits. Pyrite (FeS,), chalcopyrite (CuFeS,), galena (PbS) and sphalerite
[(Zn, Fe)S] are ubiquitous in these type of ore deposits. Sulphides may also occur in the host rock and their
importance from an environmental perspective lies in the fact that in contact with water and oxygen, they
oxidize and generate an acidic leachate that can act as an agent carrying heavy metals, trace elements and
dissolved salts. This process is commonly known as acidic drainage s.l. (AD) and may also be differentiated in
Acid Mine Drainage (AMD) or Acid Rock Drainage (ARD). The latter may even occur without mining activity
and constitute a natural occurrence for, e.g., volcanogenic massive sulphide deposits.

AMD can be the result of underground mine drainage, runoff and seepage from the waste-rock dumps on
surface, and from percolation in the waste bedrock interface (Walder and Schuster, 1998), and also from
tailings pond areas, waste-disposal areas and haulage roads. Hence, whenever there is any type of waste mining
materials with high sulphide content which interact with water and oxygen, they are considered as a primary
source of AMD (Singer and Stumm, 1970; Nordstrom and Alpers, 1999; Espana et al, 2005) and thus are
potential acid generating materials.
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The extent of environmental trace element contamination associated with AD is related with the extent of the
oxidation of the sulphide-containing materials, the type of gangue material, ore host rocks, mine waste
dispersion, mining infrastructures (e.g. dams, channels, ore mills, mine landfills), the hydrology and the
hydrogeology of the area.

Iron, Cu and As sulphides, and sulphosalts in the ores make them especially sensitive to weathering and
subsequent AMD producers (Abreu et al., 2010).

The weathering of pyrite, as an example of one of the most abundant sulphides, can be used to demonstrate the
global reaction that explains the low pH, and the high concentrations of, at least, iron and sulphate ions, in the
oxidizing environments near the sites containing sulphide minerals (Abreu et al., 2010). These reactions are well
documented (Singer and Stumm 1970; Gray, 1997):

FeS,(s) + 1,0,(g) + H,O(l) — Fe* (aq) + 2504%*+(aq) + 2H*(aq) (Eq.2.2)
4Fe**(aq) + O,(qg) + 4H+(aq) — 4Fe*(aq) + 2H,0(]) (Eq.2.3))
Fe**(aq) + H,O(l) 2 Fe(OH)**(aq) + H*(aq) (Eq.2.4.)
Fe(OH)*(aq) + H,O(l) 2 Fe(OH)**(aq) + H*(aq) (Eq.2.5))
Fe(OH)*(aq) + H,O(l) 2 Fe(OH)*°(aq) + H'(aq) (Eq.2.6.)

The highly acidic aqueous solutions can promote the dissolution of both ore and host rock materials originating
solutions with a high specific electrical conductivity. In the presence of oxygen and water, the Fe?" ions are also
oxidized to Fe®* leading to the precipitation of various insoluble iron bearing minerals. A possible pathway to
explain the formation of several Fe** minerals is shown in the following scheme (Williams, 1990; Hammarstrom
et al,, 2005; Abreu et al,, 2010):

nFe(OH)3°(aq) + mH,0(l) — ferrihydrite (5 Fe,04-9H,0 or Fe,05-2FeO0H-2.6 H,0) (Eq.2.7.)
ferrihydrite — FeOOH(goethite, akaganeite, lepidocrocite, feroxyhyte) + zH,O(1) (Eq.2.8.)
2FeO0H(s) — Fe,0;3 (hematite, maghemite) + H,O(1) (Eq. 2.9.)

Other possible pathways exist depending on the water and iron content, which in turn is connected with pH
values. If pH is less than 3.5, significant quantities of Fe** can exist in solution. At pH>2.5, precipitation of ion
ferrihydrate will remove Fe®* from solution. If the sulphate concentration is sufficiently high, ferric ion may also
be removed from acidic solutions by precipitation of iron-sulphate minerals like jarosite, coquimbite, and
kornelite, however, these iron-sulphate minerals have high solubility.

The ferrous ion may oxidize to form ferric ion and precipitate as ferrihydrate (or goethite, jarosite,
schwertsmannite) following the reactions:

4Fe> +02 + 4H+ = 4Fev+ 2H,0 (Eq.2.10.)
Fe*+ 3H,0 = Fe (OH)3(s) + 3H* (Eq.2.11)

The acidic leachate is partly neutralised by hydrolysis reactions with the surrounding materials as the solution
flows away from the active oxidation points leading to the accumulation of Fe sulphates, oxyhydroxides and
oxides in a spatial and temporal sequence that represents the buffering of the acidic solution as it moves away
from its source (Swayze et al., 2000, Montero et al.,, 2005). The accumulation of specific type of minerals is
function of the pH values and the chemical content of leachates. Copiapite [Fe**Fe**4(SO,),(OH), 20(H,0)] and
jarosite [KFe;(SO,),(OH),] form at pH values <3, and precipitate near sources of acidity that are also sources
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of iron and trace elements (Nordstrom and Alpers, 1999; Smith et al., 2006). However, jarosite may occur
precipitating at higher values of pH waters, i.e. 3.8 as referred in Bigham et al. (1996). Goethite [a -FeOOH)]
forms at pH values generally less than 6 from the dissolution of previous minerals, including early-formed
goethite, and precipitates farther from contaminant sources. Hematite [0 -Fe,O;] accumulates even farther
from the sources of acidity after forming in a pH dependent process that may involve the dehydration and
transformation of earlier precipitates, such as those of goethite and ferrihydrite (Montero et al,, 2005). The
latter usually occurs at pH 6.5 or higher (Bigham et al.,, 1996) (in Quental et al., submitted, Chapter 5).

The complexity and diversity of the composition of AMD solutions is reflected by the variety of solid phases
that can be formed under different conditions. It is not easy to explain the formation of the secondary solid
phases, but some authors (Hammarstrom et al., 2005; Montero et al., 2005), based on previous studies, present
general possible reaction pathways indicating the conditions (solutions composition, temperature and
atmospheric relative humidity) for the crystallization of some secondary sulphate minerals from the oxidation of
the primary ores (Abreu et al., 2010).

The climate is an important control on mineral formation and mobilization of metals due to the high solubility
of many of the efflorescent sulphate minerals. In wet climates, salts are ephemeral unless they develop in
sheltered areas. In arid climates, or during prolonged dry periods in humid climates, thick crusts of salts can
form by evaporative processes, where upward migration of water by capillary action is the dominant process
(Olyphant et al, 1991; Dold, 1999). The cycling of metals and acid by the precipitation and dissolution of
efflorescent salts is an important process at mine sites (Hammarstrom et al., 2005).

The result of AMD, with the generation of metal-laden effluents of low pH, if not carefully managed can
contaminate soils, waters and groundwaters and derived impact on ecosystems. This can occur during all mine
life cycle and also after closure of the mine. The AMD is more evident in old mining areas due to the different
environmental concept at the time and technological issues, which were not able to prevent or control the
associated damage.

Europe has a history of mining activity that dates back to prehistoric times. Whole regions are affected by the
results of this activity, as well as by the more recent industrialized phase of mine development. Increasingly,
rather than exploration for new prospects, the key issue being addressed by many European geological surveys
is how to manage the waste products of mining activity (Marsh et al., 2000). However, some mine waste has
shown its usefulness and it has been recognized since the beginning of mining and smelting. Changing economic
circumstances may turn a particular waste into a valuable asset, either because the economic extraction of
resource ingredients may now be possible using improved technology or a market has been found for the
previously unwanted material. In summary, yesterday’s waste can become today’s resource (Lottermoser,
2007).

The European Union (EU) has developed a few environmental directives that have imposed a legal pressure and
frame of mining related issues, and the emergency to develop the innovative approaches to deal with. Among
the key directives is the Environmental Impact Assessment (EIA) 85/337/EEC, Landfill (1999/31/EC), the Water
Framework (2000/60/CE), the management of waste from extractive industries (2006/21/EC), and the
Integrated Pollution Prevention and Control (IPPC, 2008/1/EC) Directives. Hence, long term repetitive site
characterization mining related areas is required at all the mine life cycle as well as after closure to detect
contamination extension and modelling its evolution. This will in turn mitigate its damage to the environment,
with adequate remediation or safety measures.

Monitoring usually involves chemical analyses of samples of soil and organisms taken close to the mine site as
well as far away from the mine site. Hence, it is often necessary to establish a relatively large number of
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sampling stations, and to analyze a large number of samples to assess the level of pollution and the delineation
of areas affected by pollution.

The repetitiveness of the regulatory controls will lead to choose the less expensive and time consuming
methods in order to forecast the pollution dissemination processes, the level and the areas affected by
pollution. This implies to minimize field—sampling density and analysis.

2.2.3 APPLICATIONS OF IMAGING SPECTROSCOPY

With the capability to detect subtle changes in the chemistry and/or structure of a material, IS constitutes an
excellent tool for environmental assessment of mining areas, mineral mapping and exploration. In particular IS
provides synoptic spatial coverage with associated high spectral resolution and it has a non-destructive
character.

The development of the technology has started with geological mapping and its commercial role in mineral
exploration (Cocks et al., 1998). In this it worked as an important tool to recognition of hydrothermally altered
rocks that may be associated with mineral deposits (Hutsinpiller, 1988; Henkle et al., 1993; Crowley and
Zimbelmand, 1997; Scott et al., 1998; Clark, 1999; Lorchert, 1999; Yang et al., 1999).

The IS methodologies have been used previously in mining environments in arid or sparsely vegetated
environments in the USA (Superfund programme of EPA-USGS? using the AVIRIS sensor) and in Australia
(studies made by CSIRO® and HyVista Corporation with Hymap™ sensor) and in Europe in a diversity of mining
environments (MINEO and HyVista Corporation with Hymap™ sensor, Chapter 3).

If the mineral exploration has been the driving force in the development of mining related IS, the environmental
concern has also been increasing, also to comply with EC regulations and Directives.

Thus, studies related to environmental indicators as assessment and dispersion of pollutants (Kemper and
Sommer, 2003; Mars and Crowley, 2003) have been developed. The detection can be done through a
mineralogical mapping or chemical correlation on materials targeted. The developed knowledge of mineralogical
mapping for geological applications was naturally extended for mapping secondary minerals related to AD for
environmental applications (Ong et al., 2003). Other environmental parameters mining related have been
established based on vegetation stress (Kuosmanen et al., 2005).

As aforementioned, one of the major sources of pollution is the AMD generating metal-laden effluents of low
pH. The detection of AMD using IS can be addressed in several ways:

I. Through mineralogical assemblages, such as Fe-bearing sulphates, oxides, and oxyhydroxides,
which are identifiable through specific spectral ranges, due to their chemical and structural
properties. Valuable studies have assessed (Montero, 2002; Montero et al., 2005; Swaze et al.,
1996; 2000; Dalton et al., 1998) and monitored (Riaza et al., 2007; Riaza et al., 2009) areas
affected by AMD and consequent release of hazardous elements. Using imaging spectroscopy
principles it is possible to identify the unique spectral absorption characteristics of iron
secondary minerals (Clark 1999) from hyperspectral images. Further details on the basis for
spectral interpretation and mineral identification are given in Montero et al. (2005) and Crowley
et al. (2003). Thus, the mineralogical mapping of an area based on specific minerals, particularly

2 EPA-USGS (Environmental Protection Agency-United States Geological Survey)

? CSIRO — (Commonwealth Scientific and Industrial Research Organisation)
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Fe-bearing minerals, as described previously, can indicate pH values at the time of their
generation and subsequently their acid generating potential. Highlighting AMD hot spots, the
mineralogical mapping provides valuable information for prioritization related to remediation
procedures or safety measures.

Quantitative physiochemical maps from airborne hyperspectral data transfered from spectral
prediction of pH from laboratory analysis (Ong et al., 2003a; Zabcic et al., 2005). The former
consider that the mineralogical maps for characterizing and assessing the risks or hazards at
contaminated mine sites are only shown on single “snap shots” taken on specific dates.
However, traditional methods of assessing and monitoring AD conditions rely on chemometric
measurements and to deliver a product that is aligned with industry standards, there is value in
providing these physiochemical parameters directly. Secondly, it is necessary to demonstrate
that it is possible to derive these measurements accurately and repeatedly. The method relies
on the use of relationship between IS data and pH measurements using field data obtained from
environments affected by AD. A predictive model is generated from this laboratory analysis
based on a statistical technique, called partial least squares (PLS) and with a final regression
coefficient (FRC) based on linear combinations of channels. The ability to transfer this
predictive capability to produce quantitative physiochemical maps from airborne hyperspectral
imagery is demonstrated, as well as is multi-temporal capabilities. Zabcic et al. (2005) apply the
same methodology to the Spanish Iberian Belt, demonstrating its usefulness in a distinct
environment.

Spectral Mixture Analysis with a classification approach based on fraction maps of major mine
tailings-related surface materials and hence generates a surface map separating green vegetation,
transition zones, dead vegetation, and oxidized tailings, and calculates the extent (superficial
area) of each of the zones. The four zones are correlated with the extent and degree of
vegetation cover affected by tailings material, and is interpreted to span respectively from very
low to medium, high, and very high AMD pollution. (Richter et al, 2008). This method
determines by areas, scene-based reference spectra and not by spectral libraries. It combines
constrained spectral mixture analysis and threshold based classification. The relationship with
the AMD is performed indirectly.

Through dispersion of contaminants such as in mining spills, e.g. the accident in Spanish
Aznalcéllar Mine (Kemper and Sommer, 2003). A spectral mixture modelling approach applied
to field and airborne hyperspectral data was implemented to map residual contamination after a
mining accident where heavy metal bearing sludge from a tailings pond was distributed over
large areas of the Guadiamar flood plain. A Variable Multiple Endmember Spectral Mixture
Analysis (VMESMA) tool was used providing possibilities of multiple endmember unmixing,
aiming to estimate the quantities and distribution of the remaining tailings material. A spectrally
based zonal partition of the area was introduced to allow the application of different submodels
to the selected areas. Based on an iterative feedback process, the unmixing performance could
be improved in each stage until an optimum level was reached. The sludge abundances obtained
by unmixing the hyperspectral spectral data were confirmed by the field observations and
chemical measurements of samples taken in the area. The semi-quantitative sludge abundances
of residual pyritic material could be transformed into quantitative information for an assessment
of acidification risk and distribution of residual heavy metal contamination based on an artificial
mixture experiment.
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Any of the methods is a valid contribution of IS applied to mining environments. It is worth noticing that in
sustainable mineral resources operations, IS derived information is an advantageous assessment and monitoring
tool. Thus, throughout the mine life cycle and in long term post-mining, IS contribution can be extremely useful.
It’s an appropriate method to comply with the demand of environmental data required by legal framework and
with repeatability capabilities to constitute a major component of environmental monitoring systems related to
mining areas.

2.3 CONCLUSIONS

Imaging spectroscopy (IS) or hyperspectral is an invaluable tool relying on spectroscopy principles established in
the 19" century (Schaepman et al., 2009). The spectral response given by an IS sensor allows the expansion of a
point spectroscopy to a spatial dimension providing the capability of gather spectral information over wide
areas.

The absorption features obtained by an IS sensor facilitates the quantitative and qualitative characterization of
both the surface and the atmosphere. The acquisition of spectral data can be undertaken at several scales, in
laboratory, field or airborne or spaceborne platform. Once obtained, several procedures have to be addressed
on IS data before obtaining a map of an area for specific themes. This may include the atmospheric and
geometric corrections, as well as feature extraction and endmembers. The spectral measurement of materials
in laboratory and gathered in standard spectral libraries to compare with imagery data is frequent.

The classification can follow distinct pathways, whether considering the full or mixed pixel approach both
relying on spectral information. Recent trends, however, focus on the integration of both spatial and spectral
information (Plaza et al.,, 2009). Also, the processing techniques may encompass very different mathematical
formalisms.

The application of classical validation or accuracy assessment to IS data presents a few constraints and
limitations, once the imagery may map the environment with greater accuracy than can be obtained by field
crews or maps produced by other methods then remote sensing (Jacquez et al., 2002; Aspinall et al., 2002;
Foody, 2008). Several other constraints and advantages exist when using IS data related to items such as
campaigns, sensors, processing and applications.

In 2 mining environment, a mine life cycle typically comprises the following phases: |) exploration and feasibility,
I) planning and construction-development, Ill) extraction and processing-operations, and V) mine closure. In
all, environmental concerns occur, although in some phases are more emphasized then others, and has to
comply with legislation requirements.

With the capability to detect subtle changes in the chemistry and/or structure of a material, IS constitutes an
excellent tool for environmental assessment of mining areas, mineral mapping and exploration. Thus the
application of IS can occur throughout all mine life cycle, and in a particular environmental concern in the case
of Acid Drainage several approaches have already been demonstrated for its detection, whether in assessment
or monitoring.

IS is an appropriate method to comply with the demand of environmental data required by the legal
requirements, by minimizing costs of density sampling and analysis. Jointly with repeatability capabilities, IS can
constitute a major component of environmental monitoring systems related to mining areas.



3. THE S. DOMINGOS MINE AREA TEST SITE

3.0 INTRODUCTION

This chapter describes the test site, following essentially the main structure as in Quental et al. (2002a), adapted
and updated with new studies. Some general characteristics are described, as well as geology, history of
exploitation and related environmental problems of the test site.

The Imaging Spectroscopy (IS) data capture in 2000 over this test site, objectives and results, are presented in a
broader framework of an EU research project, the MINEO (5" FP, 2000-2003) as well as the lessons learnt and
foreseen scientific developments.

For the S. Domingos area, a new capture of IS data took place in 2007 in the framework of the HYPMINGEO
project funded through EUFAR (6™ FP of the EU) and the acquisition and ancillary data is described.

3.1 GENERAL CHARACTERISTICS

The now abandoned S. Domingos mining area is located in SE Portugal (Figure 3.1) within the Baixo Alentejo
Province some 60 km SE of the city of Beja, close to the Spanish border. The climate of the region is, according
to the Thornthwaite classification, semiarid mesothermic with no excess water and small thermal efficiency in
the hot season, and it can be divided in two distinct periods, a wet period from November to March and a dry
period from May to September The annual average air temperature is 17.6 °C, and annual precipitation is
559 mm (Abreu et al., 2008).

The population density is currently low nowadays although it has reached nearly 5000 persons whose main
activity was related with the extraction of massive sulphides.

Most of the area is covered by thin soils, and natural rock outcrops are abundant.

In the S. Domingos Mine, pre-roman and roman mining works are known to have exploited Ag, Cu and, Au,
mainly in the gossan resulting from the oxidation of the sulphide mass. Modern exploitation started in the XIX
century, both in the gossan and massive sulphide orebody that besides Cu also contained some Zn and Pb, and
ended in 1966 due to exhaustion of the ore. As a result of the mining activities several on-site facilities were
developed, including a village (S. Domingos, Figure 3.1), water reservoirs, cementation tanks, a sulphur factory,
network channels for acid water evaporation, and a railway and harbour (Pomarao) for ore transportation and
shipping. It is estimated that from the beginning of pre-roman times until 1968 the Mine produced 25 Mt of ore,
and mine waste material in the area is estimated at several hundred thousand tons.
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In this context, important environmental problems are associated, which are visible within an area around
50km? Although correlated, these problems can be summarized as related to waste material and their pollutant
content, acid waters and associated dispersion, as well as landscape disruption.

3.2 GEOLOGY

REGIONAL GEOLOGY

The Iberian Pyrite Belt (IPB) extends from Spain along southern Portugal. It constitutes one of the most
important metallogenic provinces for Volcanogenic Massive Sulphide deposits, and within which occurs the S.
Domingos Mine (Appendix I, Figure 3.1).

The general geology of the Mine area consists of the outcropping Volcanic Sedimentary Complex (VSC) rocks
that consist of acid and basic lithologies of Tournaisian age (Appendix ).

Webb (1958) described the area as being underlain by Paleozoic sediments, “comprised mainly of clay-slates
with interbedded grits, quartzites and occasional tuffaceous horizons”. Recent studies identified these Paleozoic
sediments as: in the northern part, older formations from the Pulo do Lobo Antiform [Gafo Formation (schists,
silts, greywackes, acid and basic volcanism) and the Represa Formation (schists, silts, greywackes and
quartzwackes)] of Upper Devonian age, while to the south, in the mine area outcrops the Phylite-Quartzite
Formation (phyllites, silts, quartzites and quartzwackes) and the Barrranco do Homem Formation (phyllites, silts
and greywackes) of the same age (Oliveira and Silva, 1990). With the Hercynian compression the sedimentary
assemblage was intensely folded and the more incompetent beds marked with a strong flow cleavage, dipping at
steep angles to the NNE. The strike direction of both cleavage and bedding is |10-125°.

Locally, quartzites can occur in large extents. At intervals along regional strike, sediments are intruded by dykes
ranging from acid (porphyries) to basic (diabases) in composition, which recently were interpreted as belonging
to the VSC of Tournaisian age (Oliveira and Silva, 1990). To the south, a large area is covered by the Mértola
Formation (Lower Carboniferous) that consists of a turbiditic sequence of pelites and greywackes. The VSC,
host to polymetallic massive sulphides of IPB, orientated WNW-ESE, is represented by two structures, the
alignment of the S. Domingos and Pomarao anticlines. In the flanks of these structures representative outcrops
are marked by three episodes of acid volcanism, separated by sedimentary cycles. Within the Pomarao anticline
outcrops the Eira do Garcia Member [silts and pelites and greywackes (PQ)] and the Upper Devonian
Nascedios Member (grey pelites with thin interbedded limestones); the Pomarao Harbour being located in its
inverse flank. Above the VSC, there is a turbiditic sequence that can reach four thousand meters in thickness
and is composed of alternating schists and greywackes (Baixo Alentejo Flysch).

MINE GEOLOGY

An irregular tract of superficial iron-staining and gossan extends southeast from the orebody and lies in part on
the slopes of a shallow to moderately incised valley which drains southeast from a point about 500 m from the
mine.

The volcanic sequence in the mine is not well exposed and the structure is geologically complicated. The upper
volcanic levels are covered by a thick turbiditic sequence (Flysch Group) and the allochthonous Phylite
Quartzite (PQ) group caps the volcanic pile. The outcropping area was formed by a unique vertical mass of
cupriferous pyrite associated with zinc and lead sulphides, elongated in an E-W direction. This orebody was
exploited to a depth of 120 m below the topographic surface as an open pit mine and from this depth down to
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420 m. Mining accesses consisted of wells and galleries. The mapping of level 240 m and geological section of
the massive sulphide are shown in Figure 3.2. The intense wall-rock alteration surrounding the orebody is
typically hydrotermal, and comprises argilitisation (kaolinite and allunite), sericitisation, chloritisation and
silicification.
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The reddish-brown gossan extending southeast from the orebody is probably an erosional relict of transported
iron oxides and hydroxides that accumulated during the original weathering of the ore, which is almost
completely eroded. The deep residual gossan results from a weathering process of the exposed orebody, due
to eventual uplift and peneplanation.

The northern side of the open pit mining walls show relicts of ancient roman galleries for exploitation of gold,
silver and copper in the gossan. From W to E, along the open pit wall levels, the white coloured alteration
zones of the black shales are clearly identified, the extremely silicified felsic tuffs, host rocks of the stockwork
feeders, and the basic lithotype, represented by green coloured rocks possibly due to hydrothermal alteration
below the stockwork, chloritisation (Silva et al., 1997). Anastomosing veinlets, vein networks (feeder channels)
and disseminations of sulphides that grade into massive sulphide lenses make up the stockwork mineralisation
by coalescence of veins and replacements.
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Figure 3. 2 S. Domingos mine open pit, geological cross-section (ad. Oliveira and Matos 2004; Matos et al,,
2006).

Stockworks generally occur in highly silicified and chloritised footwall volcanic rocks (Barriga and Carvalho,
1983, in Silva et al., 1997).

3.3. HISTORY OF EXPLOITATION

Based on the work of Batista (2000), the exploitation at the S. Domingos test site, ranging from pre-roman
activity to the 1960°s, can be summarized as follows:

PRE-ROMAN PERIOD

Almost every archaeological study in the Volcanogenic Massive Sulphide mines within the Iberian Pyrite Belt
(IPB) show evidence of pre-roman exploitation of precious metals and copper in the superficial ore bodies, as a
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result of their concentration by supergene alteration. Despite there being no specific studies in S. Domingos,
the evidence of works nearby, and the arguments supported by Allan (1965), related to the huge amount and
nature of waste material found, and also the presence of megalithic structures, suggests that mining and
metallurgy took place (Gaspar, 1998).

ROMAN PERIOD

During this period the existent literature shows that at S. Domingos the underground works went below the
hydrostatic level. The Romans exploited gold from the gossan, and small contemporaneous galleries are still
recognizable. These ancient mining activities were largely confined to the oxidized ore near the surface (Webb,
1958).

Based on the volumes of ancient waste piles and the respective chemical composition phases, several authors
have estimated the volume of Roman works in more than 150 000 m?, which corresponds to 300 000 t of slags,
considering both mines of S. Domingos and Aljustrel (Sequeira, 1884, in Gaspar, 1998).

POST-ROMAN PERIOD

After the roman expulsion by the Visigoths, around 405 A.D., a period of almost no mining activity followed in
Iberian Pyrite Belt except maybe at Aljustrel and in one or two mines in Spain until 1492 during the Islamic
occupation of the Iberian Peninsula. Irrelevant activity probably occurred after that, but only in the XVIII
century, and more intensively in the XIX century, were the exploitation works again economically significant.

XIX CENTURY

The interests of French industrialists, in particular Ernest Deligny, technical director of a few mines in Spain
who sent people to do exploration in Portugal, started the process that led to the concession of the S.
Domingos Mine. Nicolau Biava is recognized as the legal discoverer of the orebody at S. Domingos and
obtained a temporary concession that was transferred in 1855 to Ernest Déligny, Luis Decazes and Eugéne
Duclerc, who had founded the company La Sabina in 1855.

A permanent license was given in 1859 when Diogo Mason took charge. Mason and Barry, Ltd., was constituted
later, to whom La Sabina rented the exploitation concession. The mining exploiters carried out the
construction of a typical mining village, whose typology characterizes the classical industrial period. They
created rigorous urban planning and the village was almost autonomous with farms, orchards and even with its
own police force (Alves, 1997).

The mining plan began in 1859 but the underground and surface mining only began in 1863. Due to the
fluctuation of copper grades, only the richest ore were sent to England where incineration processes were used
to extract sulphuric acid. This extraction process was experimental in closed ovens, in order to avoid
environmental problems that occurred in an open environment, nearby in Rio Tinto, which produced gases rich
in SO,, As, Sb and Ti, provoking disastrous effects locally in fauna and flora that persist today.

In S. Domingos, the first products extracted by incineration processes were separated and the richest nodules
were submitted to a fusion process. The leaching of the poor products was carried out in cementation tanks
but this process was abandoned in 1868 due to technical difficulties and high costs. When copper prices
dropped, the material was leached in a raw state making the recovery more efficient.

The method utilised in the treatment of the ore can be summarised as follows:

I.  separation of Cu>2% from Cu <2% into four piles, fines and poor material;
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Il. crushing of the richest and coarse-grained material into pieces of more or less 5 cm in size;

Il accumulation of Cu<2% in piles with interior channels made of gravel material for easy
circulation of the air, sandstone chimneys to control the temperature of the process as this
process was strongly exothermic;

\'A the leaching of the piles with water controlling the temperature to avoid spontaneous
combustion of the mined material and excessive formation of sulphuric acid that could make a
poor cement and raise the iron consumption (Gaspar, 1998).

The ore was exported for sulphuric acid production; the leaching products had 14% of Cu and were led to the
tanks to decant particles and sent to cementation tanks. The iron used in the process was about 20 000 t a
year. From the 4 Mt of copper mineralization extracted from 1870 until 1887, 334 575 t were transported to
the treatment facilities in Achada do Gamo and 378 320 t of washed product and 85 046 t of copper
concentrate were exported.

A railway was built in 1858, linking S. Domingos Mine to the Pomarao Harbour, in the Guadiana River, from
where the ore was shipped downriver to the Atlantic Ocean and eventually on to the UK. In Swansea part of
the material was treated to obtain copper and part to obtain gold and silver (Gaspar, 1998).

The first exploitation plan dates from 1858 and plans for the underground exploitation of the orebody in all it’s
extension following old works with longitudinal galleries (parallel to the orebody axis) and cross cuts,
distributed over several levels with connecting wells and supporting rock piles in the exploitation areas. In
1863-65 27 vertical holes had already been built for mining circulation and sewage waste (Rego, 1996) and in
the same period the sulphur smelting facilities were built in Achada do Gamo.

In 1866-67, during a copper price downturn, the mine opted for a cheaper open pit type mining although
continuing the underground extraction.

The first exploitation of the open pit started in 1868, causing a progressively strong impact in the landscape
leaving an open area with 122 m depth when the extraction was abandoned, continuing only the underground
works. Dikes were constructed to support the mining works and the water supply of populations in 1871-73.

Acid effluents from mining, estimated at 2 hm/year were diverted to a network of channels and reservoirs to
improve the quality of effluent by increasing settling, to reduce its quantity by natural evaporation and
infiltration. It was also a process to control its discharge into the main nearby river, the Changa, during flood
periods (Pereira et al, 1995). The total area of evaporation surfaces created in this system was 97 ha (Mason
and Barry, 1878).

XX CENTURY

In the early XX Century the worldwide evolution of the sulphuric acid industry favoured its extraction from
pyrite, which resulted in an increase in exploitation in the S. Domingos Mine. From 1913 to 1932, S. Domingos
produced 3 445 533 t of copper ore and from 1923 to 1932, 3616 t of Cu cement with average grades of
72,33%. At the end of 1960, a new crisis caused by competition within the native sulphur market extracted
from sulphur ores of low degree (by hot water pressure) and the external market gave place to internal
consumption of sulphides by the sulphur acid factories. As an example, as much as 430 000 t of acid was
produced in factories like QUIMIGAL and SAPEC, most of it being used to produce fertilisers. The global ore
produced in the XX century in S. Domingos is estimated at 9 882 722 t (Gaspar, 1998).

Mined ore was crushed in a mill located near the open pit. Three kilometres south of the mining area (at
Achada do Gamo, Figure 3.1) the crushed ore was smelted to obtain high level grades of copper ore and
sulphur products, which were widely used in the chemical industry until the 50’s.
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Average grades of the exploited material range from 1,25% Cu (10% Cu maximum), 2-3% Zn and Pb (14% Zn
and Pb, maximum). Massive pyrite grades average in the range from 45-48% in sulphur, and in addition to pyrite
there are subordinate amounts of chalcopyrite, sphalerite, galena and other rare sulphides (Webb, 1958).

The Mine was closed in 1966 presumably due to exhaustion of the ore although some authors think that the
ore extends deeper (Gaspar, 1998, Oliveira, V. pers. com., 1999). The open pit has since become flooded.

From the beginning of pre-roman times until 1968, the Mine produced 25 Mt of ore (Carvalho, 1979 in Gaspar,
1998).

On 30™ July 1972, the company La Sabina, took possession of mining facilities of the S. Domingos mining
concession, after the complex process of bankruptcy of Mason and Barry Limited. In 1984 La Sabina, financed by
German capital, lost the historical concession maintaining however the rights acquired in the lands and buildings
covered by the mining concession.

This area has not been submitted to any remediation process, although some information and protection
around the most endangered areas, i.e. the open pit and Achada do Gamo (Figure 3.1), took place in 2005 as
well as some beneficiation of the building of the former railway station of Pomarao. Removal of dump material
continues and is used for several purposes, namely construction and pavement, spreading potentially harmful
materials, if related to AMD signature.

3.4. RELATED ENVIRONMENTAL PROBLEMS

The type of ore, treatment, processing and transportation, as described in Section 3.3 caused important
environmental problems, some of which already reported in the XIX century, and with direct economic
consequences for the exploitation company.

The specific problems associated with the S. Domingos test site, can be summarised as follows:

WASTE MINING MATERIAL AND ASSOCIATED CONTAMINATION

Waste mining material such as slags, heap dumps and tailings, either concentrated or dispersed in the area, are
still enriched in hazardous elements such as Zn, Pb, Sb, Cu, As, Hg and Cd. These waste materials leached by
rainwater and stream waters can have highly acid generating potential, due to sulphide oxidation and Fe-
hydrolysis, which increases dissolution and mobility of elements. They constitute hot spots for waters, soils and
plant contamination (Figure 3.3).

ACID WATERS AND DISPERSION OF ELEMENTS

The Acid Drainage s.I. (AD), mainly from Acid Mine Drainage but also from Acid Rock Drainage, is the main
vehicle for the dispersion of elements in waters, soils and sediments, which covers significant areas in this test
site. Water pH in the S. Domingos River can reach values below 2 (Batista et al., 2003).

The network system of channels developed for evaporation of acid waters from mining works strongly affected
soil constitution in some areas.

LANDSCAPE DISRUPTION

The open pit with an area of 0.25km? ponds, water dams and waste mining material (slags and dumps),
concentrated or spread out, have a striking imprint in the area. The presence of unvegetated slopes due to
leaching by acid waters still remains, particularly in the margins of S. Domingos river, S of Achada do Gamo.
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Slags and dumps are still being moved nowadays by human action, which alters topography and the existing
chemical equilibrium conditions within the dumps. This disequilibrium favours acid drainage in a continuous
process. The remnants of mining infrastructures distributed in the area present several degrees of degradation
and consequent hazard (Figure 3.3).

Figure 3. 3 Example of acid waters channels, unvegetated slopes due to acid drainage and waste mining materials
at Telheiro (upper) and Achada do Gamo (lower) (Figure 3.6).

3.5. BASELINE OF IMAGING SPECTROSCOPY DATA: THE MINEO PROJECT

The Project Assessing and Monitoring the Environmental Impact of Mining in Europe using Advanced Earth
Observations techniques (MINEO) was a three year Research and Technical Development project funded by
the 5% FP of the EC (IST-1999-10337). The Consortium joined seven geological surveys, two mining companies,
one environmental research institute and the European Commission’s Joint Research Centre. It was
coordinated by the Bureau of Research Geologique et Miniére. It ended in 2003. The Portuguese coordinator was
LNEG (ex-IGM) together with the IST, FCTUNL and ISA universities.

The MINEO project aimed to test hyperspectral remote sensing as a tool to help solve some of the
environmental issues related to mining areas within a variety of European environments, through developments
of:

. Innovative methods for the extraction of information and knowledge from Earth Observation
(EO) data, which will be required in the future in order to provide the European Community and
users (industry, decision makers) with new and regularly updated thematic layers for an
environmental database related to mining areas, active, planned or abandoned, and to develop
operational tools for preparing and updating these layers;
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II. Key components of the decision making tools necessary to exploit EO information and
knowledge in environmental management systems and facilitate their use in sustainable
information systems to locate and monitor environmental risks related to European mining sites,
and thus to aid the environmental management decision processes.

To achieve these objectives the same methodological steps have been followed over six test sites, despite some
variations due to site characteristics, as depicted in Figure 3.4. This included (MINEO Consortium, 2003):

l. Hyperspectral airborne data acquisition campaign, carried out during summer 2000, including the
simultaneous acquisition of field reference spectra for image calibration and reference target
measurements;

Il.  Spectral identification of contaminated areas during extensive field spectroradiometric
campaigns, using various field spectrometers. This led to the development of reference spectral
libraries of the contaminated and/or impacted areas and their surroundings, and the generation
of the MINEO Spectral Library (MSL). Meanwhile, relevant site environmental data have been
collated;

M. Development and verification of specific image processing techniques for discrimination of
contaminated or impacted areas, in view of the generation of dedicated “generic” procedures
and algorithms for mapping contamination and/or impacts from hyperspectral imagery. Attention
was also paid in testing and using commercially available algorithms, and

V. Integration of the resulting output maps with other site-environment relevant data for GIS
modelling of pollutant dissemination, impact assessments, change detection, re-vegetation
process in view of the production of examples of EO and GIS-based models for environmental
management.

To undertake these steps, six mining areas, five within Europe (Portugal, United Kingdom, Germany, Austria,
and Finland) and one in Greenland were been selected for investigation, showing the European climatic,
geographic and socio-economic environment diversity (Chevrel et al., 2002; Marsh et al., 2000).

The MINEO concept
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Figure 3. 4 The conceptual methodology of MINEO (in MINEO Consortium, 2003).
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SCIENTIFIC ACHIEVEMENTS

Very encouraging results have been obtained in the contribution of airborne imaging spectroscopy for the study
and monitoring of mining environments, despite the very challenging but problematic abundance of vegetation
characterizing in most of the European environments analyzed. IS has proven capabilities in mapping mining-
related contamination and/or impacts. Promising results have been obtained in combining those resulting maps
with other relevant information under GIS for modelling contamination, pollution risk, site rehabilitation or
change detection (Ditmann and Vosen 2002; Groésel and Belocky, 2002; Tamstorf et al., 2002, Kuosmanen et al.,
2002; Cotton and Tongue, 2002; Quental et al., 2002a).

The possible generic character of the procedures and algorithms used has been examined, in particular through
site cross-validation approaches, in view of their applicability and reproducibility in Europe and other parts of
the world. Despite being based on only six test sites, this large diversity of results and approaches show that
imaging spectroscopy can bring an invaluable contribution to very diverse environmental concerns, in a large
variety of mining environments and in different morpho-climatic contexts. This opened large encouraging
perspectives in meeting the ultimate objectives of the project described above, despite it is clear that this very
innovative method still is to be matured before reaching a real operational status (MINEO Consortium, 2003).

A specific spectral database application (MINEO Spectral Library or MSL) has been developed in the course of
the project. Fed with more than 1500 representative spectra from either laboratory spectroscopy of field
samples, or field spectroradiometry, or hyperspectral image endmembers, MSL constitutes now an innovative
extensive spectral library of contaminated or impacted areas from the six test sites. MSL has functionality that
facilitates the management, comparison, search and retrieve of spectra, according to spectral characteristics,
type of surface feature or target investigated location, climatic conditions, etc. Spectra can be directly displayed
into the image-processing software environment for immediate use in IS image processing for environmental
impact mapping. It could be used in other similar projects for contamination and impact mapping. The
application can also be used in IS projects to create their own-related spectral database. Although a very
important product generated, some Intellectual Properties Rights issues were not unblocked in subsequent
years in order to make it publically available as foreseen.

Products of the project included spectral libraries of contaminated materials, image processing algorithms for
highlighting contamination, methods for modelling pollution migration and generic, low-cost approaches to
environmental management using EO data (Marsh et al,, 2000; Chevrel et al., 2004). A further benefit was the
development of a more widespread European expertise and experience in the use of hyperspectral data ahead
of the deployment of satellite systems in the years to come.

SOCIO-ECONOMIC RELEVANCE AND POLICY IMPLICATIONS

The European mining and extractive industry, contributing with 7% of the gross domestic product in Europe, is
facing increasing environmental pressure and regulatory controls. Industrialists and decision-makers need
innovative and cost-effective tools for environmental data acquisition and processing that provide the sound
basis for a dialogue with organisations in charge of environmental control and regulation enforcement ensuring
the sustainable economic development of the mineral industry.

Though not producing such a system, MINEO fits into the environmental risk and emergency management
system requirements as it intends to develop system of elements such as tools and methods to provide data for
assessing environment baseline and monitoring ongoing processes along with generic GIS tools and models for
pollution-dissemination (contamination), pollution risk, site rehabilitation or change detection monitoring and
forecasting.
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Therefore, the MINEO outputs are a contribution for some EU directives and policies. This includes the Soil
Policy Development and Soil Strategy from DG ENV, in particular soil monitoring. A few years later, the
directive 2006/21/EC on the management of waste from extractive industries, which seeks to minimize the
environmental and human health effects of polluted drainage from extractive waste disposal facilities and to
prevent or minimize the impact of accidents, provides a legal framework for the sound management of such
waste. More recently, the Integrated Pollution Prevention and Control (IPPC, 2008/1/EC) Directive establishes
further requirements for industrial and agricultural activities with a high pollution potential.

3.5.1 LESSONS LEARNT

The project and its outputs have shown the potential of IS in remotely mapping mining-related impact over
vegetated environments, either by direct mapping of potentially contaminating minerals and/or rocks or by
indirect mapping through the stress on vegetation.

MINEO has produced results, which can be used in the process of acknowledging this innovative technology to
environmental authorities and regulatory bodies as well as the extractive industry.

Despite the technique still needing maturity, it opens new perspectives towards regular mapping and monitoring
of large parts of the territory to regularly update thematic layers for environmental database related to mining
areas. These updated layers can be further used in the regular monitoring and control of mining environments
by regulatory bodies, but also serve mining companies conducting Environmental Impact Assessments (EIA) and
Environmental Management Plans (EMP).

Eventually, MINEO constitutes a good starting point for further RTD projects in the frame of a growing interest
for IS in environmental studies and initiated an increasing interest of the international scientific community for
mining-related remote sensing studies.

The MINEO project can also be seen as the initial point for forming an EU-wide reclamation task force
responsible for rapid risk assessment by independent European experts, development and preparation of site-
specific reclamation scenarios.

The possible generic character of the procedures and algorithms used has been examined, in particular through
site cross-validation approaches, in view of their applicability and reproducibility in Europe and other parts of
the world. Despite based only on six test site, this large diversity of results and approaches show that IS can
bring an invaluable contribution to very diverse environmental concerns, in a large variety of mining
environments and in different morpho-climatic contexts. This opens large encouraging perspectives in meeting
the ultimate objectives of the project described above, despite it is clear that this very innovative method still is
to be matured before reaching a real operational status (MINEO Consortium, 2003).

However, further developments were not concretely defined for a while (Chevrel, 2005), although projects
related to this subject were launched in 2010 in the EC funded FP7. This is the case of the Earth Observation
for Monitoring and Observing Environmental and Societal Impacts of Mineral Resources Exploration and
Exploitation (EO-MINERS). This project will, as the name suggests, use current knowledge and data, along with
existing and new technological and scientific EO-based methods and tools, including IS, to monitor mineral
resources exploration and mining from concept to closure and observe, monitor and provide information to
manage its impacts on the environment and society. Another project is the Impact Monitoring of Mineral
Resources Exploitation (ImpactMIN), aiming also to develop new methods and a toolset for impact monitoring
of mining operations using EO and in-situ data, it points towards a future wherein decision making is based on
coordinated, comprehensive and sustained EO and information, which is the main objective of the Global Earth
Observation System of Systems (GEOSS). ImpactMin will address the need of the provision of timely data and
products for policy makers, thereby harmonising observations, real- or near real-time monitoring, integration of
information from in situ and airborne and satellite observation through data assimilation and models.
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3.5.2 MINEO FOR THE S. DOMINGOS TEST SITE

The conceptual methodology of the MINEO project, as depicted in Figure 3.4, has been adapted to the S.
Domingos mining area, the Portuguese test site as representative of Southern European Environment, according
to the works proposed. The work developed in this test site is shown in Figure 3.5, where the relationship
among the data set is established, the type of software used and the outcome as well as a relative validation.

The results obtained in this test site are described more in detail in Quental et al. (2002; 2003); Batista et al.
(2003) and Tavares et al. (2008).

I’s worth noticing the development of a conceptual environmental model for this test site, the establishment of
subareas for detailed study, and the validation/demonstration of these subareas with contamination patterns
based on geochemical data and further modelling. Also the support that this provides to the works developed
on image processing.

Concretely, the area under study in the MINEO project comprises approximately 70 km? (Figure 3.6). Within
this area, six subareas (S. Domingos-SD, Tapada-TA, Achada do Gamo-AC, Telheiro-TE, Pomarao N-PN and
Pomarao S-PS) have been selected for data collection (soils, sediments, waste materials, waters and vegetation),

for correlation and validation of hyperspectral data (spectroradiometric measurements, geochemical analysis,
and parameters of environmental interest).

Previous knowledge based on the lithologic variability and aspects related to mining and vegetation (Table 3.1),
helped in the definition of these sub areas expecting to assess different levels of contamination.

" MSL + ENVI
Soils, waters and Soectroradiomet ENVIRONMENT
/VI Field mining materials pectroradiometry ENVIRONMENTAL

Geoc M ASSESSMENT ARCGIS

DATA \

Airborne \ \
(Sensor HyMap™) \

PRE-PROCESSING
CALIBRATION / GEOCODING

IMAGE PROCESSING

ENVI
ENVIRONMENT

| GEOSTATISTICS

v
Chemical pollutant
maps

SAM / MTMF SAM pH prediction Map
- - Ed
MINERALS SPECTRA Local field PP
(standard library) spectra /
I I
AMD Map Waste mining materials Map

(mineralogy)

\A /
LIDATION

Figure 3. 5 Workflow of the work developed in the framework of the MINEO project for the Portuguese test
site, the S. Domingos mining area. Upper right — indicates software environment.

The data collected during field surveys, and subsequent treatment and interpretation, confirmed the main focus
of pollutants as the S. Domingos open pit area and Achada do Gamo (sulphur factory), where the lowest pH
values were obtained, while Telheiro is contaminated by Acid Mine Drainage (AMD) derived from the
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S.Domingos open pit area upstream. The Pomarao Harbour is locally contaminated in the ore shipping area.
The Pomarao N and Tapada, the other two subtest areas, were validated as reference areas i.e.
uncontaminated.

This work allowed the conception of an environmental model for this mining area, which was fundamental in
the approach developed for Image Processing, either using field data (spectroradiometric measurements) either
for validation (geochemical and mineralogical data, and waste field mapping) of the image classification results

produced. Here are described the main steps and achievements of image processing, as it is subject to further
processing.
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Sensor: HyMap™
Data capture:
21/08/2000

a9

» Projection: UTM, Zone 29 N
Pixel: 4.1 Meters

Datum: WGS-84
Wavelength: 437-2485 nm

Figure 3. 6 Study area and sub test sampling areas, overlaid on HyMap™ mosaic. Details in Table 3.1.
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Table 3. |. Definition of subareas for validation. NC reports to “expected non-contaminated”, while C

corresponds to “expected contaminated”. Adapted from Quental et al. (2002b).

Itens

Geological Formations represented Pyrite

Sam.pllng Belt (PB) Flysch Group of Baixo Alentejo Dominant Vegetation Mining Infrastructures

Subareas points (FGBA) or absence thereof
Tapada-TA Volcano Sedimentary Complex (PB) . PFOXImI.t)’ of clean water

34 . . - Lavandula sampaiana reservoirs developed for
(NO) Phylite Quartzite Formation (PB) -

. Herbs mining works
Represa Formation (Changa Group)
S. Erica australis or
Domingos- 23 Slags, dumps andevalensis/ Cystus Exploitation area. open pit
SD () Volcano Sedimentary Complex (PB) ladanifer /Lavandula P » open p
sampaiana
Achada do Slags piles, heap dumps Cystus ladanifer, Erica
Gamo-AC 35 Mértola Formation (FGBA) australis and/or Sulphur factory rejects of
(@] Volcano Sedimentary Complex (PB) andevalensis processing
Phylite Quartzite Formation (PB) Herbs
Telheiro- Eucaliptus camaldulensis/ Confluence of mining
TE 39 Mértola Formation (FGBA) Genista pol?'anthus/ Erica effluents/ uncontaminated
© australis and/or waters, barren slopes due to
andevalensis /Herbs AD
PomaroN- Mértola Formation (FGBA) Cystus ladanifer E of railway for ore
PN (NC) 30 Volcano Sedimentary Complex (PB) Herb ¢ eati
Phylite Quartzite Formation (PB) erds ransportation
PomaraoS-
Volcano Sedimentary Complex (PB Rosmarinus officinallis .

PS (C) 18 Mértola Format?on (FC'?BA)( ) Herbs Harbor, shipment of the ore

3.5.2.1. IMAGING SPECTROSCOPY (IS) OBJECTIVE

The most important contribution expected from hyperspectral data at the S. Domingos test site will be to
detect evidence of superficial Acid Mine Drainage (AMD) (Chapter 2, Section 2.2.2 and 2.2.3). This can be done
using two different approaches concerning the imaged ground, one based on waste mining materials and other
based on AMD minerals:

I) WASTE MINING MATERIALS

Some waste mining materials when leached by rainwater and stream waters, can have high acid
generating potential due to sulphide oxidation and Fe hydrolysis, which increases dissolution and
mobility of the enclosed polluting elements (Zn, S, Pb, Sb, Cu, As, Hg and Cd). They constitute hot
spots for water, soil and plant contamination, being the present source of AMD. As described in
Section 3.4, materials from the mining waste are easily identified in the S. Domingos test site and
reflect complex chemical systems that can be seen far away from the primary source. Mapping these
materials using IS data can highlight the spread/dispersion of potential pollutants related to AMD
according to their acid generating potential.

i) AMD MINERALS
Traces of AMD can be detected through mineralogical data, where specific mineral assemblages define
different degrees of acidity, as already highlighted by previous studies with hyperspectral data (Swayze
et al.,, 1999). Fe-bearing minerals such as copiapite, jarosite, hematite and goethite reflect haloes with
different degrees of AMD. Some clay minerals also indicate AMD under certain conditions. Mapping
these specific minerals will be indicative of the contamination potential related to AMD.

Buffering minerals such as carbonates and silicates, with large surface areas and permanent charges such as
smectites, have a very small expression on this test site.
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The two potential contributions from hyperspectral data in this test site for AD detection will only be able to
give the dispersion of the superficial AMD. However, for a reliable environmental assessment, the interface with
other relevant data in a GIS is required, thus allowing a global understanding of the problem. After superficial
contamination mapping based on IS processing, GIS tools can highlight the pollutant dissemination pathways,
inducing soils and water contamination, and define their direction and extension. This can be achieved based on
drainage system and topography data.

DATA ACQUISITION SURVEY

The HyMap™ sensor owned by Hyvista Corporation (HVC), covers the spectral range 450 to 2500 nm, with a
spectral bandwidth varying between 10-20 nm and with a signal to noise ratio bigger than 500/1 (Cocks et al.,
1998). Further details are given in Table 3.4. This sensor, operated by HVC, covered the S. Domingos area
using an aircraft Dornier 228, on 21* of August 2000. The Deutsches Zentrum fiir Luft und Raumfahrt (DLR)
were responsible for the aircraft operations as well as acquisition of aerial photography with a Zeiss-RMK A
15/23 camera. The ground instantaneous field of view (GIFOV) is 4.3 m. Average altitude was 2280 m and
average velocity was 277 km/h.

The area covered 726 km? corresponding to || fligthlines, with 126 bands, from which 8 have been partially
selected (11, 10, 9, 8, 7, 6, 5, and 4) for detailed study. 397 aerial photos were acquired for generation of a
Digital Terrain Model, performed by British geological Survey (BGS).

The HyMap sensor started at 12h 37m (GMT time) and the last fligthline used in the mosaic started at 14h30m
(GMT time).

The data set was provided on radiance by HVC, and also calibrated to reflectance. The reflectance fligthlines
were geocoded in UTM, WGS84 datum using DGPS data flight. An overview of the area of interest is given by
the mosaiced fligthlines in Figure 3.6.

DATA QUALITY

The delivered data set presented some anomalies related to negative and saturated numbers on radiance data,
which lead the contractor HVC to reprocess the data at IGM’s request. The reprocessed data was delivered at
the end of June 2001, with additional reflectance data and geocorrection files. According to the explanatory
report provided by HVC, the radiance data negative numbers from S. Domingos images could arise due to the
following 3 factors:

I.  Dark current correction: result in small radiometry errors when dark current correction is applied to
the data. This error is likely to be small but could lead to some additional negativity;

Il. Saturation of the detectors - if the detectors are subjected to high levels of radiation, large negative
values result after dark current correction;

lll. Warming of the detectors - detector arrays for IR modules are cooled by liquid nitrogen. If the
operator misjudges the timing in terms of refilling the liquid nitrogen, errors in dark current could
occur and there can be a rapid and non-uniform increase in the dark current. The onset of this
detector warming is rapid and slightly unpredictable.

Further statistical analysis undertaken by the Portuguese team discriminated which of the four detectors were
affected by either saturated or negative numbers which lead to the following conclusions:
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NEGATIVE PIXELS

Negative pixels are distributed with major importance in atmospheric bands (i.e. near strong water vapor
absorption bands). However, fligthlines 7, 9 and || present negative data along the whole VIS and part of the
NIR region, maybe due to changes in detectors cooling conditions and influence of flight direction illumination.
Globally negative pixels occurrence is less than 1% for each total image, except in band 6, where it reaches
1.55% of total image pixels.

SATURATED PIXELS

All fligthlines but one have saturated pixels, being 7, 9 and || the ones with highest number of saturated pixels,
but less than 0.004% of total image. These pixels are mainly distributed in SWIRI and SWIR2 spectral regions,
however, for fligthlines 7, 9 and |1 is increased the saturated data along the whole VIS and part of the NIR
region, again, maybe due to variation of detectors temperature conditions and due to the influence of flight
direction.

The occurrence of anomalous pixels is more relevant along water bodies, probably due to specular reflectance,
and on the top of buildings. To reduce the effect of anomalous pixels, spectral atmospheric bands where
removed from each image, and spatial masks for water bodies where applied to the whole image datasets. Some
problems were reported with non-refill of liquid nitrogen in the explanatory HVC report (Quental et al,
2002a), and the quality reported led to exclude fligthline 6 due to a problem of the sensor. From all the
fligthlines, fligthline 8 where is located the former sulphur factory, does present neither negative numbers
outside the water vapour bands, nor saturated pixels but to the strong water vapour bands seems to have the
most balanced data. In opposition, fligthline 10 including the open pit presents high values of saturated data, as
well as negative numbers, that is also related to the water bodies present on this area.

Field spectroscopy data, to validate the airborne IS and to obtain the signature of the relevant materials in
order to fill the Mineo Spectral Library were undertaken with three spectrometers, a PIMA II, a GER MARK V
and an ASD FIELDSPEC (Table 3.2). The PIMA II, collected by BRGM staff, as it uses only SWIR, has not been
used for further processing concerning airborne IS data. From the other two, collected by the BGR team, ASD
FieldSpec (Figure 2.1.4) collected the most reliable signatures. This portable system works in the spectral range
350-2500 nm, with three detectors, VNIR 350-1050 nm, SWIRI 1000-1800 nm and SWIR2 1800-2500 nm. It
acquires reflectance, radiance or irradiance spectra in 100 milliseconds, with less than 10 nm spectral
resolution. Examples of mining waste targets are depicted in Figure 3.7.

Dataset has been collected mostly in reflectance mode, but radiance has also been obtained in some of the
targets. Unfortunately due to very high temperatures and pavement conditions at the time of data capture, the
most relevant spectra related to AMD have not been obtained in radiance mode.

Table 3. 2 Field spectrometers used in S.Domingos in the MINEO framework.

TARGETS g . .
YEAR SPECTRO- NUMBER OF | S-soils, V-vegetation, R- T’:RaEdAas A(cF-;I.gXEEaZ:)&osg;::i:n}lg.g?:ihﬁ;
(August) RADIOMETERS SPECTRA rock, W-mining waste, paca, ~ < ’
C-calibration PN-Pomarao N, PS-Pomario S, O-other
2000 GER MARK V 60 SV,RW,C SD, TA, AG, O
2000 PIMA I 300 S,R SD, TA, AG, TE, PN, PS
2001 ASD FieldSpec 200 S,V,RRW SD, AG, TE, PN, PS, O
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Figure 3. 7 Waste mining materials targets measured by ASD FieldSpec, at Achada do Gamo (AC, 203) and S.
Domingos (SD, 225).

DATA PROCESSING

As mentioned previously, the data set was provided on radiance by HVC, and also calibrated to reflectance
using HyCorr software, which is a modified version of the ATmospheric REMoval (ATREM) (Gao et al,, 1999)
and with an Empirical Flat Field Optimal Reflectance TransformationTM (EFFORT) polishment implemented on
ENVI software (Chapter 4). The ATREM algorithm is an operational code for retrieving "scaled surface
reflectance" from spectral imaging data collected by hyperspectral sensors, using image data. These two
software, HyCorr and ATREM, seem to produce similar results according to the work performed by GBA
MINEO partner (Groesel et al., 2002), who applied both to the Alpine Europe environment test site.
Afterwards, HVC executed an Empirical Flat Field Optimal Reflectance Transformation™ (EFFORT) program.
This program determines and applies mild adjustments to ATREM (in this case to HyCorr) apparent reflectance
data so the spectra appear more like spectra of real materials, and improving the accuracy of the apparent
reflectance without field measurements (ITT, 2010).

As illumination variations remain evident across the fligthlines of reflectance data, additional corrections have
been performed, before mosaicking. To all the fligthlines concerning the data selected for the MINEO project, a
Cross-Track lllumination Correction, available in the ENVI software, was performed to remove these
variations. Along-track mean values are calculated and a polynomial function, in this case of order I, is fitted to
the means. The reflectance data is divided by the fitted polynomial, removing the most striking illumination
variations. An example can be seen in Figure 3.8, where on the left side image there is no illumination
correction, while on the right image the reflectance data has been divided by a fitted polynomial similar
homogenising the fligthline. The Figure 3.8 also shows the geometric correction. In fact, the geometric
correction has been done using additional data that reconstructs the scanning geometry of each image pixel
using information from the sensor geometry and aircraft attitude (Differential GPS data flight), provided by
HVC. These data are Input Geometry Map file (IGM) and Geographic Look Up Table file (GLT) generated on
ENVI software.

The IGM file contains map information stored in two bands, one for X coordinates (e.g., latitude or easting) and
one for Y coordinates (e.g., longitude or northing). This file itself is not geocorrected, but does contain the
geolocation information for each original raw pixel. The IGM file is used to create a Geographic Look-up Table
(GLT) file that contains the information about which original pixel occupies which output pixel in the final
product and can geocorrect any band or derived product through a simple lookup table procedure. Each
fligthline of hyperspectral reflectance data set has been geocoded, using GLT files, into rotated UTM system,
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datum WGS84, Zone 29N, reducing or eliminating significant distortions related to flight disturbances (Figure
3.8). Geocoded fligthlines from 04 to || were mosaiced (Figure 3.6), resulting in a pixel size of 4.Im.

The identification of the surface environmental impact was done using image processing techniques mainly
based on algorithms such as Spectral Angle Mapper (SAM)(Chapter 2, Section 2.1.4). The contamination
algorithms obtained used reference spectra from field measurements and standard libraries in two different
types of approaches: waste mining material and mineralogical, both taking into account the acid generating
potential of the features mapped (Quental et al., 2002a; b, 2003a;b, Appendix ).

Cross Track lllumination C: ion (Samples)
T T T T

100 -200 300 400 SN; > 4 >
Samples oy = i . N S
Figure 3. 8 Example of the effects of fitted polynomial on Cross-Track illumination Correction and also of

geometric correction in the image.

ACID MINE DRAINAGE WASTE MATERIAL

According to the preliminary data set analysis, statistical, spatial and spectrally, a few steps were performed,
before proceeding with contamination mapping itself:

. Exclusion of some bands related to noisy signatures e.g. |, 126, and to strong water vapour
absorption bands, others that still have a high number of negative pixels and effects that still
seem related to water vapour bands. Therefore, the data set selected for subsequent treatment
corresponds to | 14 bands (2-61, 67-91 and 97-125)

Il. Masks on water bodies have been applied due to some anomalies observed (Section 3.2)

lll. A vegetation index, where the image data set is transformed into a single band that shows the
vegetation distribution, has been applied. The standard algorithm Normalised Difference
Vegetation Index (NDVI, ENVI, 1999) was the one used, and very clear and fresh vegetation
areas have been masked applying a threshold to the vegetation image

The decision to use both VNIR and SWIR bands is due to the fact that the waste mining materials show spectral
signatures of interest that cover all this range or they are excessively flat to select a specific range.

The procedures developed for AMD waste material contamination mapping are summarized as follows:
. Analysis based solely on image information using spectral algorithms
[l.  Selection of target area based on expert information
M. Using field data for classification
V. Enhancement of classified image

These procedures and their relationship are specified in the flow diagram of Figure 3.9.
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The part ) of the procedure analyses the image taking into account information solely based on image data,
using automatic standard procedures (MNF, PPI). This is essentially a top-down approach (Chapter 5, Section
5.1) The endmembers retrieved on this analysis corresponds to n=48 and are considered as reference spectra
for the next step, using the SAM classifier to match the spectra in the image.

Part 1) of the analysis of SAM results shows that several classified areas are known to be non-contaminated or
even affected by mining works. To facilitate the next processing steps, minimize the data set size and
concentrate in the area of interest, the HyMap data set | has been masked (subset) of these classified areas,
leading to HyMap data set 2.

Although not depicted in Figure 3.9, another mapping algorithm as been tested: Matched Tunned Matched
Filtering (MTMF, chapter 2, Section 2.1.4). However, this classification method gives obscure results, probably
due to incomplete removal of illumination effects.

Part Ill) is involved a careful observation and analysis of spectroradiometric field signatures. Based on this
observation, some spectra were selected (Figure 3.10) which takes into account ancillary data (geochemical or
mineralogical) when it exists. Even if some signatures are similar they have been also included, due to their
importance and for eventual merging at the end. Others are not shown, once they are clipped at the final
classification.

HyMap™ data set 1 Y »| HyMap™ data set 2
v
Minimum Noise Fraction (MNF)
Pixel Purity Index (PPI) Subset of the
h 4 initial data set A 4
Endmembers A Field spectra
A 4 \ 4
Spectral Angle Mapper (SAM) Spectral Angle Mapper (SAM)
h 4 h 4
Classified N Areas completely Classified image
image excluded of previously v
known contamination or i
afeced by miing works | | Analyss of each cass: specrl
spatial and statistical g€ sp

Supervised classification
Mahalanobis Distance algorithm
h 4

Validation by waste field map, AMD WASTE MINING
geochemical and mineralogical MATERIAL I:I RESULT

Expert information

Ground data

\ 4 I:I Image and field information

A 4

Figure 3. 9 Flowchart of the Imaging Spectroscopy processing on reflectance data developed in the S. Domingos
former mining area (adapted from Quental et al., 2002a).

The maps obtained by Quental and Brito (2002) are displayed in Appendix Il, a and b. The results are split into
two maps, avoiding fligthline 6 which has been masked, showing detail over some of the subset areas.

The extension of AMD waste material was achieved using local field spectra signatures as reference spectra.
The developed methodology can be synthesized as using mainly the combination of two classification
algorithms. The SAM algorithm was followed by the application of supervised Mahalanobis distance algorithm,
to avoid class mismatch in cases where spectra of materials present clusters with some differences not
distinguishable by the former.
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Some extra experiments were performed using MTMF algorithm, however final results were not satisfactory.
Therefore, SAM arises as more robust algorithm for classifying images that present illumination effects, showing
however some limitations by different spectra that cannot be distinguished.

The use of field spectra signatures together with image spectra allowed the accurate identification of type and
extension of the following mining materials over the study area: Mixed sulphur materials, Metallurgical slag and
leached rock, Fine material associated to metallurgical slag, Yellowish ferricrete, Reddish ferricrete, Whitish leached rock,
Red rock dump, Contaminated soils and sediments, Contaminated soils with shale fragments and Mixed leached
fragment rocks.

Although they generally represent materials with significant content of pollutants such as S, Zn, Pb, Sb, Cu, As,
Hg and Cd, the first five classes correspond to the highest contents registered in local chemical samples,
associated to high acidic potential. Therefore, they are crucial in detecting main dispersion of pollutants, and
highlight the potentialities of imaging sensors for discriminate chemical differences in imaged ground surface.

Taking into account the validation issues related to Imaging Spectroscopy analysis (Chapter 2, section 2.1.4) a
partial validation of output results was obtained by comparing different data source. In general, the field spectra
and spectra of classified image match well (Figure 3.10).

An evaluation of post-classification results and comparison of relative distribution of spectral data from thematic
classes per band, a statistical parameter coefficient of variation (CV) was calculated for each class according to
the formula:

cv=-2" Eq. 3.1
aver

where © -standard deviation and aver-average of data distribution

Generally, a value of CV<I| means: distribution has low data variability and probably absence of anomalous data;
I<CV>| existence of variability on data distribution; CV>2 high data variability, presence of outliers. The
results obtained for IS classification are illustrated in Figure 3.1 1 (Quental et al., 2003a).

In average, class material types present a CV around 0.3 (0.29), much lower than I, which implies that the
classified features are represented by homogeneous pixel spectral values, with low variability and probably
without anomalous spectral data. The highest CV values (around 0.6) reports to the class Fine material associated
to metallurgical class, however still lower than |, meaning that statistically the spectral data present for this class
is acceptable as a low variability one and, probably, without outlier spectral value.

Woaste material field mapping was also compared with other field data results of mineralogy and geochemistry,
when available, showing coherent results (Table 3.3).

ACID MINE DRAINAGE MINERAL MAPPING

The extension of AMD minerals was achieved using the standard laboratory measurements of USGS spectral
libraries included in ENVI software. This work was performed by BRGM (Quental et al.2002a). It's worth
noticing that the original Hymap™ mosaick used was different than the one for waste mining material mapping,
i.e. there was no illumination correction before thematic processing.

Based on Mixture Tuned Map Filtering (MTMF) and Spectral Angle Mapper (SAM) algorithms it was possible to
delineate the spatial location of soils containing copiapite, jarosite, goethite, hematite and alunite. Both
algorithms were used separately and then intersected. Characterizing and mapping jarosite and alunite thus
enables to retrieve areas exhibiting pyrite, secondary salts (sulphates) deposition and efflorescent crusts which
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Figure 3. |1 Coefficient of variation per class of WASTE MINING MATERIAL MAP.

Table 3. 3 Main characteristics and comparison of the WASTE MINING MATERIALS map with other field data.

CLASSIFI- Main characteristics Main field waste ma Mineralogical results Classified areas
CATION *validated by partial field it P e Diﬁmﬂof (soil clay fraction | (:172:776:4 of
RESULTS checking 4 4 7,446,191.2m?)
and salts)
Mixed High acidic potential, Sulphidic ore, tailings Jarosite, goethite, mixture of
ol systematlsally map (including black mud), mcomplex hydrated sulphates of 83.243.116
materials surrounding tailings ponds dump leach piles Pb, Cu, Zn, K, Al, As, Fe and Ca, (3.83%)
and dams, highligths other metallureical sla i mixtures of copiapite and rumerite ’
unknown areas g J (vestigial)
Metallurgical slags (high
Metallursical acidic potential) and leached Metallurgical slag, Dump
sla andg rocks, the 2" most leach piles and Complex mixtures 570,027.072
Ieaihed rock important cover bleached and leached P (26.23%)
(Mahalanobis alg. not yet bedrock
included for separation
Fine material Essentially related to Metallurgical sla
associated to metallurgical slag, 8 8 . 19,818.989
. . . bleached and leached Complex mixtures o
metallurgical surrounding or overlaying (0.91%)
bedrock
slag some piles of these materials
L . Tailings (including black
Yellowish Significant spread in the area, "4 10 feach piles, . . 246,955.698
ferricrete particularly associated to leached and bleached Goethite, heamatite (11.37%)
areas affected by AMD rocks ’
Reddish Gossanous materials around Gossa.nous rOCkf . . 44,176.678
) . goethite/heamatite Heamatite, goethite o
ferricrete open pit and other areas bodies (2.03%)
Mixed Heterogeneous materials of
leached 3 . Dump leach piles, . L 159,459.652
several grain sizes and . lllite, kaolinite, quartzo o
fragment Metallurgical slag (6.76%)
rocks colours
Whitish Variation from previous, Bleached and leached lllite, jarosite, interstratified 146.784.913
leached rock mostly located at higher bedrock, Dump leach vermiculite-smectite, goethite, © 2’37)'
altitude. piles quartz o
Red rock Particularly distributed Gossanaus rock, . : 5,059.810
. undifferentiated waste Hematite, goethite o
dump around open pit area (7.35%)
rocks
Spread over the area, White to yellow
Contarnlna- including the V|Il‘age and part sedlmgﬁtary (jleposms, Kaolinite, illite, jarosite, 876.322.067
ted soils and of dump leach piles, Kaolinitic schist, Dump ) ) - o
. . - L natrojarosite, sulphur (vestigial) (40.33%)
sediments correspond to contaminated  leach piles, kaolinitic
field spectra signature schist
Contamina- A variation from the
ted soils with | previous, with a more Bleached and leached lllite. kaolinite. quartz. iarosite 20,928.449
shale heterogeneous grain size and  rocks, Dump leach piles ’ » 4 g (0.96%)
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Validation of classification results with AD field mapping and mineralogical field result concluded that
mineralogical content of materials can be mapped using IS sensors together with standard libraries.

LESSONS LEARNT

Globally, both mapping results obtained either in AMD waste material or in AMD minerals were able to detect
mineralogical/chemical characteristics of imaged ground data, validated by field data. IS sensors appear as
potential tool when applied to mining environments for environmental assessment. Observations derived during
image processing highlight some decisions concerning future work, either concerning field spectra collection
either image processing.

The data treatment of hyperspectral images, in spite of several time consuming procedures related to data
quality analysis and taking into account that corrections done were not the initial envisaged, has shown high
potentialities for remotely assessing mining related environment.

The mapping of waste mining materials and related contamination patterns of the area highlighted the high
discrimination level by IS sensors of these materials, which had shown other differentiation that could also be
depicted in the field and contributed to detailed field cartography (Matos et al., 2006).

Concerning AMD detection the MINEO project raised also some questions related to different climatic
conditions and the characteristics of waste mining materials under evolution. The case study of the S. Domingos
test site, showed some particularities when compared to the other MINEO European environments. This was
translated by a very low vegetation density and a climate that highly controls the mineral formation and
mobilization of metals related to waste mining materials, due to the high solubility of many of the efflorescent
sulphate minerals. Hence, there is a very complex geochemical dynamic that develops equally complex mineral
mixtures in materials with high variability concerning colour, granulometry, rate of weathering and water
content. These complex mixtures, even if processed with mixed pixel analysis, e.g. spectral mixture analysis or
unmixing, usually contain minerals that are not present in standard spectral libraries.

The fact that different types of atmospheric correction were foreseen and not undertaken is still an issue to
compare and test the implications on mapping results when focused on AMD indicators.

3.6. UPDATE OF IMAGING SPECTROSCOPY DATA: THE HYPMINGEO PROJECT

The European Fleet of Airborne Research (EUFAR) is an Integrating Activity of several Framework Programs of
the European Commission. Particularly in the 6™ FP, as an Integrated Infrastructure Initiative, EUFAR brought
together 24 leading European institutions and companies involved in airborne research, as well as more than
30 instrumented aircraft. Within this framework a project was submitted to acquire IS data over S. Domingos
test site denominated Hyperspectral images applied to environmental monitoring of mining areas, optimised
using geostatistics (HYPMINGEO). However, although approved, the final flight was supported by the National
Environment Research Council (NERC)/British Geological Survey (BGS), with EUFAR funding for the field
campaign.

The aim of the HYPMINGEO research was to monitor the S. Domingos area with respect to contamination
patterns derived from waste mining materials and related Acid Mine Drainage (AMD) based on hyperspectral
imagery and spectroradiometric field measurements. More specifically the objectives were:

I.  The acquisition of a new hyperspectral dataset seven years later using an IS sensor similar to the
one used over the S. Domingos test site in 2000 (HyMap™) to allow the definition of
evolutionary patterns for contamination through multitemporal analysis,
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Il. An optimization of pre-processing steps was expected using geostatistical methods, and

lll.  To test the utility of a new, lower cost hyperspectral sensor in comparison to the established
benchmark of HyMap™.

DATA ACQUISITION SURVEY

The airborne dataset capture took place over the S. Domingos area, with a SPECIM EAGLE-HAWK IS sensor
on 21* of May 2007. The dataset were collected by the National Environment Research Council (NERC)/ARSF
(Airborne Research and Survey Facility) on behalf of the British Geological Survey (BGS) using a Dornier 228
aircraft. Simultaneously, a field campaign took place for Global Positioning System (GPS) precision
measurements and field spectral measurements for ground reference data.

The average height of data capture was 1690 m, with no clouds and clear conditions and average velocity of
267kmh".

Composed of two sensors EAGLE and HAWK, the SPECIM EAGLE-HAWK instruments have the
characteristics depicted in Table 3.4. SPECIM also offers a dual sensor system that would allow data acquisition
in 393-2451 nm spectral range. This is achieved by putting Hawk and Eagle sensor head side-by-side to
simultaneously collect data.

Table 3. 4 Characteristics of SPECIM EAGLE - HAWK sensors compared to HyMap™.

™ i
SPECIM EAGLE HAWK (as collected in 2007) HYMAPT (as collected in 2000)
o . . generic for sensor characteristics
generic for sensor characteristics

VNIR (393-988nm) | SWIR (962-2451nm) VNIR-SWIR (437-2485nm)
»  IFOV —0.075 degrees = IFOV —0.075 degrees ) 't'fc\lf - 2.5 mr along track, 2.0 mr across
. FQV —34.69 degrees (953 =  FOV -23.78 degrees (320 pixels) | _ FOV - 61.3 degrees (512 pixels)

pixels) * GIFOV-2m =  GIFOV - 3 - |0 m (typical operational
=  GIFOV -2m = Swath width - 0.43*altitude range) — 4.3m in this case
[ ] i - n k] N

Swath width SNR 800: I* (peak) = Swadth 2.3 km at 5 m IFOV (along track)

0.43*altitude = |4 bits (per pixel?) SNR 500: | *
= SNR 450:1* (peak) = Spectral resolution—8.5nm o .

. . . I 1-?bits per pixel

. 12 bits (per pixel?) = 237 bands .

S ) = Spectral resolution —18nm (average)
. pectral resolution—2.9nm
= 252 bands

489 bands 126 bands
PUSHBROOM WHISKBROOM

The fligthlines collected were more extensive than the area used for image processing (Figure 3.14) and were
delivered in radiance data from level IB to 3A (geocoded as individual fligthlines) on June 2009. According to
remote sensing conventions, level 1B is data where the platform/sensor exterior orientation is enhanced using
GPS base station information, allowing for a full radiometric, atmospheric and atmospheric correction. In level
3A the fligthlines are ortho-rectified, with the position accuracy generally matches the spatial resolution of the
original data.

The total number of fligthlines is different for both sensors, being of 13 for EAGLE and one less due to a failure
of the HAWK sensor (Figure 3.12). The pixel size is 2 m.

The objectives of the field campaign were:
. To set up a GPS base station for accurate post-processing positions in the field during data
capture
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II. To collect spectral reference data a) on calibration targets and b) on selected potential
contaminated materials related to AMD and also collect samples for further analysis (X-Ray
Diffraction, geochemical, etc).

Figure 3. 12 Area of SPECIM EAGLE-HAWK data capture encompassing the S. Domingos study area. The
mosaic is overlaid by ancillary topographic layers.

The FieldSpec®3, the spectroradiometer from the Analytical Spectronic Devices, Inc. (ASD), has a spectral
range from 350 — 2500 nm, a variable spectral resolution (3 nm @ 700 nm; 10 nm @ 1400/ 2100 nm), a
sampling interval from 1.4 nm to 2 nm, and a scanning time of 100 milliseconds. The data was collected in
reflectance mode. Five measurements were undertaken at each sampling point and averaged. Further details
about equipment and field team are given in Quental et al. (2011).

The targets for reference data acquisition are depicted in Figure 3.13. The reflectance spectral measurements
were mainly focused on calibration targets during the overflight. From these, the majority was on the whitish
target, one of the playing fields covered with artificial pavement, in S. Domingos village, due to higher variation
and fewer nearby, more homogeneous, on the dark target made of plastic. Targets were selected previously
taking into account calibration issues and unchanged areas for assessment of the 2000 HyMap™ spectral data to
minimize errors.
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Climatic conditions on the day of the flight were very windy, which made it difficult to set up the base station
for the GPS measurements and complicated some spectral measurements in more exposed areas. This
condition eliminated also one of the dark target possibilities, a clean water dam due to intensive rippling in this
area.
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Figure 3. 13 Reference targets measyured by ASDFieldSpec3, owned and operated by ISA. Playing field as a
whitish target n=127 and black plastic target n= 25.

Other measurements were mainly concentrated on waste mining materials based on previous spectral
knowledge of the area that highlighted areas of acid generating potential, e.g. SD, AG and TE (Figure 3.6). In the
Pomarao harbour, the ground had been recently covered with new mining waste material in March 2007,
therefore significantly varying the conditions in relation to the 2000 scenario.

DATA QUALITY

Following information related to the pre-processing before data delivery, the ARSF flying was not sequential to
cover the core area of interest. All flightlines have needed changes to the scan time, and independently, the scan
attitude time, and height variations to get the correct flightline width, with some residual errors being reduced
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by changes to the instrument view vectors (roll, pitch, heading) as required. Every flightline of EAGLE and
HAWK have required as many as 20 iterations to best match to each other and the vector overlays. There are
still some discrepancies due to what appears to be an accumulating time error along flightlines. All these
procedures were time consuming.

The basic statistics for the radiance (3A level) mosaick show no negative numbers in radiance dataset. A few
saturated numbers occurs. As aforementioned there is one less fligthline of HAWK sensor. This is due to a
failure of this sensor that was not reflown. The latter presents also a few gaps in the data depicted in Figure
3.14. In this, a general overview of the mosaiced area, on the left image for radiance EAGLE data, while the right
image the missing data of the HAWK sensor in displayed in red. Part of this can be explained by lost pixels due
to saturation or specular reflectance.

Other gaps can be explained by the different swath width of both sensors as depicted in Figure 3.15 for an
individual fligthline. When mosaicking, part of the geocoded fligthlines can gather only the EAGLE data, i.e. only
the dark areas, therefore leaving a no data area for HAWK. From these no data areas, one encompasses the
playing field where the field spectroradiometric measurements for ground reference data were undertaken
(Figure 3.15). Thus, in the range 962-2451nm the reference ground measurements reports to a very small area
derived from the next fligthline.

Typical of pushbroom scanners is a variation across the elements of the detector array (Chapter 2, Section
2.1.3), which frequently results in a strong stripping along flight lines (Larsen, 1997). This is clearly detected
when moving to higher numbers of MNF factors as depicted in Figure 3.16. In fact, the MNF factors can easily
depict the spatial patterns delineated by stripping, whether across or along fligthline direction.

This stripping along swath is more evidenced in HAWK sensor, although a smooth stripping is also detected in
EAGLE sensor. In the latter is also seen stripping across swath. Again, they are more evidenced when analysing
MNF factors.

The Signal to Noise Ratio (SNR) is considered generically as depicted in Table 3.4 and has not been specifically
calculated for these images, bearing in mind some of the constraints that can arrive for its estimation.
Specifically, that the noise estimate varies with individual and land cover type and that a single estimate of noise
(or SNR) from a single land cover type is insufficient to represent a remotely sensed image (Atkinson et al.,
2005; Asmat et al., 2010).
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Figure 3. 14 Comparison of missing data on HAWK sensor, red on rigth, with the EAGLE on the left image for
the same spatial area and displayed in RGB: 671, 550 and 490 nm.



3. THE S. DOMINGOS MINE AREA TEST SITE | 62

120
HHIm

ax EAGLE 09
3A

Figure 3. I5 Different swath width for EAGLE and HAWK sensors determines exclusion of the most of the red
calibration target when mosaicking fligthlines.

HAWK 9A

T N MNF 21
e 34 ol
Figure 3. 16 Left-radiance of HAWK fligthline 09 and right-equivalent Minim
stripping effect due to pushbroom scanning system.

HAWK 9A

ek

um Noise Fraction. Evidence of

3.7. CONCLUSIONS

The S. Domingos area is enclosed within the Iberian Pyrite Belt, wich constitutes one of the most important
metallogenic provinces for Volcanogenic Massive Sulphide deposits. The mining history dates back from pre-
roman and roman times, where Ag, Cu and Au were exploited mainly in the gossan resulting from the oxidation
of the sulphide mass. The modern exploitation started in the XIX century, both in the gossan and massive
sulphide orebody that besides Cu also contained some Zn and Pb, and ended in 1966. The type of exploitation
and processing, main products and by-products has been variable during overall mining activity.

Related environmental problems, part of which derived from a different or inexistent environmental concern at
the time, can be sinthetised as: I) waste mining material and associated contamination, Il) acid waters and
dispersion of elements, and lll) landscape disruption.
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The way to environmentally assess this area has been undertken testing the use of hyperspectral or imaging
spectroscopy (IS) data, in the framework of the MINEO project. The IS airborne and ground spectral data
gathered allowed the mapping of waste mining materials. The latter highligthed the areas where the Acid Mine
Drainage (AMD) could be developed due to the acid generating potential of specific waste mining materials and
related contamination patterns. Another way to detect the AMD was achieved using USGS mineralogical
standard spectral libraries. Both mapping results were able to detect chemical/mineralogical characteristics of
imaged ground data. A relative validation, following related issues described in Chapter 2, with ancillary data
was obtained. Hence, IS appear as a powerful tool to be applied in mining environments.

Concerning AMD detection in S. Domingos some questions were raised related to different climatic conditions
and the characteristics of waste mining materials under evolution. This area has a very low vegetation density
and a climate type that highly controls the mineral formation and mobilization of metals related to waste mining
materials, due to the high solubility of many of the efflorescent sulfate minerals. Hence, there is a very complex
geochemical dynamics that develops equally complex mineral mixtures in materials with high variability
concerning colour, granulometry, rate of weathering and water content. These complex mixtures contain
minerals that are not present in standard spectral libraries. Another point to stress is that the different types of
atmospheric correction foreseen and not undertaken is still an issue to compare and test the implications on
mapping results when focused on AMD indicators.

The upadte of IS data, in the framework of HYPMINGEO project, occurred seven years appart from MINEO
(2000) and with different IS sensors. Among others, the main purpose was to detect the evolutionary trends
related to AMD dispersion. By this way, it can be demonstrated the IS capabilities for mining related monitoring
purposes. The simultaneously spectral data measurements that occurred for ground data calibration were not
completely successful when translated to the airborne IS data. The different swath width of both sensors
excluded one of the ground reference calibration data in the range 962-2451nm. A few other gaps occur in this
range, including a fligthline in the middlle of the study area, which encloses part of the contaminated areas of
AG and TE. Stripping effects along the swath are more visible in noisy bands of MNF factors and in the 962-
245 Inm wavelength.

Globally, the preliminary assessment of data quality is good concerning saturated and negative pixels the data.
These IS sensors will then be tested to demonstrate the routine application of IS based tools as key data for
change detection over time.






4. PRE-PROCESSING AND ATMOSPHERIC CORRECTIONS

4.0 INTRODUCTION

This chapter addresses the pre-processing procedures, particularly the atmospheric correction / calibration in
Imaging Spectroscopy (IS) and the related factors. An overview of the approaches to deal with image
calibration/atmospheric corrections is given.

For the two IS data sets collected in the S. Domingos area, i.e. the H)'MAPTM and SPECIM EAGLE-HAWK, the
pre-processing procedures are referred. Both are atmospherically corrected using a radiative transfer
modelling, comparing in the case of HyMAP™ two different types of software as well as post atmospheric

corrections.

For a comprehensive understanding of the implications of the corrections performed, a few experiments were
undertaken in different reflectance products concerning the AMD detection and mapping. This took into
account the multi-source mapping approach developed in Chapter 5.

The evaluation of different options while modelling the IS data and results obtained were statistically compared
through average spectral values.

The results obtained were compared in multi-temporal / multi-sensor global image mosaics and also in detailed
local targets, both for atmospheric corrections (HyMAP™) and for change detection (HyMAP™ and SPECIM
EAGLE-HAWK).

The data set were processed in ENVI from ITT Visual Solutions (ITT, 2010).

4.1 FACTORS RELATED TO ATMOSPHERE CONTROLLING SPECTRAL SIGNAL
RESPONSE

Due to the thick atmospheric media, there is significant attenuation along the sun—surface—sensor pathway.
Thus, the “true” spectral response of the surface target is heavily “contaminated” by atmospheric and solar
signals, as well as by other factors including sub-pixel mixture, sensor geometry and optics, adjacency and
topographic effects (Ben-Dor et al., 2004).

The atmosphere can have a significant effect on, among other things, the intensity and spectral composition of
radiation available to any sensing system. These effects are caused mainly through the mechanism of
atmospheric scattering and absorption (Lillesand et al., 2004; Gao et al., 2009; Short, 2009).
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The components on the system sun-surface sensor are depicted in Figure 4.1 for the solar region, i.e. in the
350-2500 nm. The total radiation signal L received at the sensor consists of three components (Richter, 2010):

. Path radiance, LI, i.e. the photons scattered into the sensor’s field of view, without having ground
contact.

Il. Reflected radiation, L2, from a target, and directly or diffusely transmitted (global flux) to the
sensor

1. Reflected radiation from the neighbourhood, L3, scattered by the air volume into the current
instantaneous direction, the adjacency radiance. This consists of two components (atmospheric
backscattering and volume scattering)

Only component 2 contains information from the currently viewed pixel. The task of atmospheric correction is
the calculation and removal of components | and 3 and the retrieval of ground reflectance from component 2.

L=cy+c DN ‘
SENSOR |
L Ly Ls
A A
TARGET

Figure 4.1 Interaction between atmosphere and target in the signal received at sensor (adapted from Richter,
2010).

This, for the simplest case, is where a flat terrain is considered, therefore excluding the role of other factors
such as topography, opposing facing hills that reflect radiation to the target pixel. Other factors depend if the
media is ground or water; the latter having a few other specificities such as Fresnel reflections off the water
surface (Mustard et al., 2001).

In S. Domingos, due to low altitude variations within the study area, i.e. ranging mostly in the 100-150 m
interval, the topography factor is neglected (Figure 3.1, Chapter 3).

It is usually considered in the current atmospheric corrections programs that the target to analyze has a
Lambertian reflectance, i.e. a perfectly diffusing surface where the brightness of a point is independent of the
viewer direction. In fact, the reflectance of real surfaces is represented in function of illumination geometry and
viewing angle [through Bidirectional Reflectance Distribution Function (BRDF)]. Further details about BRDF as
well as definitions of reflectance are detailed in Schaepman-Strub et al. (2006). A Lambertian reflectance of the
target is adopted because real data typically don’t have enough information to make a topographic correction.
The final result of the atmospheric correction is called “scaled surface reflectance” or “apparent reflectance”,
which can be converted to surface reflectance if the surface topography is known (Kruse, 2004).

The particular wavelengths (or frequencies) detectable by visible/infrared sensors depend in large measure on
the extent to which the waveband radiation is absorbed, scattered, or otherwise modified by the atmosphere
("windows of transparency” concept). The radiation measured from space platforms is usually secondary in that
it is reflected or emitted energy generated from molecular interactions between incoming radiation (irradiance)
and the Earth material being sensed. Common primary energy sources include the Sun or active radiation-
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generating devices such as radar; sensed thermal radiation from the Earth’s surface results from both internal
heat sources and the heating effect of solar radiation. Because most materials absorb radiation over the sensed
parts of the EM spectrum, only fractions of the incoming radiation (typically, 1/20th (for water) to 4/5ths (sand)
in the reflected region) are returned to the sensor (Short, 2009).

Absorption converts the incident radiation energy to heat at molecular level. It occurs at specific wavelengths,
referred to as absorption bands. Particles such as gas molecules, dust and water molecules redirect the incident
energy, resulting in scattering (Paltridge and Platt, 1976). The size of the particles establishes the type of
scattering, whether Rayleigh (about 10-4 pm), Mie (comparable size to the radiation wavelength) or non-
selective scattering (particles much larger than the wavelength) (Kempenners, 2007).

The absorption bands of the most important atmospheric gases for the range 400-2500 nm are depicted in
Table 4.1 and graphically in spectra (Figure 4.12). The particular regions of the electromagnetic spectrum such
as 0.9 pm, I.I pm, [.4 pm and 1.9 pm wavelengths are almost opaque to the sensors. Regions that do not
contain significant absorption features due to atmospheric gases are called transmission or atmospheric
windows and these are the ones exploited by the remote sensing sensors (Lau, 2004).

Table 4.1 Atmospheric gases and corresponding wavelength absorption features (after Lau, 2004 and updated
after Gao et al., 2009).

Gas Absorption (um)

H,0 0.94, 1.14, 1.38, 1.88 (Gao et al., 1993, 2009), 0.69, 0.72, 0.76 (Aspinall et al., 2002)
(0 0.76, 0.6-1.3 (Gao et al.,, 1993, 2009)

Co, 2.01, 2.08 (Gao et al., 1993), 1.6, 2.005, 2.055 (Aspinall et al., 2002)

(O 0.6 Chappius band (Gao et al., 1993), 0.35, 9.6 (Aspinall et al., 2002)

N,O 2.0-2.5

CcoO 2.0-2.5

CH, 2.35 (Gao etal,, 1993)

4.2 ATMOSPHERIC CORRECTIONS MODELS

Atmospheric removal is performed to correct the spectral data for solar irradiance and atmospheric gas effects
(Goetz et al, 1985). The removal of atmospheric effects from IS data requires calibration/atmospheric
correction. Calibration is a widely used term that refers to different levels of transformation from digital
numbers (DNs) to reflectance. A full image calibration optimally includes the radiometric sensor calibration
from DN values to at-sensor radiance, corrections for system distortions, transformation of the at-sensor
radiance to apparent surface reflectance (atmospheric calibration) and solar and topographic correction to
absolute surface reflectance (Schowengerdt, 1997; Jacobsen, 2001).

Atmospheric corrections of IS data are required particularly when the objectives are (Aspinall et al., 2002;
Schaepman et al., 2009; Richter, 2010):

I. a quantitative analysis to derive a physical parameter,
Il. analysis of the image with spectral libraries, usually measured in reflectance, including field spectra and,
lll. change detection through multi-temporal analysis, involving sometimes multi-sensor data.

An example of a physical parameter to derive, I) is the determination of a pH value (e.g. Ong et al., 2003; Zabcic
et al,, 2005). In Il), the data collected by IS sensors are not immediately comparable to laboratory or ground-
based spectra, because the atmosphere alters the spectral signal reaching the sensor. Data collected using
imaging spectrometers therefore must be converted from raw radiance values to atmospherically corrected
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reflectance values to allow spectra to be compared with reference spectra in spectral libraries (Kruse 1994;
Aspinall et al., 2002).

From sensors to atmosphere, conditions are different in multi-temporal acquisition data sets. Thus, to establish
the change detection of a particular theme, in Ill), it is necessary to remove at least the atmospheric influence
to obtain the signal of interest and make it comparable among imagery.

Even if it is feasible to analyse an IS image without atmospheric corrections, the distinctive absorption features
and the overall view of the spectra can be advantageous when using reflectance data (Figure 2.2, Chapter 2).
Plus, the full potential of IS can only be exploited when using physical based approaches and develop new
knowledge about a study area (Ben-Dor et al., 2004; Richter, 2010).

However, in the case of one-off image analysis the results using radiance data can be acceptable. Nadeau et al,,
(2002) refer the similar results obtained in an arid environment when processing in 2050-2350nm either in at
sensor radiance or surface reflectance.

The conversion of at sensor radiance to absolute or relative reflectance' can be obtained by different methods
and models. These models are contained in one of the three types: I) Statistical or empirical models, 1) Physical
models and, lll) Combined or mixed models of the previous two. An overview of these models and the main
characteristics are summarised in Table 4.2.

The selection of one of the models is dependent of the objective of the work and the atmospheric and field
data available. Aspinall et al. (2002) discriminated the requirements for atmospheric corrections based on the
type of analysis of the IS data, whether is used a “top-down” or “bottom up” approach (Chapter 5). In the
former, field mapping is used to train the imagery. The small geographic extent of the most IS data, reduces the
potential for significant variations in atmospheric effects across the scene, while mapping field features directly
to the image means that the classifying algorithm can incorporate atmospheric effects into the feature spectra as
it searches the image to find similar features. Thus, a particular feature type will probably appear similar across
the entire image and the atmospheric effects should not confuse the mapping process. In contrast, a “bottom
up” approach typically uses ground-based or laboratory-based spectral libraries to identify key features,
whereas atmospheric corrections are absolutely essential to match image spectra to library. It's worth noticing
that in the case of S. Domingos the waste mining material mapping workflow, as depicted in Figure 3.9,
encompasses both a “top-down” and a “bottom up” approach maximising advantages from both.

In both types of models, whether based on statistical or physical models, artefacts can be introduced,
particularly in the ones that are statistically based when field spectral data is not used (Boardmann, 1998;
Mustard et al., 2001; Ben-Dor et al., 2004). The latter authors concluded, through a literature survey, that users
are now moving towards physical based model, rather than empirical-based methods, that are now more user-
friendly and is installed in most of the common IS software providing reasonable results and do not require
visiting the specific site.

Although some experiments have been conducted using statistical models, i.e. flat field and empirical line in the
HyMAP™ data over S. Domingos test site, the results were not satisfactory probably due to the characteristics
of field spectral data available and were abandoned. In fact, neither the measurements of the GER Mark V have
high quality in the particular targets selected; neither the amount of spectral data collected was enough. The use
of statistical models with no field measurements such as logarithmic residuals or IARR (Table 4.2) gave poor
results, quite different from ground measurements, even if EFFORT polishing was used afterwards.

| Ideally the calibration of IS data to absolute reflectance data should be done using onboard calibration is
difficult and typically not available (Kruse, 2004). However, this is an extreme simplification of the reflectance
quantities in optical remote sensing, as defined and detailed in Schaepman-Srub et al. (2006).
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As referred by Van der Meer (2001), it should be noted that the empirical approaches only approximate the
highly variable processes in time and space in the atmosphere controlling the transfer of radiance to and from
the Earth’s surface to the sensor. Plus, the IS data due to its narrow bandwidths has the adequate conditions to
perform an atmospheric correction based on physical models.

Table 4. 2 Examples of some atmospheric corrections models. Based on Aspinall et al., 2002; Shaw and Burke,
2003; Ben-Dor et al., 2004; Goetz, 2009 and Richter, 2010.

METHODS DESIGNATION PROCEDURE
FLAT FIELD CALIBRATION Divides the ground reference spectra into the image spectra for each
Requires an area of the image with known band then uses the resultant ratios to calculate the relative
reflectance on the ground. reflectance
INTERNAL AVERAGE RELATIVE An average spectrum is calculated from the entire scene; this is then
6 REFLECTANCE (IARR) used as the reference spectrum and divided into the measured
4 No field measurements required spectrum at each pixel of the image to estimate relative reflectance.
6 - LOGARITHMIC RESIDUALS . . )
= < ) " Creates a pseudo reflectance image that is useful for analyzing
= U designed to remove solar Irradiance, . . ) WD/ -SRI
0 = - . . . mineral-related absorption features. Log residuals calibration is similar
E« atmospheric transmittance, instrument gain, PR . -
<o . to IARR calibration in that both tools use only in-scene statistics to
s = topographic effects, and albedo effects from
o o produce a result.

radiance data.

A three channel ratioing method uses the water vapour absorption
bands to calculate the amount of water vapour for each pixel. This
produces an image of water vapour concentrations. This image is used
with transmittance spectra of atmospheric gases to produce scaled
surface reflectance.

ATmosphere REMoval (ATREM) program
(Gao and Goetz 1990; Gao et al., 1992; Gao
etal, 1993)

MODerate resolution TRANsmission
(MODTRAN)

(Berk et al.,, 1998, 1999; Adler-Golden et al.,
1998; Gastil and Melack 1998)

Similar to ATREM

Taking advantage of the fact that each pixel in a hyperspectral image
contains an independent measurement of the atmospheric water
vapour absorption bands (differential absorption) and uses an
adjacency component.

Uses look-up tables derived from Modtran® 4 radiative transfer code.
Different codes (ATCOR 2/3 e 4) optimised according to the origin of
the image, spaceborne or airborne, and characteristics of the study
area, if flat or mountainous.

To correct model errors in ATREM by calculating normalization
factors for one pixel and then applying them to the rest of the
ATREM-corrected image.

Ground measurements of spectral irradiance with MODTRAN to

Fast Line-of-sight Atmospheric Analysis of
Spectral Hypercubes (FLAASH) (Adler-Golden
etal, 1999, Anderson et al.,2002)

ATCOR (Richter, 2010)

RADIATIVE TRANSFER MODELS

ATREM and EP* Clark et al.,, (1995)
*similar to Empirical Line

Q. MODTRAN and EP (Goetz et al., 1998) derive a model EP that did not require uniform ground targets of
Z 8 different reflectance.

g E Empirical Flat Field Optimal Reflectance Bootstraps a linear adjustment to apparent reflectance spectra to
Ow Transformation (EFFORT) improve the accuracy of spectra from AVIRIS following calibration
oz Goetz et al., (1997), Boardman (1998) with ATREM.

4.2.1 PHYSICAL MODELS

Physical-based or radiative transfer models are based in image information and require also detailed information
about atmosphere and the sun, the target area including mean elevation of the scene and location, image
acquisition altitude, local visibility and exact acquisition times, and the definition of an atmospheric model (Ben-
Dor et al., 2004; Goetz, 2009). These parameters are then input to the atmospheric model selected (e.g., mid-
latitude summer) and used to compute the absorption and scattering characteristics of the atmosphere at the
instance of remote sensing data capture, most notably an aerosol description (the visibility or optical depth,
and, if possible, an aerosol “type”) and the column water amount.

The scene information and spectral features of the water vapour absorptions are used to model the theoretical
atmosphere at the time of flight, e.g. as in the ATREM code (Table 4.2). This method attempts to correct for
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the solar irradiance atmospheric scattering and absorption as determined for the general conditions at the time
of data acquisition. In this each pixel is examined for water vapour by analysing the bands at 0.94 um and [.14
pum due to atmospheric molecules (Rayleigh scattering) and aerosols to calculate the spatial variation of the
atmospheric water content. The derived water vapour values are then used for modelling water vapour
absorption effects in the entire 0.4-2.5 pm region. Other gasses (O,, O;, CH,, CO, CO, and N,O), which
absorb incident radiation causing noise in the data (Table 4.1) are modelled using the inputted scene
information. The transmittance spectra of the atmospheric gasses are derived using the Malkmus narrow band
model (Malkmus, 1967) based on the HITRAN 92 (Rothman et al., 1992) database and the 5S (Simulation of the
Satellite Signal in the Solar Spectrum) code (Tanré et al., 1986), which is used to model scattering effects
(Kruse, 1994; Lau, 2004).

The effect of different methods for calibration and atmospheric correction on the characteristic spectral profile
for materials is pronounced (Aspinall et al., 2002). This has been already verified in the case of statistical models
when tested for S. Domingos study area. In the case of radiative transfer modelling, within the software
available, two were used in the test site. One was HyCORR, which is a modified version of the ATREM (GAO
et al,, 1999). Groesel et al. (2002), tested both HyCORR and ATREM in vegetated Alpine environment and
concluded that these two softwares provided similar results.

The other software used in S. Domingos is the FLAASH (Table 4.2), which is a MODTRAN4-based atmospheric
correction software package developed jointly by the Air Force Phillips Laboratory, Hanscom AFB and Spectral
Sciences, Inc. (Adler-Golden et al., 1999). One key feature of FLAASH is that it offers the option of correcting
for light scattered from adjacent pixels into the field-of-view. Limited comparisons of retrievals with ATREM,
ACORN, and FLAASH (Griffin and Burke, 2003; Kruse, 2004) have demonstrated that the derived surface
reflectances from these algorithms are quite comparable (Gao et al., 2009).

An empirical Flat Field Optimal Reflectance Transformation TM (EFFORT) (Boardman, 1998) is a post
correction program (Table 4.1) also implemented in ENVI (ITT, 2010) as FLAASH. This program determines
and applies mild adjustments to ATREM (or similarly to HyCORR) apparent reflectance data so the spectra
appear more like spectra of real materials, and improving the accuracy of the apparent reflectance without field
measurements (Boardman, 1998) or optionally using it as reality boost spectra.

4.3 HYMAP™ (YEAR 2000 ACQUISITION)

As mentioned previously HyCORR and FLAASH software were both used in HyMAP™ data captured on the
21* of August 2000. The difference in the FLAASH corrected data compared to HyCORR is that local
atmospheric data and a few tests with field spectra were undertaken to model the radiance data. Both
corrections of the HyMAP™ data had a cross-track illumination correction and an EFFORT Polishing.

4.3.1 HYCORR CORRECTION

The HyMAP™ data delivered by HyVista Corporation (HVC) were in radiance (UW/cm? nm sr) calibrated data
(at sensor) and apparent reflectance (scaled). Geo-correction files were also provided based on DGPS data
flight (Chapter 3). The data were delivered as ENVI compatible files. An example of the radiance and apparent
reflectance data set is depicted in Figure 4.2.

The HyCORR correction was undertaken by HyVista Corporation (HVC). The apparent reflectance data was
obtained from calibrated data with HyCORR on its more advanced level, which consists of an ATREM pass
followed by an EFFORT polishing pass to remove systematic ATREM errors (HVC, 2008).
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The water vapour retrieval, during the HyCORR pass, can be seen as one band image (Figure 4.3). In this is
depicted the amount of water vapour modelled for each pixel, where the highest values correspond to water
dams and wet soils.

The EFFORT calculated gains and offsets are applied to atmospheric corrected apparent reflectance data. The
data are used to generate "pseudo field" spectra by fitting each observed spectrum with a parametric model of
Legendre polynomials. Gains and offsets for every band are calculated by comparing the modelled spectra to
the data spectra, for pixels that are well-fit. A number of spectra are used that span the entire albedo range to
give good leverage for the linear regression process, and the data values versus modelled values are fit with a
line for every band. The slope and offset of this line are used to correct the apparent reflectance data for the
error features (ITT, 2010). An example of part of this process is in Figure 4.4 where some spectra are shown
with the model used (solid), and the final calibration spectral library (dotted).

Variations in brightness gradients across each fligthline direction remain after the application of HyCORR with
EFFORT polishing. This is also evidenced in the water vapour column of Figure 4.3. To minimize the differences
along track mean values were calculated showing the mean variation in the cross track direction and using a
multiplicative correction method with a polynomial function, in this case of order I, is fitted to the means to
remove them.

]
S B
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\
\

™

Figure 4.2 Image and spectral space of radiance and apparent reflectance data from HYCORR. Detail of fligthline
08 with HyMAP™ sensor (Achada do Gamo area, Figure 3.6).
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1464

Figure 4.3 Spatial variation of water retrieval from HYCORR (results from Hyvista Corporation). Units are
water vapour in atm-cm*1000. Examples of two fligthlines: left-area of 08 in Figure 4.2, centre-image space of
10, S .Domingos village area and, right-vapour water spatial distribution of centre.

Comparison of spectra for raw_HYCORR (dotted) to EFFORT model (example of fligthline 09 Hymap)
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Figure 4.4 Spectra from final calibration from HYCOOR-EFFORT with the model used in to fit in EFFORT
polishing data set. Results from Hyvista Corporation.

This procedure is implemented in ENVI software. To eight fligthlines, from |11 (North of open pit) to 04
(Pomarao Harbour), was applied the same procedure and were afterwards geocoded using geocorrection files
provided by HVC.

The geocorrection files were obtained through geometric correction algorithms. The HyMAP™

mounted on a Zeiss SM2000 gyro-stabilised platform that provides 5 degrees of pitch and roll correction and 8
degrees of yaw correction. High quality DGPS integrated with a Boeing CMIGITS Il GPS/INS inertial monitoring
unit was used to provide sensor pointing data to precisely geocode the raw data. Geometric correction factors
are provided to convert the data to map coordinates (HVC, 2008) in this case to UTM, WGS84, Zone 29N.

system is

The fligthlines were mosaiced using a nearest neighbour resampling. In this it was considered the statistical
areas overlapping regions with a final pixel size of 4.1m.
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The global statistics of spectral data for the apparent reflectance mosaic is in Figure 4.5.

.. | HYCORR_EFFORT HYMAP MQSAIC, |
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2000
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datum WGS84

Figure 4.5 S. Domingos apparent reflectance mosaic with HyCORR atmospheric correction and EFFORT
polishing (results from HyVista Corporation), with basic statistical spectral values.

In this statistical values fligthline 06 and water areas had been masked. This fligthline is excluded as result of low
quality reported in the analysis in Chapter 3, particularly in the SWIR range.

The visible and near-infrared regions displayed smooth spectral features, which corresponded well to areas that
contained vegetation and iron oxides.

4.3.2 FLAASH CORRECTION

The FLAASH algorithm operates on a pixel-by-pixel basis, taking advantage of the fact that each pixel in a IS
image contains an independent measurement of the atmospheric water vapour absorption bands (differential
absorption).

Details of the program are given in Addler-Golden et al. (1999); Anderson et al. (2002); Mattew et al. (2003)
and in FLAASH 2009. A schematic flow of FLAASH is given in Shaw and Burke (2003). Below is described, as in
FLAASH 2009, the main assumptions and operational mode of the program.

FLAASH starts from a standard equation for spectral radiance at a sensor pixel, L*, that applies to the solar
wavelength range (thermal emission is neglected) and flat, Lambertian materials or their equivalents:

L* = Ap/(1-peS) + Bpe/(l-peS) + L*a 4.1)
where, p is the pixel surface reflectance,
pe is a surface reflectance averaged over the pixel and a surrounding region,
S is the spherical albedo of the atmosphere,
L*a is the radiance backscattered by the atmosphere, and
A and B are coefficients that depend on atmospheric and geometric conditions but not on the surface.

Each of these variables depends on the spectral channel; the wavelength index has been omitted for simplicity.
The first term in Eq. (4.1) corresponds to radiance that is reflected from the surface and travels directly into
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the sensor. The second term corresponds to radiance from the surface that is scattered by the atmosphere
into the sensor.

The distinction between p and pe accounts for the adjacency effect (spatial mixing of radiance among nearby
pixels) caused by atmospheric scattering.

The values of A, B, S and L*a are determined from MODTRAN4 calculations that use the viewing and solar
angles and the mean surface elevation of the measurement, and they assume a certain model atmosphere,
aerosol type, and visible range. The values of A, B, S and La are strongly dependent on the water vapor column
amount, which is generally not well known and may vary across the scene. To account for unknown and
variable column water vapour, the MODTRAN4 calculations are looped over a series of different column
amounts, and then selected wavelength channels of the image are analyzed to retrieve an estimated amount for
each pixel. Specifically, radiance averages are gathered for two sets of channels: an absorption set centered at a
water band (typically 1130 nm) and a reference set of channels taken from just outside the band. A lookup table
for retrieving the water vapour from these radiances is constructed. After the water retrieval is performed,
Equation (4.1) is solved for the pixel surface reflectances in all of the sensor channels. The solution method
involves computing a spatially averaged radiance image Le, from which the spatially averaged reflectance pe is
estimated using the approximate equation:

(A+B)p,
e’"( J*PeS j"’La (4.2)

Spatial averaging is performed using a point-spread function that describes the relative contributions to the pixel
radiance from points on the ground at different distances from the direct line of sight. For accurate results,
cloud-containing pixels must be removed prior to averaging. The cloudy pixels are found using a combination of
brightness, band ratio, and water vapor tests, as described by Matthew et al.(2000).

The FLAASH model includes a method for retrieving an estimated aerosol / haze amount from selected dark
land pixels in the scene. The method is based on observations by Kaufman et al. (1997) of a nearly fixed ratio
between the reflectances for such pixels at 660 nm and 2100 nm. FLAASH retrieves the aerosol amount by
iterating Equations (4.1) and (4.2) over a series of visible ranges. For each visible range, it retrieves the scene-
average 660 nm and 2100 nm reflectances for the dark pixels, and it interpolates the best estimate of the visible
range by matching the ratio to the average ratio of ~0.45 that was observed by Kaufman et al. (1997). Using this
visible range estimate, FLAASH performs a second and final MODTRAN4 calculation loop over water.

As inherent of any radiative transfer-based atmospheric correction algorithms, the FLAASH requires some
atmospheric information, or if certain atmospheric absorption bands are present in the IS data. Figure 4.6
depicts the input data used to run the code. The parameters were selected according to the characteristics of
the study area as well as local information as contained in Table 4.3.

The model atmosphere was set to mid-latitude summer, according to the closest latitude coordinates, as
described in tables used in MODTRAN atmospheric models (FLAASH 2009), which rely on a seasonal-latitude
surface temperature model.

Despite the air temperatures in the area considered, with an average of 25°C (Table 4.3), are closer to a
tropical model atmosphere (27°C), however the water amount retrieval values are lower than expected values
for a tropical model and closer to local pressure QFF. Local average pressure in 1019,85 HPa corresponds to
1039.99 cm, lower than the values estimated with mid-summer latitude atmospheric model with an average of
1267.60 cm calculated from the FLAASH results.

S. Domingos characteristically follows a rural aerosol model, i.e. regions of the atmosphere not impacted upon
by urban or industrial processes. It is assumed to be composed of 70% water-soluble material (ammonium,
calcium sulphate and organic compounds) and 30% dust-like particles.
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For modelling the data set the FLAASH software admits some variability in the input parameters, which were
tested in the HyMAP™ data. Part of this has been done through a trial-and-error method relatively to some of
the variable parameters that were not precisely defined (Figure 4.6).

The most distinctive parameter when compared with similar algorithms is the possibility to consider an
adjacency effect correction (Figure 4.6) that takes into account the spatial vicinity of pixels. In this case, in the
Equation 4.1 p#pe.

Two examples are depicted in Figure 4.7 relative to fligthline 08 and 10. The effects of scattering are obviously
more pronounced in the first bands of the visible spectrum, giving higher reflectance values with adjacency than
without. After 780 nm the spectral average tends to be similar with or without adjacency correction and its
inverted after 829 nm, i.e. the highest reflectance values are given without adjacency correction. This trend is
similar for the SWIR range, whereas the overall reflectance spectra is similar but with higher values without
adjacency correction. Another difference is detected on the column water vapour (Figure 4.7), where the
amount of water is “shrinked” when using the adjacency effect (c).

3
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Figure 4.6 FLAASH used parameters for one of the S. Domingos fligthline.

Table 4. 3 Wheather conditions at the time of the flight (year 2000). Courtesy of BEJA AIRPORT BASE.

Air
21-Aug- Pressure QFF temperature Relative Wind
2000 (HPa) °C) Humidity % Direction®, average speed, Nebulosity Visibility

Local time Gust (kmh™') (x/8) (km)
12:00 AM 1020.6 23.2 52 310, 13 2 30

1:00 PM - 25.2 40 330, 22 2 30
2:00 PM - 25.6 39 340, 17, 39 2 30
3:00 PM 1019.1 26.0 38 340, 19, 37 2 30

Especially under hazy conditions and when strong contrasts occur among the materials in the scene, the
adjacency correction can result in significant reflectance errors at short wavelength. Although a few contrasts
occur among materials in the scene, particularly between soils and water bodies, the haze is minor (Table 4.3)
the case of the S. Domingos area, and the spatial component through adjacency correction is taken into account
for the final reflectance spectral signal for all the fligthlines.
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Adjacency correction (solid) and whithout (dotted)
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Figure 4.7 Effect of adjacency correction in FLAASH. Average spectral values for two fligthlines in a), and water
vapour (cm) variations without, b) and with adjacency correction c), in fligthline 08 (Achada do Gamo).

Each fligthline was atmospherically corrected and afterwards was also corrected for illumination effects
remaining, using a cross track calculation of multiplicative polynomial order 2 (Figure 4.8). This has been
controlled and checked through across fligthline profiles and Minimum Noise Fraction (MNF) bands.
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Figure 4.8 A multiplicative polynomial interpolation of order 2 on HyMAP™™ data for Cross Track lllumination
Correction: Upper-before (left) and after (right) illumination correction. Lower-equivalent Minimum Noise

Fraction |. Detail of flightline 04 encompassing the Pomarao harbour.

The average spectral values of reflectance of each fligthline were still very distinct from either field spectra
either from equivalent average spectral values from HyCORR correction. An EFFORT polishing was then
executed. The options using this code include the possibility to model the reflectance data using reality boost
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spectra, and also selecting the spectral segments to do it. The degree of polynomial order to polish the data can
also be variable according to each of the segments selected.

The wavelength range was also tested using different segments, but the results with higher similarity with
HyCORR software were achieved using three wavelength segments separated by strong water vapour
absorption bands, i.e. 1.4 pm and 1.9 uym. Detailing, the segments are 437-1323 nm, 1433-1805 nm and 1970-
2485 nm.

It is generally accepted that using a few spectra characteristic of the area of interest as reality boost spectra
produces better-fitting modelled spectra (ITT, 2010). Thus, a few local field spectra were tested.

Following recommendations from the Center for the Study of Earth from Space, in Thulin (2008), the selection
of reality boost spectra should not be more than five because of the possible unpredictable interaction between
them. With this assumption, the local field spectra selected was focused on our subject of interest, i.e. the
wastes mining materials used in the MINEO project (Quental et al, 2002a, Appendix Il). Two types of
experiments were executed and within these particularly the ones related to Acid Mine Drainage (AMD). The
latter are depicted in gray in Figure 4.9.

The targets PoS137, PoS138, PoS154, Tell8] and Sd246, named according to the spatial location (Figure 3.6),
are general spectra within wastes, while the others have a more similar pattern. Further details of the type of
sample and mineralogical correlation information of these spectra are given in Table 5.A.ll (Chapter 5).

ASD Field spectra for EFFORT polishing
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Figure 4.9 Input field spectra for EFFORT code from waste mining materials map (Appendix Il). On gray the
ones specifically related to low pH.

The Legendre polynomial order chosen was default 10 for the three segments selected, after some tests
undertaken on different values ranging from 20 to 5. Using a polynomial of order 5 the final modelling gave a
spectral signal extremely flattened, while using 20 gives steep slopes in the signal produced.

Each fligthline has been polished with these spectra, statistically checked and controlled with MNF for error
detection.

The EFFORT Polishing is an important step in the final product, depending also on the options taken. In Figure
4.10 is shown an example of the variations of the spectral pattern when using different options concerning the
introduction or not of field spectra.
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Figure 4.10 Effect of EFFORT comparing different options concerning use of boost spectra. Example of fligthline

08.

In this is depicted the variations respectively using EFFORT with no field data, with waste spectra and AMD
related spectra. The waste spectra EFFORT modelled image comprehends a higher differentiation in data,
according to the wider variable input spectra when compared to the more homogeneous AMD related spectra.
A variation is detected with a peak at |758nm possibly resulting from the spectrum PoS137 seen in Figure 4.9.

Thus, the possibilities of application of EFFORT, using different values of distinct parameters, play a key-role on
the spectral response of the imaged target. Smoothing the signal or modifying the overall spectra implies
modifications on the extraction of information from IS data. Despite the changes detected in the spectral
average reflectance signal it is important to test exactly what are the direct implications when mapping an area

with an AMD environment.

4.3.3 CONSEQUENCES OF EFFORT POLISHING IN IMAGE

CLASSIFICATION

Although the extraction of information is dealt with in more detail in Chapter 5, the different data sets obtained
with EFFORT Polishing correction were processed to assess the implications in the spectral response of the

final classification of the area.

Following the first part of the methodology detailed in Section 5.2 with the multi-source spectral methodology,
(Chapter 5), related to the extraction of information from HyMAP™ an automated hourglass was run (ITT
2010), creating an MNF transform, a PPl and extracting endmembers that where then used to map an area using
the SAM algorithm. Due to its particular characteristics of very low pH in the dam and already known high acid
generating potential of waste mining materials (Chapter 3, Figure 3.6, Figure 4.14) is shown a detail of Achada
do Gamo area in Figure 4.11. In this, the different colours report to the spatial dispersion of distinct
endmembers. In a), the data set does not have boost spectra and is based solely in image information, while in
b) it corresponds to an AMD related spectra depicted in gray in Figure 4.9 and c) is a more general field spectra

(black in Figure 4.9).
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a) without boost s._pec;‘.r. b) using AMD sptra c) general field speEfré
Figure 4.11 Results of endmembers mapping (SAM) with different EFFORT options without and with spectra in
Figure 4.9. Unclassified areas are white. Detail of Achada do Gamo area with shallow acidic dam (Figure 4.14)

on the left centre side (dark square).

The EFFORT image without using boost field spectra provides higher variability when mapping using information
extracted from the images, while when the EFFORT was executed using field spectra focused on specific targets
of interest the information is more homogeneous. Unclassified areas increase from a)=5.2% to c)=6.8%. b) and
c) reflect also the characteristics of the type of spectra, depicting b) homogeneous areas of AMD while c)
shows different areas of general waste. The latter shows distinct areas of waste materials, namely hills of
metallurgical slags, while in b) this is not discriminated.

It’s worth noticing that the endmembers used to map the different EFFORT resultant images were controlled
through the Pearson correlation matrix using mineralogical standard spectral libraries (methodology developed
in Chapter 5) and gave consistent results indicating minerals such as copiapite, coquimbite and alunite at
correlation 20.90 in the acidic dam area (Chapter 5).

This experiment using different EFFORT polishing conditions permits to conclude that constraining the image
modelling using spectral signatures of a specific target of interest limits the extraction of information, if the
objective is to increase the knowledge about an area when a resource such as IS data is available. Thus, the
mosaic to be used in the next steps of processing in Chapter 5 will be the one polished solely using the image
data leaving the use of field spectra to a further advanced phase of image processing.

4.3.4 COMPARISON OF HYCORR AND FLAASH RESULTS

The HyCORR correction was undertaken by HyVista Corporation (HVC), which is an ATREM based model.
The other one was obtained using the FLAASH software, a MODTRAN based model, which optionally
considers an adjacency effect. Results from FLAASH incorporate information concerning local atmospheric
conditions and the EFFORT polishing as been previously tested using local field spectra. The average with
respective standard + and - deviation are depicted in Figure 4.12. The upper image is the normal display of
wavelength range, whilst the lower is a continuum removal, where the absorption features of reflectance
spectra are compared from a common baseline, i.e. a convex hull fit over the top of a spectrum using straight-
line segments that connect local spectra maxima (Chapter 2, Section 2.1.4).

While all the parameters were known using FLAASH, the same didn’t occur with HyCORR product delivered
by HVC. The comparison of average values for both reflectance mosaics resulting from radiative transfer
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modelling from HyCORR and FLAASH codes, show that the overall shape of average results is similar but
presents some variability within the wavelength range.

The average amount of water retrieval is variable. In FLAASH the average values of all the fligthlines equals 1580
cm while in HYCORR the average value of water is 1650 cm.

Also the spatial distribution pattern is more consistent using FLAASH, i.e. more homogenous over water
bodies. The use of adjacency correction certainly plays a role on this variation (Figure 4.7), and possibly the

atmospherical model selected.
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Figure 4.12 Average values (centre) and (+)(-) Stdv of HyCORR and FLAASH relative to the S. Domingos
mosaics with EFFORT Polishing. Display, upper-normal, lower-continuum removed.

The overall average spectra are similar to what has already been partially depicted in Figure 4.10 for fligthline
08. Across the wavelength range the HyCORR corrected spectra delineates better the “red edge” feature of
vegetation around 676-692 nm. The “red edge feature” is a sharp order of magnitude increase in leaf
reflectance between approximately 680 and 750 nm wavelength. In this particular case, with the FLAASH
correction this feature is greatly smoothed.
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A slight absorption detected at 122 nm in HyCORR also disappears. Another distinctive character is a broad
shoulder with a peak at 1281 nm wavelength when comparing FLAASH to the previous HyCORR atmospheric
correction. In the segment corresponding to 1462-1793 nm, FLAASH delineates a more pronounced curve than
using HyCORR. Absorption features at 2027, 2226 and 2391 nm in HyCORR, disapear in FLAASH. Most of
these features are related to Al-OH bonds, while the latter (2391 nm) is possibly related to methane (CH,).
The wavelength range 2.0-2.5 um reflect the absorption features of CO, CO, and N,O of atmospheric gases
(Table 4.1).

Generically, considering average values, FLAASH-EFFORT whithout field spectra is smoother than the mosaic
resultant from HyCORR-EFFORT. This can lead to a non-identification of a few minerals relevant for AMD
detection (Chapter 5), if the average values are reflected in specific targets of interest.

In the absence of reliable reference data for validation of the reflectance data obtained (Chapter 3, Section
3.5.2.1) a local statistics is given for a few selected targets (Figures 4.13 and 4.14), adressing more or less
invariant areas or of interest related to AMD detection. Both corrections are depicted, HyCORR-EFFORT
corresponds to the lower values, whilst FLAASH-EFFORT corresponds to the upper values.

Generically, what is already detected in Figure 4.12 showing the FLAASH-EFFORT with a smoother spectral
response is repeated for most of the local targets. An exception is the dark metallurgical slags target which
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Figure 4.13 Local targets and respective HyCORR (five lower values) and FLAASH (five upper values) spectral
values in S. Domingos HyMAP™ IS data. MAX-upper value, MIN-lower value, MEAN-central value with

respective (-) and (+)standard deviation. Number-pixels of target. Left-global location.
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Figure 4.14 Cont. of Figure 4.13, where is the global location of local targets. HyCORR (five lower values) and
FLAASH (five upper values) spectral response in S.Domingos HyMAP™ IS data. MAX-upper value, MIN-lower
value, MEAN-central value. Number-pixels of target. Reflectance is offset for clarity.

appears with more peaks and absorption features across the wavelength range in FLAASH than in HyCORR.
From the two playing fields is seen that the one with cement tile floor is more heterogeneous, with more
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extreme values than the one with earthen materials for both corrections. This can possibly be explained by the
dark and brigth areas that constitute the cement tile floor (Figure 3.13, Chapter 3).

There is a general pattern with a sligth absorption feature around 676-692 nm in FLAASH in which seems to be
a shift when compared to the near values 692-707 nm verified in HyCORR, detected in most of the targets.
This value around 692 nm appears to invert the upper or lower curve of the next wavelengths in the two
corrections. It is unclear the origin of these features possibly combining vegetation and iron crystal field
absorptions which occour in this wavelength range.

The absorption feature at 872 nm, connected with heamatite detection (Chapter 5) is more evidenced in
HyCORR, in acidic lake and metallurgical slags targets being absent in some of FLAASH correction particularly
in the average values. It appears in Pomardo harbour and Telheiro on both and its absent in sulphidic ore. On
opposition, an absorption feature at 461 nm is more evident in sulphidic ore and acidic lake in FLAASH
correction, while the metallurgical slags presents a depression at 448 nm. The other targets have an absorption
feature at 477.

The absorption features in the segment [951-2500 nm are more pronounced in the HyCORR then in the
FLAASH correction. More specifically, the absorption feature at 2206 nm, i.e. related with AI-OH bond is
smoother or inexistent in FLAASH correction. Another absorption feature that appear in HyCORR and is
absent in FLAASH is at 2391 nm.

These variations highligth the effect of different atmospheric corrections in targets related with mining waste
materials and related pollutants. This will be assessed at the IS methology developed in Chapter 5, considering
the mineralogical information (Table 5. I, Chapter 5) more in detail and based in classification results (Table
5.7).

4.4 SPECIM EAGLE-HAWK (YEAR 2007 ACQUISITION)

The SPECIM EAGLE-HAWK dataset shortens the spectral width to much lower values than the HyMAP™
dataset (Chapter 3, Table 3.4). Taking into account that one of the main objectives is the comparison with
HyMAP™ for monitoring purposes related to AMD, the SPECIM EAGLE-HAWK has been spectrally resampled
to ensure these parameters are consistent for both images.

This spectral resampling reduces the radiance mosaic from 489 to 124 bands (Figure 4.15), excluding the two
last existing in HyMAP™ at 2470 and 2485 nm that are not reached by SPECIM EAGLE-HAWK wavelength
range (Chapter 3, Table 3.4). When the wavelength is not the same is taken the band with the smallest spectral
difference from above or below the exact value. The maximum difference value in equivalent spectral bands
between the two datasets is 3.51 nm, namely at 2100 and 2309 nm of HyMap™ wavelength values.

The spectral resampling adds another important advantage by reducing the size of radiance mosaic from 24.6 to
5.45 Gigabytes, which leads to a significant decrease of the time required for data processing.

Another important step is to eliminate the gap between the EAGLE and HAWK sensors (Chapter 3, Figure
3.15). Thus, the wider EAGLE area capture is partially masked by the same Field of View (FOV) of the HAWK
sensor.
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Figure 4.15 Effect on average scaled radiance values from spectral resampling from SPECIM EAGLE-HAWK
(upper image) to the closest HyMAP™ bandwith (lower). Main absorption features from Table 4.1.

The fligthlines were mosaiced using the statistical areas overlapping regions and a nearest neighbour resampling.

4.4.1 FLAASH CORRECTION

The input parameters for FLAASH are depicted in Figure 4.16, with the local atmospheric conditions detailed in
Table 4.4. The atmospheric model selected is still considered a mid-summer latitude model following
temperature and latitude conditions as referred in FLAASH (2009). The overall average statistics for the mosaic
is shown in Figure 4.17 as well as the final result using EFFORT polishing. The latter follows the same conditions
as for the 2000 mosaic, i.e. using only image information and the three wavelength segments 437-1323nm,
1433-1805 nm and 1970-2451 nm.
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Figure 4.16 FLAASH used parameters for the S. Domingos mosaic of SPECIM EAGLE-HAWK. Advanced
settings similar to Figure 4.6.

Table 4. 4 Wheather conditions at the time of the flight (year 2007). Courtesy of BEJA AIRPORT BASE.

Air Relative Wind
21-March | Pressure temperature Humidity | Direction®, Nebulosit

2007 | QFF (HPa) | (°C) (%) mean speed, y Visibilit

Local time Gust (kmh™") (x/8) y (km)
10:00 AM 1017.4 08.6 53 010, 24, 43 0 40
11:00 AM 1017.3 10.6 48 360, 26,46 [ 40
12:00 AM 1017.1 I1.6 44 360, 28, 46 | 40
01:00 PM 1016.7 12.2 41 360, 26, 48 [ 40
02:00 PM 1016.3 13.0 41 360, 30, 48 | 40

Using the three wavelength segments the overall result of EFFORT application increased the values around 500
nm as well as on wavelengths after 2223 nm with a broad absorption feature centred at 2356 nm. A few
absorption features appear between 437 and 700 nm after the EFFORT application, detailed in the following
Section.
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Figure 4.17 Average statistics for reflectance of SPECIM EAGLE-HAWK resultant from FLAASH software and
also with EFFORT Polishing. Upper-normal display, lower-continuum removal.

4.5 2000 AND 2007 IMAGES COMPARISON

The overal average reflectance of mosaics of year 2000 in August and year 2007 in March depicts some
significant changes, being the most evident related to seasonal vegetation (Figure 4.18). This is associated with
the “red edge” feature of vegetation, sharply defined in the 2007 mosaic image.

The study of position and shifts of the red edge inflection point allows determination of variations of plant
health levels and seasonal patterns among other type of information such as biomass, chlorophyl content and
hydric status (Curran et al.,, 1990; Pu et al., 2003). The spectroscopic study of vegetation is beyond the scope of
this thesis, although it constitutes a subject of interest for indirect determination of contamination related to
mining environments as demonstrated by previous studies (Kuosmanen et al., 2002; Middleton et al., 2003). This
is particularly relevant when there is no soil exposure, which is not the case of S. Domingos test site allowing

waste or mineral mapping directly.

Other significant changes report to the flattened average spectral response from year 2000 compared with
absorptions features clearly defined on SPECIM EAGLE-HAWK of year 2007, i.e. at 492, 599, 678, 985, 1138,
1163, 1990 and 2028 nm. Generally in the segment 1433-1805 nm there is a shift of the broader shape to the
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higher wavelengths of 2007 average values data, while in the segment 2028-2450 nm the reflectance values
increase from 2000 to 2007 dataset.

Concerning year 2000, with much more flattened average spectral features, absorption features appear at 461
nm, a very sligth at 872 nm as well as broad depression at 2028 nm.

The variations in spectral signatures throughout these years may also be established in a bigger scale if known
supposedly unchangeable or more or less stable targets in terms of spectral behaviour are compared. In fact,
research by Anderson and Milton (2006), indicate that even supposedly homogeneous artificial calibration
targets, such as concrete and tarmac may not have a non-variant reflectance over time, through ageing and
effects of atmospheric conditions. The variant conditions report essentially to seasonal biological growth over
targets or humidity, but also to capture conditions such as different viewing angle and illumination geometry.

These conclusions can eventually be extended to other type of artificial targets such as cement tile floor, in
Figure 4.13, corresponding to the red target (Figure 4.19). This target was lost to the HAWK sensor due to
different Field Of View (FOV) of both sensors and windy conditions, as detailed in Chapter 3 in Section 3.6.
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Figure 4.18 Comparison of average scaled reflectance values for the year 2000 (HyMAP™) and year 2007
(SPECIM EAGLE-HAWK). Both corrected with FLAASH and EFFORT Polishing. Upper- normal display, lower-
continuum removal.

The reference targets are depicted in Figure 4.19. The purple square encompasses the red target, the playing
field measurements of Figure 3.13 (Chapter 3), whereas the blue target was selected for intercomparison of
2000 and 2007 images without field measurements. The cyan rectangle depitcs the dark target of Figure 3.13
(Chapter 3) and seen as orange rectangle, where ASDField SpecPro measurements were undertaken.
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The display of different spectra is according to the data available. In the case of the red target, is depicted part
of the ASD field spectra measured in the available area and equivalent section of FLAASH-EFFORT correction
from years 2000 and 2007. The pattern of these spectra are generically similar, although a broad depression in
the EAGLE data delimited at 585-599 nm has no equivalent in either in HyMap™ 2000 nor in field spectra
collected in 2007. The HyMap™ 2000 has higher reflectance values from 437 that decreases to 462 nm.

The orange target, i.e. plastic of water reservoirs, has 25 measurements and compared with SPECIM EAGLE
HAWK there are significant changes in the spectral response in the EAGLE sensor with a strong decrease in
the values, higher similarity in the wavelength range 1400-1600 nm and minor absorption changes in the 1990-
2500 nm. Its noticeable that field spectra has wider variability then SPECIM EAGLE-HAWK. However, field
spectra reports to very low reflectance values (Chapter 3, Figure 3.13).

The blue target for multitemporal image comparison has higher radiance values for HyMap™ 2000 than SPECIM
EAGLE-HAWK, decreasing the difference to the highest wavelength range, whereas the scaled reflectance
values in SPECIM EAGLE-HAWK increase, being more evidenced in the segment 1990-2500 nm and also with
higher dispersion. An absorption feature at 1637nm is very clear in the 2007 image, possibly related to the CO.,.
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Figure 4.19 Targets for spectral comparison of reflectance of SPECIM EAGLE-HAWK with field measurements
(brown spectra) (Chapter 3, Figure 3.13): red and orange. Target for inter images spectral comparison of 2000
and 2007 IS data: blue.
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The difference in radiance values, higher in the VNIR in the HyMap™ can eventually be explained by different
conditions of the soil. In this case, seasonal variations were expected due to different water content of the soil
in the two datasets due to S. Domingos climate, with a dry and wet period (Chapter 3, Section 3.1) covered by
the two IS datasets.

A more detailed aspect can be seen comparing some of the targets of the Figure 4.14, i.e. when they exist in the
2007 image, as depicted in Figure 4.20. In these targets the SPECIM EAGLE-HAWK presents the same pattern
as already mentioned in the blue target of Figure 4.19. The reflectance values present equal or have higher
variability to the targets but the Pomario soil target (sienna). The highest variability is related to the yellow
target corresponding to the metallurgical slag hills. These two targets have been artificially modified as detailed
in Chapter 5, Section 5.3.

The general conclusion in the average comparison of global multitemporal data that there is an increase of

reflectance values after 2028 nm is also reflected in the common targets of both datasets.
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Figure 4.20 Spectral average values and standard deviation of similar targets by area of Figure 4.14. Upper
spectra are from 2007 whilst lower are from 2000 IS data.

The differences reported in the average comparative values of the targets have to be taken into account.
Despite the fact that they are from the same area, the spatial resolution is different from HyMap™ (4.1 m) to

SPECIM (2.0 m) or to ASDFieldSpecPro (20 cm).

This example shows that the multi-temporal analysis cannot be considered absolute with the available data set,
and is at most qualitative. Thus, the more correct approach for the comparison of the two data sets is to
consider it as evolutionary trends.

4.6 CONCLUSIONS

The target and the sensor are separated through the atmosphere that interferes with the signal received.
Several methods have been developed to remove the atmospheric effects |) statistical or empirical, Il) radiative
transfer modelling, and 1ll) a combination of the two previous. In I, the theoretical atmosphere at the time of
data capture is retrieved according to meteorological data on a pixel-by-pixel basis. Then, the radiative transfer
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equation is calculated given the aerosol and column water vapour and transformation to reflectance. Optionally,
the reflectance can have a post-processing spectral polishing.

The fact that the physical based model is included in most of the common IS software providing reasonable
results and do not require visiting the specific site determines that is becoming more used rather than
empirical-based methods (Ben-Dor et al,, 2004). Additionally, the latter only approximate the highly variable
processes in time and space in the atmosphere controlling the transfer of radiance to and from the Earth’s
surface to the sensor (Van der Meer, 2001). Plus, the full potential of IS can only be exploited when using
physical based approaches and develop new knowledge about a study area (Ben-Dor et al., 2004; Richter, 2010).

The two IS data sets collected in the S. Domingos, i.e. the HYMAP™ (year 2000) and SPECIM EAGLE-HAWK
(year 2007), were atmospherically corrected with a radiative transfer modelling using FLAASH software
(ATREM based model), comparing in the case of HyMAP™, two different types of software (HyCORR, a
MODTRAN based model). A post atmospheric processing was done using an EFFORT Polishing in the
segments 437-1323 nm, 1433-1805 nm and 1970-2485 nm (2451 in the case of SPECIM EAGLE-HAWK).

For both 2000 and 2007 IS datasets, the FLAASH was run with an atmospheric model of a mid-latitude summer,
using an adjacency effect which takes into account the spatial component by integrating reflectance from
neighbourhood pixels, and local atmospheric information. Post atmospheric corrections were conducted with
an EFFORT Polishing, in which were tested in the case of the 2000 IS data the effect of using local field spectra,
specifically, of mining waste and Acid Mine Drainage (AMD), or without field spectra, to model the reflectance
data. The findings of this experiment permits to conclude that constraining the image modelling using spectral
signatures of a specific target of interest limits the extraction of information, if the objective is to increase the
knowledge about an area when a resource such as IS data is available. Thus, the mosaic to be used in the next
steps of processing in Chapter 5 will be the one polished using solely the image data leaving the use of field
spectra to a further advanced phase of image processing.

Comparing both average reflectance mosaics of year 2000, the overall shape of results is similar but presents
some variability within some segments of the wavelength range. The FLAASH-EFFORT is smoother than
HyCORR-EFFORT and in some cases excludes absorption features, as the case of “red edge” feature. A
distinctive character is a broad shoulder with a peak at 1281 nm wavelength in FLAASH-EFFORT. Also, in the
segment corresponding to 1462-1793 nm, is delineated a more pronounced curve. In the wavelength range 2.0-
2.5 um, absorption features related to Al-OH bonds, CH,, CO, CO, and N,O present in atmospheric gases
disappear or are smoother in FLAASH-EFFORT.

More detailed comparisons in local targets related to more or less stable or supposedly invariant targets or
focused in mining wastes and Acid Mine Drainage (AMD) show generally the same pattern as in the global
average reflectance values, with an exception to the metallurgical slag hills that present higher variation in
FLAASH than in HyCORR. A few other variations highlight the effect of different atmospheric corrections in
targets related with waste mining materials and related pollutants. This will be assessed at the IS methodology
developed in Chapter 5. Part of this is probably related to the adjacency correction which is absent in the
HyCORR modelling, and possibly the atmospheric model selected. However, the fact that some input
parameters in the HyCORR software were not known complicates the interpretation of the different results
obtained when modelling with distinct software. The same applies to the EFFORT Polishing.

The SPECIM EAGLE-HAWK images captured in the year 2007 (March) were spectrally resampled to the
HyMAP™ wavelength range and mosaic before the application of the FLAASH software and afterwards with
EFFORT-Polishing.

The comparison of average reflectance of both datasets, of years 2000 and 2007, depicts the main trends in
terms of spectral patterns. There are some significant changes in the global average spectral pattern, part of this
related to seasonal vegetation, evidenced by the “red edge” feature. Other significant changes report to the
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flattened average spectral response from year 2000 compared with absorptions features clearly defined on
SPECIM EAGLE-HAWK of year 2007, i.e. at 492, 599, 678, 985, 1138, 1163, 1990 and 2028 nm. Generally in
the segment 1433-1805 nm there is a shift of the broader shape to the higher wavelengths of 2007 average
values data, while in the segment 2028-2451 nm the reflectance values increase from 2000 to 2007 dataset.

In a more detailed scale comparing local targets either with field spectra gathered simultaneously with the
sensor as well as with 2000 IS data, there are some differences in which are not completely clear the reasons.

In fact, there are many factors that are involved between the two dataset capture, despite the different
characteristics of both sensors. This include, but are not limited to; the seasonality corresponding to the wet
period of the S. Domingos area in 2007 comparing to the dry period in 2000 and consequent effects in
vegetation patterns, and the different viewing angle and illumination geometry.

Thus, the multitemporal analysis cannot be considered absolute with the available data set, and is at most
qualitative. The more correct approach for the comparison of the two data sets is to consider it as evolutionary
trends.






5. IMAGE PROCESSING TECHNIQUES OF IMAGING
SPECTROSCOPY DATA

5.0 INTRODUCTION

In this Chapter the image processing techniques for the Imaging Spectroscopy (IS) data of the S. Domingos area
are described. Additionally, some insights of the algorithms driven approaches (advantages and disadvantages of
the algorithms used) are examined and discussed.

The algorithms developed for the test site are presented in the form of an article submitted to a peer-reviewed
scientific journal, where the proposed methodology is tested using a 2000 flightline dataset acquisition for the S.
Domingos area encompassing the open pit. This methodology relies in a multi-source spectral data to identify
the materials related with the Acid Mine Drainage (AMD), deriving a map expressed in terms of mineralogical
assemblages of spectral high correlation.

The methodology is then extended to the all IS dataset captured in 2000, introducing a few improvements to
the multi-source mineralogical assemblages of high correlation. Following the differences established in function
of the type of atmospheric corrections undertaken in Chapter 4, the methodology is applied to HyMap™ data
set, testing two atmospheric radiative transfer modelling using different software’s, i.e. FLAASH and HYCORR,
both with an EFFORT correction. Environmental consequences are drawn from the comparison of results
obtained.

The SPECIM EAGLE-HAWK IS data set captured in year 2007 is processed for the common areas captured in
year 2000, whereas the same multi-source spectral data methodology is applied and others.

The trends of environmental evolution related to Acid Mine Drainage (AMD) of the S. Domingos area is drawn
from the comparison of the two multi-temporal maps, highlighting the main focus of environmental concerns.

5.1 TYPES OF MAPPING ALGORITHMS

When choosing a classifier according to the objective of the IS data analysis there are two main types of
approaches based on pixel i.e. a full or sub-pixel techniques (Chapter 2, Section 2.1.4).

Another useful concept related to strategies of information processing and knowledge ordering is if it is a top-
down or a bottom-up model, as referred in Chapter 4 in Section 4.2. The former may also be considered as a
synonym of analysis or decomposition, whereas essentially the system under analysis is broken down to gain
insight into its subsystems. A bottom-up approach is essentially gathering together systems to give rise to
grander systems.
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When strictly applied to image classification both types of models have requirements detailed in Chapter 4,
Section 4.2 concerning atmospheric corrections, each with different advantages.

Concretely, in the case of bottom-up approach an atmospheric correction is required due to the use of field or
laboratory spectra, while in the case of a top-down approach the atmospheric effects are already incorporated
when searching for similar features across the image. Focusing strictly into the advantages of IS classification a
bottom-up approach allows that the same spectral library to be extended over wide areas and across multiple
images to identify specific feature types (Aspinall et al., 2002). The same authors also consider that IS imagery
can sometimes provide the unique opportunity to take advantage of the strong points of both top-down and
bottom-up approaches, while avoiding some of their pitfalls.

Due to the complexity of IS data, with very high spectral resolution and many contiguous bands, a mapping
method that can combine approaches and concepts will potentially improve the final result. The methodology
developed in the next Section takes into account a full pixel approach and both a top-down and a bottom-up
concept, by combining different IS datasets. Specifically, the sequence of algorithms for extraction of
endmembers is based in a top-down approach, while the integration of high correlation spectra of distinct origin
correspond to a point dimension of IS data to expand to a whole IS image related to a bottom-up approach.

5.2. THE MULTI-SOURCE SPECTRAL METHODOLOGY

Adjacent bands in IS data are very highly correlated and the correlation tends to be higher than the spatial
correlation (Zhang and Desai 2000). Thus, when processing these types of data, is expected that the
correlations should be higher when considering a point dimension, i.e. a lab spectral analysis data, instead of
spatial dimension i.e. a pixel.

The establishment of a quantitative link highlighting the relationship among multi-source spectral data is also an
important contribution for validation issues, which have incremental difficulties when compared with
multispectral data, as shown in Chapter 2, Section 2.1.4. Thus, if properly correlated through mathematical
matrixes, it’s a way to eliminate uncertainties during image processing and guarantee that the results obtained
are similar when derived from different sources.

Other basis for the development of this methodology is that it encompasses both a full pixel as well as a sub-
pixel component (Chapter 2, Section 2.1.4) as expressed in terms of mineralogical assemblages with high
correlation. The full pixel approach is considered when extracting endmembers from the image, as well when
using similarity measures to map the IS data. Thus it might be advantageous to consider a full pixel approach
instead of an unmixing one. However, a sub-pixel concept is underlying once the spectra of different sources
are expressed in terms of combinations of mineralogical correlations.

In the next Section this multisource spectral methodology is presented in the form of an article submitted to a
scientific journal.

IDENTIFICATION OF MATERIALS RELATED TO ACID MINE DRAINAGE USING
HYMAPTM IMAGERY AT S. DOMINGOS MINE AREA, SE PORTUGAL'

' Authors: Lidia Quental®; Antonio Jorge Sousa® Stuart Marsh® Maria Manuela Abreu?

'Laboratério Nacional de Energia e Geologia, Tecnologia e Inovagao, "Instituto Superior Técnico, Universidade
Técnica de Lisboa (TULisbon), “British Geological Survey ‘Instituto Superior de Agronomia, Universidade
Técnica de Lisboa (TULisbon)
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ABSTRACT

Imaging spectroscopy (IS) can identify target materials at both mineralogical and geochemical level. Therefore, in
environmental applications it can be used to assess contamination derived from mining activities, expressed as
contamination pathways related to Acid Mine Drainage (AMD). This can be based on specific assemblages of
mineralogical spectral libraries, which can indicate pH values at the time of their generation and the subsequent
acid generating potential, or field spectral measurements as input data for mapping algorithms. This study
presents a methodological approach developed to improve the results for mapping contamination pathways, by
combining multi-source spectra at different scales. Besides the mineralogical libraries and field spectra
mentioned, additional endmembers that are extracted from IS data are used, so as to highlight particular site
phenomena otherwise undetected by the two previous approaches. The highly correlated spectra are then
input to the Spectral Angle Mapper algorithm, to establish a map of local field spectra and also one derived from
endmembers. The intersection of the two maps results in an improved map, assigned in terms of correlation
20.8 of mineralogical assemblages focused on AMD indicators. This methodology was tested in the abandoned
S. Domingos Mine, in SE Portugal, Iberian Pyrite Belt, with AMD caused by long-term exploitation of
Volcanogenic Massive Sulphide deposits. Data from the HyMap™ sensor covered the area and
spectroradiometric measurements were undertaken and analysed for mineralogical and geochemical content. A
fligthline containing the open pit was processed according to the aforementioned methodology, focusing directly
on the target of interest and minimising errors. The final map displays the mineralogical assemblage correlations
20.8 of variable pH indicators, particularly isolating a low pH combination.

KEY-WORDS: Imaging spectroscopy, multi-source spectra, Pearson correlation matrix, Acid Mine Drainage,
mineralogical correlation map.

5.A INTRODUCTION

Imaging spectroscopy (IS) or hyperspectral imaging sensors, characterized by high spectral resolution across a
wide range of the electromagnetic spectrum, along with dedicated algorithms, enable the identification of the
chemical or mineralogical composition of the imaged target. Thus, wide fields of application can take advantage
of IS properties. Focusing on environmental concerns such as contamination related to mining areas, several
studies have provided valuable information on mineralogical assemblages with the purpose of assessing (Swayze
et al.,, 1996; 2000; Dalton et al., 1998) and monitoring (Ong et al., 2003; Zabcic et al., 2005) areas affected by
Acid Mine Drainage (AMD) and consequent release of hazardous elements. Rather than using mineralogical
assemblages contained in standard mineralogical spectral libraries, which are processed in the identifiable
spectral range of the minerals searched, another possibility is to directly map the contaminants using spectral
field signatures across the Visible, Near Infra-Red (VNIR) and Short Wave Infrared (SWIR) range, properly
correlated with chemical field data (Kemper and Sommer, 2003; Ben-Dor et al., 2009).

The project “Assessing and Monitoring the Environmental Impact of Mining Activities in Europe Using Advanced
Earth Observation Techniques” (MINEO; FP5 contract IST-1999-10337) also added a contribution to the
environmental assessment and monitoring of mining areas, covering a diversity of mining environments and
respective types of contamination (Chévrel et al., 2003, 2004). Specifically concerning the AMD environment,
contamination mapping based on IS has been achieved using spectral data either of waste mining field materials
(Quental et al, 2002a; 2003) or from mineralogical standard spectral libraries as developed by Clark et al.
(1993) (Borguignon et al., 2003; Quental et al., 2003), and focused on their acid generating potential (Swayze et
al., 1996; 2000; Montero et al., 2005). Thus, hot spot targets were highlighted for remediation purposes, and
consequently, to minimise their impact on the surrounding environment.

These studies all take advantage of the fact that the occurrence of certain minerals indicates specific ranges of
pH values. Waste mining materials with high sulphide content are considered a primary source of AMD (Singer
and Stumm, 1970; Nordstrom and Alpers, 1999; Espana et al,, 2005). When in contact with water and oxygen
the sulphides react to oxidize and generate an acidic leachate which contains dissolved trace elements and
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sulphate. This acidic leachate is partly neutralised by hydrolysis reactions with the surrounding materials as the
solution flows away from the active oxidation points leading to the accumulation of iron sulphates,
oxyhydroxides and oxides in a spatial and temporal sequence that represents the buffering of the acidic solution
as it moves away from its source (Swayze et al., 2000; Montero et al., 2005). Using IS principles it is possible to
identify the unique spectral absorption characteristics of secondary iron minerals (Clark, 1999). Further details
on the basis for spectral interpretation and mineral identification are given in Montero et al. (2005) and
Crowley et al. (2003). Thus, the mineralogical mapping of an area based on specific minerals can indicate pH
values at the time of their generation and subsequently the acid generating potential, providing valuable
information for the prioritization of remediation procedures.

Nevertheless, both types of spectral datasets, i.e. reference spectra from the field or standard libraries, may
present some drawbacks according to the nature of the problem considered and specifically concerning
contamination mapping. When using mineralogical standard libraries to classify IS data, the spectra are
measured in the laboratory in pure samples, not taking into account the highly complex mixtures of minerals
under evolution in the natural environment. In fact, this procedure is suitable when pure materials, contained in
the library, are on the ground, but in most real-world situations, since materials are both spatially and intimately
mixed, only the strongest features are matched. Even if a few sites in a scene are pure materials, many others
are mixtures of materials (Plaza et al., 2004, 2009; Chang, 2007). These mixtures of materials within a pixel can
complicate the analysis of IS information, often masking the diagnostic spectral features of materials of interest
and hampering their identification (Zhang et al., 2005).

Although field spectroradiometric measurements depict the local reality of the target at a given time, if this is
not properly matched with mineralogical and geochemical analysis the derived classification may lack significant
information and not take full advantage of IS’s capabilities. Moreover, the spatial view provided by IS data and
extraction of information through adequate algorithms, i.e. relevant endmembers as the “purest” spectrum or
just a constituent part of a spectral mixture (Boardmann, 1995; Adams and Gillespie, 2008) that occur in a
scene, can give further information about local spectral signatures that is only occasionally detected by the
other two types of spectra. In fact, taking into account the real-world situations where materials are spatially or
intimately mixed, the most widely used technique analyzing IS data is to determine endmember spectra directly
from the image (Plaza et al., 2004). The extraction of endmembers from an image has benefits over the use of
spectra measured in the field or laboratory. Library and field spectra are rarely acquired under the same
conditions as airborne or satellite data and they may not adequately represent all important endmembers. On
the other hand, field and laboratory spectra are usually collected from surfaces one wants to map, and thus,
they have direct physical meaning for mapping purposes. Imagery may provide similarly meaningful endmembers
that can be considered “pure”, or relatively “pure”, spectra (Rogge et al, 2007). Additionally, when using
endmember spectra, this already takes into account the spectral pattern modeled by the atmospheric
corrections, thus, information in the similar spectral and spatial data to be mapped.

In order to maximise the spectral information to environmentally assess mining areas using IS data, a new,
hybrid methodology is applied to further discriminate materials according to their AMD potential. It relies on
the use of multi-source spectra and the establishment of a quantitative link through correlation with
mineralogical standard libraries of USGS (Clark et al, 1993). This methodology highlights: i) local field
spectroradiometric characteristics assigned to known mineralogical content and, ii) information provided by
meaningful hyperspectral image derived endmembers. The methodology is tested on the open pit area of the S.
Domingos Mine located in the Iberian Pyrite Belt.

5. METHODOLOGY

The methodological approach exploits the Pearson correlation coefficients among three types of spectral data
with distinct origins: i) mineralogical standard library; ii) local field spectroradiometric measurements; and iii)
endmembers derived from high spectral resolution images. This serves as a means to select spectra for
contamination mapping of the IS data (Figure 5.Al).
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Figure 5.A | Methodological approach.

For i) the minerals selected according to their characteristics related to AMD are taken from the USGS
mineralogical spectral library as developed by Clark et al. (1993) and implemented in ENVI 4.8 software (ITT,
2010). These spectra were measured on a custom-modified, computer-controlled Beckman spectrometer at
the USGS Denver Spectroscopy Lab. Wavelength accuracy is in the order of 0.5 nm in the near-IR and 0.2 nm
in the visible.

For ii) field spectra collected in the study area with a spectrometer contribute ground reference information. In
this case the ASD FieldSpecPro spectrometer was used with spectral sampling varying from 1.4 nm to 2 nm and
spectral resolution from 3 nm to 12 nm with wavelength accuracy of | nm.

For iii), among the different types of algorithms to extract endmembers from images , a sequence of a Minimum
Noise Fraction (MNF) transform (Boardman et al., 1994) as modified from Green et al. (1988), Pixel Purity
Index (PPI) (Boardman et al., 1995) and n-D visualiser were selected. These algorithms were implemented in
ENVI software (ITT, 2010) and follow a protocol designated as Automated Spectral Hourglass, where the
prediction of endmembers can be done in an automatic manner.

From the endmember spectra obtained, those not related to the mapping target, i.e. the AMD, are excluded,
which encompasses vegetation patterns or errors in the image. Jointly with field spectra and the mineral
spectral library, they are correlated through the Pearson correlation matrix according to the same wavelength
values. In this case the ANDAD software (Sousa and Sousa, 2000) was used to do this. Establishing the
correlation among these multi-source spectral data, i.e. i), ii) and iii), two features are highlighted, a) potentially
relevant endmembers provided by a spatial spectral view, based on the IS images and, b) the relationship of field
spectra of a specific area and their acid generating potential, based on mineralogical assemblages.

In order to improve the next steps of classification, only the spectra with the highest values, i.e. 20.80 assigned
to USGS mineralogical spectral library and focused on AMD indicators are selected for the spatial mapping of IS
image using the Spectral Angle Mapper (SAM) algorithm (Kruse et al,, 1993). The SAM is an algorithm which is a
physically-based spectral classification that uses an n-dimensional angle to match pixel spectra to reference
spectra. The algorithm determines the spectral similarity between two spectra by calculating the angle between
the spectra, treating them as vectors in a space with dimensionality equal to the number of bands. In this case,
the angle between IS image and multi-source spectra are compared.

Two maps result from SAM, one from field spectral data and the other from endmembers, both being
expressed in terms of correlations with the USGS mineralogical spectral library (Clark et al., 1993). Thus, each
pixel of both maps is assigned to the minerals with correlation values 20.80, i.e. they are converted to the
mineral correlation values established.

Performance is improved by eliminating pixels mapped only for one type of input spectra, so that the final map
is the intersection of the two previous maps. For each input map, respectively derived from field spectra and
from endmembers, the pixels containing the same assigned minerals are merged above the correlation
threshold 20.80 and then intersected. This intersection is executed by combining pixels with identical mineral
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assemblages above the threshold correlation value mentioned. In this way, the dispersion pattern of the most
relevant minerals for the area, in particular the ones which indicate a low pH value and thus environmental hot
spot targets, are highlighted.

5.C TEST SITE AND DATA SETS
5.C.1 Characteristics of the test site: S. Domingos Mine area

The now abandoned S. Domingos Mine (SD) is located within the Iberian Pyrite Belt, known worldwide as the
Metallogenic Province for Volcanogenic Massive Sulphides (VMS) deposits within the Iberian Peninsula. The
former mine, in southeastern Portugal close to the border with Spain, is approximately sixty kilometers SE of
Beja. The mining activity started in pre-Roman and Roman times with the exploitation of Ag, Au and Cu in the
gossan and afterwards in modern times, in the middle XIX century for Cu and S, secondarily for Au, Pb and Zn
both in the gossan and VMS. Mining ceased in 1966 due to the exhaustion of the ore and production has been
estimated at more than 25Mt (Carvalho, 1979), while waste mining materials are estimated to be in the range of
several million tons.

Compatible with the volume of the ore extracted and processed, the AMD was intensive with effects that
endure until today. The development of several mining infrastructures for exploitation, processing and
transportation of the ore, including sulphur plants, facilitated the dispersion of mine waste materials and related
pollutants, visible within an area of 50 km? (Quental et al., 2002a;b) (Figure 5.A.2).

Tapada
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oW AL 3
transpgift [Lj-tl] ;
the ore m
Sensor: HyMapTM 3
Data cepture: August 21, 2000

MM-Z-:W-”M

a) b)
Figure 5.A.2. a) General view of the area related to mining activities and main subareas for data collection
overlayed on geocoded and mosaiced fligthlines of the HyMap™ sensor, b) fligthline of detailed study area with
subset area and soil and spectra samples location (white squares, SD-S. Domingos).

No remediation measures have been applied to the area, allowing for a complex geochemical evolution under
semiarid conditions. According to the Thornthwaite classification, the climate of the region is semiarid
mesothermic, with no excess water and small thermal efficiency in the hot season, and it can be divided in two
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distinct seasons, a wet period from November to March and a dry period from May to September. The annual
average air temperature is 17.6 °C, and annual precipitation is 559 mm (Abreu et al., 2008).

5.C.2 Airborne hyperspectral data from HyMap™

The HyMap™ sensor owned by Hyvista Corporation (HVC), covers the spectral range 450 to-2500 nm, with a
spectral bandwidth varying between 10-20 nm and with a signal to noise ratio better than 500/1 (Cocks et
al.,1998). HVC used a Dornier 228 aircraft operated by the Deutsches Zentrum fir Luft und Raumfahrt (DLR)
to acquire HyMap data over the S. Domingos mining area on 21 of August 2000. The ground instantaneous field
of view (GIFOYV) for these data is 4.3 m. The dataset was provided as radiance by HVC, and also calibrated to
reflectance using HyCorr software, which is a modified version of the ATmospheric REMoval (ATREM) (Gao et
al, 1999) software with an Empirical Flat Field Optimal Reflectance Transformation™ (EFFORT) Polishing
implemented in the ENVI software. The EFFORT as described by Goetz (1997) and Boardman (1998) is an
analytical process that bootstraps a linear adjustment to apparent reflectance spectra to improve the accuracy
of spectra following calibration with ATREM. This improves the comparison with library-based spectra, the
basis of many of the image interpretation methods.

The fligthlines were geocoded in UTM, WGS84 datum using DGPS flight data. An overview of the area is given
by the mosaiced fligthlines in Figure 5.A.2a, while the fligthline tested in this work encompasses the open pit is
depicted in Figure 5.A.2b.

5.C.3 Field data

5.C.3.1 Spectroradiometric measurements

Field spectra were collected across the area with an ASD FieldSpec@Pro spectrometer, with wavelengths
between 350-2500 nm. The collection was focused on selected targets depicted in Figure 5.A.2a) and named S.
Domingos (SD), Tapada (TA); Achada do Gamo (AC); Telheiro (TE); Pomarao N (PN) and Pomario S (PS).
These subareas were selected inside of the main area of the airborne hyperspectral dataset capture, taking into
account the diversity of geological features, mining aspects and environmental issues (Quental et al., 2002 a and
b). Particular emphasis was given on supposedly contaminated targets, respectively SD, AC, TE and PS, while
TA and PN are considered background areas. Based on the geochemical concentration of some of the targets,
their field descriptions and spectral characteristics, 92 spectra were selected for this work.

5.C.3.2 Soils and waste mining materials

Soil and mine waste materials samples collected (Figure 5.A.2) for the contaminated subareas of SD presented
high anomalies of several chemical elements such as As, Cu, Pb and S (Quental et. 2002a; b; Abreu et al., 2004).
The other two contaminated subareas (AC and TE), presented high values mainly in As, Hg, Pb and Sb (Tavares
et al,, 2008; 2009).

X-Ray Diffraction analysis of the soil clay fraction (<2 pm) for the non-contaminated subareas of TA and PN

(Figure 5.A.a) shows that the soils were mainly composed of mica, kaolinite, quartz, interstratified mica-
vermiculite, berthierine, halloysite, hematite and vermiculite. In the contaminated subareas of SD, AC and TE
soil clay fraction contained mica, kaolinite, hydroxy-interlayer Al/Fe vermiculite, quartz, goethite, hematite, and
halloysite.

Jarosite, natrojarosite, anglesite and plumbogummite salts were identified in the materials of SD, TE and AC
(contaminated subareas). Salt efflorescence, only recognised in AC and SD sub-areas, showed a mixture of
complex hydrated sulphates of Pb, Cu, Zn, K, Al, As, Fe and Ca. A mixture of copiapite and rumerite has been
recognised in AC. Alunite was also identified in SD.
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Jarosite only occurred in soil samples with pH <4.2, whereas the hydroxy-interlayer Al/Fe vermiculite occurs in
soil samples where pH lies between 3.5 and 6. This clay mineral does not occur in soils developed on dumps,
which were not leached by acid waters (SD), even if the pH lies in the same range (Quental et al.,, 2002a).

5.D Results

5.D.1 Correlation matrix of spectral data

The ASD field spectra collected in the sub-areas were visually analysed, with the vegetation excluded. Selected
minerals from the USGS spectral mineralogical library (Clark et al., 1993), taking into account global
mineralogical field results for the area and AMD indicators, and extracted endmembers from Hymap™ also
excluding vegetation and image errors, were correlated in ANDAD software (Sousa and Sousa, 2000) based on
wavelength values. Excluding also noisy bands such as strong water vapour bands and a few others either from
ASDFielsPecPro or in Hymap™, the wavelength values used were the ranges 449-1337 nm, 1434-1782 nm and
1989-2470 nm corresponding to |18 bands.

Table 5.A.1 presents the characteristics of the USGS spectral library minerals that have correlation 20.80 with
the other two types of data, namely field spectral data and image endmembers (Table 5.A.ll).

Examples in spectral space of the highest correlated minerals with low pH spectra are given in Figure 5.A.3.

Table 5.A.1 Minerals from the USGS spectral library (Clark et al.,, 1993) presenting high correlations and with
Correlation Matrix Name (CMN) adopted.

USGS Spectral library filename ‘ CMN USGS Spectral library filename CMN
a-alunit Ammonioalunite NMNH 145596 aA jarosit3 Jarosite GDS100 Na-Sy 90C J3
a-jarosi Ammonio-jarosite SCR-NH] El| jarosit4 Jarosite GDS101 Na-Sy 200 J4
a-smecti Ammonio-Smectite GDS86 asS jarosit5 Jarosite GDS24 Na )5
alunitel Alunite GDS84 Na03 Al jarosité Jarosite JR2501 K J6
alunite2 Alunite GDS83 Naé3 A2 jarosit7 Jarosite NMNH95074-1 Na 17
alunite3 Alunite GDS82 Na82 A3 jarosit8 Jarosite WS368 Pb 8
alunite4 Alunite AL706 Na A4 jarosit9 Jarosite SJ-1 H3O - 10-20% 19
alunite5 Alunite HS295.3B A5 kaolinil Kaolinite CM9 K
Copiapit Copiapite GDS21 Co kaolini2 Kaolinite KGa-1 (wxyl) K2
chlorit4 Chlorite SMR-13.c 45-60um C4 kaolini3 Kaolinite KGa-2 (pxyl) K3
chlorit5 Chlorite SMR-13.d 30-45um (o) kaolini4 Kaolinite KL502 (pxyl) K4
chlorité Chlorite SMR-13.e <30um Cé kaolini5 Kaolinite GDSI | <63um K5
Ferrihyd Ferrihydrite GDS75 F kaolinié Kaolinite CM3 Ké
goethitl Goethite WS§222 Gl kaolini7 Kaolinite CM5 K7
goethit2 Goethite HS36.3 G2 kaolini8 Kaolinite CM7 K8
goethit3 Goethite WS219 G3 illitel lllite GDS4 1
goethit4 Goethite WS220 G4 illite2 lllite IMt-1.2 12
Hematit| Hematite 2%+98%Qtz GDS76 HI illite3 lllite IMt-1.b <2um 13
Hematit2 Hematite GDS27 H2 illite4 lllite IL101 (2M2) 14
Hematit3 Hematite GDS69.a 150-250u H3 illite5 lllite IL105 (IMd) 15
Hematit4 Hematite GDS69.b 104-150u H4 Lepidocr Lepidocrosite GDS80 (Sy) L
Hematit5 Hematite GDS69.c 60-104um H5 pyritel Pyrite HS35.3 Pyl
Hematité Hematite GDS69.d 30-45um Hé pyrite2 Pyrite S142-1 Py2
Hematit7 Hematite GDS69.e 20-30um H7 pyrite3 Pyrite S26-8 Py3
Hematit8 Hematite GDS69.f 10-20um H8 pyrite4 Pyrite $29-4 Py4
Hematit9 Hematite GDS69.g <I0um H9 pyrite5 Pyrite S30 Py5
Hematite Hematite HS45.3 Ha quartz2 GDS31 0-74um fr Q2
Hematitb Hematite WSI61 Hb quartz3 Quartz HS32.4B Q3
Hematitc Hematite FE2602 Hc quartz4 Quartz GDS74 Sand Ottawa Q4
Jarositl Jarosite GDS99 K-y 200C ]I Sulfur Sulfur GDS94 S
Jarosit2 Jarosite GDS98 K-Sy 90C J2
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Table 5.A.l Minerals Correlation coefficients of field spectra (subareas of Figure 5.A.2. a) and endmembers

expressed in USGS spectral library minerals following CMN nomenclature of Table 5.A.l.

FIELD SPECTRA >0.90 0.80<N<0.90

TE-73 13.8) 12.4,5,6,7,9),Q3.4), GBA)HI,L

TE-90 L.G3(2.3,6,7.89) G(1,4),1(1,5)J(1,4,5),F HI

TE-92 1(2.3.689)L G(1,3,4))(1,45.7)IL,FHI

PN-103 G(1,3,4),5,8,H(1,2),Q4,LF J(3:4,5,6,7).H(2,b,¢,8,9),Q(2.3).11,C(5,6),Py2
PN-103-6 G(1,3,4),H(1,2)/8 FJ(3.5.6.7)11,Q(2,3).H(a.b,c.9),.Cé

PS-137 LG(1,3,4,H(1,2),Q4)(6.7.8).I5 FJ(2,3,4.5.9),Q(2.3).l1,H(a,b,c.9),C6,Py2
PS-138 123.9) a)(1,6)

PS-149 Co,A3 A(1,2,4,5,6)aA.21,25,14,K(3,4)

PS-151 Co,A3 Aa,1,2,4,5.6)2l 25,14,K(3,4,6)

PS-152 A(1,3,5,),Co.al 14,A(2,2,4,6),5,K(1,2,3,4,5,6,7)

PS-154 A(1,3,5),Col 14,A(2,2,4,6),5,K(1,2,3,4,5,6,7)

PS-155 A(1,3,5),CoAi A(a,2,4,6),14,25,K(1,2,3,4,5,6,7)

PS-157 123.9) J(@,1,4,6,5,7,8),L,G3

PS-158 1(2.3.46.8) J(1,5,7.9),LHI,G(1,3.4)11,Q4

PS-163 L 1(2,3,4,5,6,7,8.9)G(1,3,4),H(1,2).11 F,Q4
PN-175 F.G(1,3,4).1(1,5).)(6,7.8).L C(4,5,6)H(1,2).)(2,3,4,5),Py2,.Q(2,3.4)
PN-176 F.G(1,3,4),H(1,2),I5,)8.L,Q(3.4) Cé,H(ab,c,8,9)11)(6,7).Py2,Q2

AC-203 A, 1,3),25,Col, K(2.3.6,7)

SD-210 F.G(1,3.4).H(b.c,1,2,9),I5,8,L,Py2,Q4 Cé,H(2,3,4,6,7,8),)(3,4,5,6,7),Q(2,3).Py5
sD-212 F.G(1,3,4),H(1,2),I5,)8,L,Q4 Cé,H(ab,c.89)1,)(2,3,4,56,7.9), Py2,Q(2.3)
SD-225 Co,Aa,l,3)

SD-246 F.G(1,3,4),H(1,2),15,)(6,7.8).L C6H(b.c3.89)l1, J(2.3.459).Py2, Q(2.34)
SD-248 F.G(1,3,4).G(3.4)H(c,1,2).15,)(7.8),L,Q4 C6,H(b,3.7.89).11,)(2,3,4,5,6,9).Py2, Q(2.3)
ENDMEMBERS >=0.90 0.80=<N<0.90

#A a5,Co,aA A3

#B 123911

#C A(1,3),Co A(2,.2,4,5.6).al,25,14,K(3,4,6,7)

#D 12.9)

HE A(1,3,5,6)Co, al A(a,2.4).25,14, K(1,2,3,4,5,6,7)

#F a))(2,3.9).Q!

#G F.GGA4)HII1)(2,3,67.89)L.Q4

#H 12.3.9), Aj

It is clear that relevant spectra related to AMD may present a relatively flat pattern and not sharp absorption
features that can be easily identified. The minerals spectra themselves are rather flat, as well as the signatures of

most mixed materials either from image or from field spectra, which determined the use of the entire above
mentioned wavelength range.
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Figure 5.A.3. Examples of low pH minerals spectra from laboratory measurements (a), the high correlated field

spectra (b) and image derived endmembers (c).
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5.D.2 Spectral Angle Mapper (SAM)

The SAM inputs the highly correlated spectra with USGS library expressed in Tables 5.A.l and 5.Alll, using a
standard 0.1 radians angle

This algorithm produces the two intermediate maps (Figure 5.A.1) of spatial distribution of spectra that each
have high correlations with the USGS spectral library minerals (Table 5.A.ll): in Figure 5.A.4 depicts the pattern
of field spectra, while Figure 5.A.5 shows the pattern of the endmembers extracted from the HyMap™ image.

Further details are given in both about % of classified classes and also the statistical parameter coefficient® of
variation (CV), in order to compare the homogeneity of the classes. The intersection of the two maps is done
by assigning each pixel to classes according to the value of correlation of mineralogical assemblages, after Table
5.A.l. The final map is depicted in Figure 5.A.6. In this, each of the minerals discriminated in the subtypes in
Table 5.All, e.g. JI (jarosite 1) or J2 (jarosite 2) is summarised in just one type (jarosite). This is done to
facilitate the comprehension of the spatial dispersion pattern of minerals over the area. For the intersection,
only correlations 20.80 are considered and it is focused on minerals that are connected to the acid producing
capabilities (red-yellow classes) or not (orange-brownish classes). The averages of the final classes are depicted

in Figure 5.A.6. The minerals in brackets refer to non-acid generating minerals present in the correlation matrix
in field and image endmember spectra. An exception to this is the quartz and illite in the jarosite class, due to
the fact that it reports only to the image endmember class. This has been maintained, as neither of the two
minerals are as clearly environmental indicators as the different iron secondary minerals.

Details of the three maps are given in Table 5.A.lll, considering the area occupied and the CV.

Table 5.A.lll Detail of input spectra, areas and correlation coefficients of the intermediate and final maps.

MAPS | ASD FIELD ENDMEMBERS MINERALOGICAL
CORRELATION
Spectra Area cv Spectra Area cv Spectra Area cv
(Table (m2) (Table (m2) (m2)
CLASSES 5.A.11) 5.A.11)
Copiapite
-alunite P(149,151, 36,369.8 0,482 #(A,C,E) 219,439.3 0,301 2,237.3 0,399
(1,S,K) 152,154,155, K]
203,225) g
w“ £
5
Jarosite (I, P138 203,186.6 0,286 #(B,D, F, H) 1,742,848.9 0,231 5 E 21,855.2 0,379
qz) B3
#G 355,858.5 0,243 g’ 3
FGHIIL (qz) | P(90,92, 7312425 0,19 g5 202,742.9 0219
163) £
SUM 970,798.9 2,318,146,70 226,83540

2 Referred as the cosine in ENVI (ITT, 2010) and not the inverse as formally defined (Chang, 2007).

? Coefficient of variation (CV) = c/aver, whereas ¢ = standard deviation and aver = average of data distribution.
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. = . Field % Ccv | Field % cv
iy Spectra spectra
k Unclassified 79.348
TE 73 0.800  0.244 | PS-155 0.005  0.339
TE-90 0381 0189 | PS-157 0282 0241
TE-92 0129 0222 | PS-158 0014 0199
PN-103 0.040 0162 | PS-163 11319 0.194
WP.149 to 155 PN-103-6 1700 0.173 | PN-175 0.018  0.167
WP.203
WP.225 PS-137 1926 0233 | PN-176 0011  0.185
P.188 ...
P57 PS-138 3286 0286 | AC-203 0.049 0224
WP.156 &
:PE 9" PS-149 0.016 0151 | SD-212 0.056 0.116
- PS-151 0.002 0238 | 8D-225 0441 0487
WE.108 to 106 - PS-152 0.019 0548 | SD-246 0070  0.129
P.176 3
P210 to 212 - PS-154 0.057  0.596 | SD-248 0.020  0.135
P.248

P.248

Figure 5.A.4 Spectral Angle Mapper algorithm of field spectra of Table 5.A.ll, and details of % and coefficient of
variation of each class. Red-yellow-brown colors show increase of pH values based on minerals associations.

Endmember % CcVv
spectra
Unclassified 62499 -~
#A
1494 0246
#B
8231  0.251
#e 1397 0294
#
ol 16.094 0.179
#E
0.659  0.299
L 3154 0232
it 5756  0.243
L 0.716  0.404

b )

H B
R R T

Figure 5.A.5 Spectral Angle Mapper algorithm of endmembers extracted from the image. Legend key for
minerals correlations in Table 5.A.ll, and details of % and coefficient of variation of each class. Red-yellow-
brown colours show increase of pH values based on mineral associations.
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Figure 5.A.6 Mineralogical correlation (20.80) map of AMD with increasing pH from red through
yellow to brown classes and average spectra (normal-left and continuum removal-right) of the
classes obtained.

5.E Discussion
5.E.l Correlation Matrix

Values from Table 5.A.ll show that correlations 20.80 are achieved, according to what is expected from IS data
characteristics, where the adjacent bands are very highly correlated and this correlation tends to be higher than
the spatial correlation (Zhang and Desai, 2000).
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Considering ASD field spectra measurements, from the 92 spectra selected 23 present high correlations with
the USGS library. From the 96 image endmembers extracted from Hymap™, 20 spectra present also a very high
correlation with the USGS library, but 10 of them are related solely to minerals not relevant for the objective
of the work (e.g. quartz, and a-smectite) that do not indicate acid generating potential or buffering capacity.
Two more were excluded due to the fact that copiapite and alunite were below 0.80 correlation values. Thus,
only 8 spectra directly related to the acid generating potential remain for further processing.

It is also observed that the correlation of the USGS spectral library minerals with field spectral measurements
indicate a much higher global correlation, namely 20.90, when compared with the global correlation of
endmembers derived from the hyperspectral image, and also show a much greater variability of minerals. In
contrast, only two correlations 20.90, can be detected on the correlation of the USGS spectral library minerals
and image endmembers and the mineralogical diversity is much lower. This is thought to be explained by the
large pixel dimensions, when compared to a much more localised point measurement of field spectra, and also
by the effect of the atmospheric corrections undertaken in smoothing the signal with an EFFORT polishing
(Section 5.C.2). It must also be stressed that the higher variability expressed in the X-Ray Diffraction results
(Section 5.C.3.2) without equivalent available data on spectral libraries, implies a higher mineral complexity in
the target analysed.

These mineralogical assemblages provide indications about pH values at the time of the minerals’ formation.
The accumulation of specific types of minerals is a function of the pH values and the chemical content of
leachates. Copiapite [Fe?*Fe**4(SO,),(OH),*20(H,0)] and jarosite [KFe;(SO,)2(OH),] form at pH values <3, and
precipitate near sources of acidity that are also sources of iron and trace elements (Nordstrom and Alpers,
1999; Smith et al, 2006). However, jarosite may also precipitate at higher pH values of waters, i.e. 3.8 as
referred in Bigham et al. (1996). Goethite [a-FeOOH] forms at pH values generally less than 6 from the
dissolution of previous minerals, including early-formed goethite, and so precipitates farther from contaminant
sources. Hematite [a-Fe,O;] accumulates even farther from the sources of acidity, after forming in a pH
dependent process that may involve the dehydration and transformation of earlier precipitates, such as those of
goethite and ferrihydrite (Montero et al,, 2005). The latter usually occurs at pH 6.5 or higher (Bigham et al,,
1996).

The mineralogical correlations obtained highlight the mineralogical assemblage of copiapite and types of alunite,
whether with the presence of a-smectite, illite or kaolinite (Table 5.All), and the exclusion of any other iron
secondary minerals, in particular of jarosite.

Although copiapite and jarosite appear as the minerals with the lowest pH values in the sulphide oxidation
pathway (Nordstrom and Alpers, 1999; Smith et al, 2006), this split appears to confirm a higher pH
precipitation value for jarosite, suggesting a threshold of pH values detectable in the spectral data. The
correlation values (Table IlI) are only above 20.90 for the endmembers for this specific copiapite-alunite
assemblage. This assemblage equates in the previously reported field spectra mapping (Quental et al., 2002a;
2003) to the class defined as mixed sulphur materials, corresponding to high acid producing material.

Using detailed information about the type of mineralogical spectral library allows further environmental
knowledge of the minerals present to be extracted, e.g. type of goethites or jarosites. This can serve as
environmental indicators, based on the mineral’s capabilities to sequester hazardous elements, as in the case of
jarosite and lead. Once such elements are in the form of stable minerals it significantly reduces their spread in
soils and rivers (Silva and Figueiredo, 2010). As an example, the correlation with USGS “Jarosite WS368 Pb”
contains Pb. However, in this test fligthline, this was only verified at point spectra level, i.e. at field
measurements and endmembers, but is not seen in the image scale final map.

5.E.2 HyMap™ mapping

Comparing the maps derived from field spectra (Figure 5.A.4) with the map derived from image endmembers
(Figure 5.A.5), the spatial pattern is quite distinct. The field spectra map a smaller area than the endmembers,
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even if the number of ASD spectra is higher (23) than the endmembers input spectra (8). Although both maps
have a low coefficient of variation (CV<I), implying low variability data and probably absence of anomalous data,
this value tends to be lower in most of the endmember classes. The variability already detected at a
mineralogical level in the Pearson correlation matrix for field and endmember spectra is translated to the image
mapping. While the field spectra map depicts as a major pattern several secondary iron mineral assemblages,
implying a high but unclear pH value (FGHIJL class, Table 5.A.lll), the endmembers maps show the major areas
connected to environmental indicators such as jarosite. In fact, in the field map the mapped areas increase from
low to higher pH classes, i.e. copiapite-alunite to jarosite and mixed secondary Fe minerals classes in the ASD
field map, while in the endmembers map the major areas are covered by jarosite. The final AMD correlation
map follows the same distribution pattern as the ASD field map except that, in the case of jarosite class, the CV
is higher than from both input maps (CV=0.399), possibly due to a very small intersection area with wider
variability.

The final AMD mineralogical correlation map shows the copiapite-alunite dispersion surrounding acidic water
dams, i.e. the inundated open pit, following the railway path and the southern dams. A few other pixels from
this class were detected west of the north end of Tapada Pequena, in connection with jarosite class, as well as
in the border of the Tapada Grande and Tapada Pequena dams (Figure 5.A.2b). To the south of the open pit,
waste piles also contain a few pixels of copiapite-alunite.

The jarosite (illite, quartz) class is concentrated in the waste materials of the open pit, to the west, and
northwest in a more acidic area connected with the geological background materials. This class also depicts a
more dispersed pattern in the village, where part of the ground is composed of waste materials, and also
following the railway path. This shows that the dispersion of hazardous materials is not limited to the areas of
exploitation but has been spread out by activities undertaken over long periods of time, including the use of
these materials for construction purposes, as is the case for the Tapada Pequena and Tapada Grande water
dams.

The occurrence of a large area, i.e. 21,855m? (Table 5.A.lll), with only jarosite as a secondary iron mineral is
very significant because it seems to extend the pH threshold to limits higher than 3.5, as previously suggested
by Montero et al. (2005), if applied to this test site. This is supported by field data, where jarosite occurs in soil
samples with pH values up to 4.2. Also, work by Hammerstrom et al. (2005) seems to imply a precipitation of
jarosite not under very low pH waters, but driven instead by potassium availability.

From the spectral point of view, the average values do not display significant changes among the three types of
classes (Figure 5.A.6), slightly improving when a continuum removal is applied. In fact, many of the minerals of
the three classes have a broad spectral absorption feature associated with Fe?* or Fe’* (Crowley et al., 2003),
so a continuum removal facilitates the comparison. From these, the copiapite-alunite class displays sharper
absorption features, exclusively occurring at 859, 875, 902 and 953 nm wavelengths. These values differ from
the copiapite (434, 547, 883, 914, 2205, 2295, 2400, 2440 nm) as well as from the alunites in USGS libraries of
Clark et al. (1993).

The reasons for the absence or shifts in the absorption features may be primarily related to the fact that the
classes obtained are mixtures, instead of pure materials as depicted in the USGS spectral libraries. The grain
size may also contribute to this variation in spectral absorption features.

All three AMD correlation classes depict strong absorption features at 492, 692 and 2206 nm. Shared smaller
features are present at 2326 and 239| nm, while a small feature at 1168 nm is depicted for both copiapite-
alunite and jarosite classes. The feature at 2358 nm is absent from the jarosite class.

The AMD correlation map indicates an increasing pH value at the time of their formation, from the copiapite-
alunite to the iron oxy-hydroxides minerals classes.
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5.E.3 Advantages of the method employed

Classical validation techniques may not be appropriate when applied to Imaging Spectroscopy, as the imagery is
at times able to map the environment with greater accuracy than can be obtained by field crews or maps
produced by various methods other than remote sensing (Jacquez et al., 2002; Aspinall et al.,, 2002; Foody,
2008). This is particularly relevant when the objective is mineralogical or chemical mapping, when ground
reference data collection must deal with significant scaling from field ground reference points to pixel sized
image samples and most often with mixed pixels. The multi-source methodology tested makes a contribution to
resolving this issue by using different spectral data sources that are highly correlated. Each source contributes
with a different component to the final mapping. The field spectral data provides validation by ground reference
data, while the endmembers from the image provide a spatial view with contiguous spectral data and the USGS
spectral library ties the results to known mineralogy. The extraction of endmembers, as detailed in Section 5.B,
has benefits over the use of spectra measured in the field or laboratory.

The Pearson Correlation matrix using multi-source spectral data, i.e. image endmembers, field spectra and
standard libraries has two major benefits: i) it provides mineralogical information to unknown spectra, and ii) it
selects information from amongst a huge amount of spectral data, focusing on the subject of interest (in this
case AMD) by using the most relevant mineral assemblages. Thus, the required input spectra for mapping are
minimized and correspond only to highly correlated spectra.

In i), a lot of information is retrieved concerning the mineralogical content, which is coherent with field
descriptions and with chemical analysis. Using detailed information about the type of mineralogical spectral
library allows the extraction of further environmental knowledge of the minerals present, e.g. the type of
goethites or jarosites.

The fact that two types of maps are produced, i.e. field spectra and endmembers, and the final map is expressed
in terms of mineralogical assemblages’ intersection’, contributes also to a better result, as contributions to the
final result have come from two types of mapping.

Finally, this methodology overcomes some of the difficulties encountered in previous studies, whereby image
results are difficult to reconcile with field data, or have obscure mineralogical meaning, by minimising the gap
among different spectral data, i.e., field (ASD FielsSpecPro), laboratory measurements (USGS standard libraries)
and airborne images (HyMap™) data.

5.F Conclusions and final remarks

The methodology applied provides a simple way of taking advantage of multi-source spectral data, highlighting
and focusing immediately on the target of interest, whether for environmental or for exploration purposes. The
USGS mineralogical spectral library (Clark et al., 1993) provides the link depicting the mineralogical assemblages
contained in field spectra and image endmembers. This allows a focusing directly on the target of interest, by
selecting the high correlations of specific, relevant mineral assemblages. The quantitative correlation established
to link these distinct spectral sources minimises the errors related to anomalous data. It is also a way of using
ground reference data for improving the results of IS mapping, by creating two different types of maps, and
using solely the identical classified pixels in both mapping outputs, i.e. image endmember and field spectra.

In this specific test site, by detailing the mineralogical spectral content of the data it has been possible to detect
the exclusivity of an AMD signature based on mineralogical assemblages of copiapite with alunites, whether
accompanied with a-smectite, illite or kaolinite, whereas jarosite was completely split into another class. This
suggests that a significant pH threshold has been detected spectrally, extending the range of potential
applications for IS data. In this specific test site, detailing the mineralogical spectral content of data has been
possible to detect the exclusivity of an AMD signature based on mineralogical assemblages of copiapite with
alunites, whether accompanied with a-smectite, illite or kaolinite, whereas jarosite was completely split into
another class. This appears to suggest a pH threshold detected spectrally.
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5.2.1. HYMAP™ MOSAIC

To the Hymap™ mosaic gathered as described in Chapters 3 and 4, i.e. with two different atmospheric
corrections HyCORR (undertaken by Hyvista Corporation) and FLAASH both with EFFORT Polishing, is
applied the multi-source spectral methodology as contained in the previous Section. Further minor
improvements were incorporated in the multisource spectral methodology, namely;

I. the use of USGS 2007 (Clark et al., 2007) spectral library, instead of the USGS 1993 (Clark et al.,
1993) implemented in the ENVI software

Il. introduction of two other secondary Fe minerals in USGS libraries (Table 5.A.l) related to AMD
(Coquimbite -GDS22 WIRIBc AREF- and Schwertmannite BZ93-1 WIRIBb AREF), designated in the
Correlation Matrix Name (CMN, Table 5.1, as Cq and Sc respectively)

lll. changes in the wavelength range used due to the importance of some bands, i.e. introduction of 434
nm, but also for compatibility with SPECIM EAGLE-HAWK sensor (exclusion of 2470 and 2485 nm).
The 118 bands are contained in these wavelength ranges: 434-1324 nm, 1448-1970 nm and 1989-2454
nm

IV. in order to improve the final maps, only the spectra having correlations 20.90, instead of 20.80 are
selected for further processing, as a way to highlight the dominant spectral features of a pixel.
Nevertheless, the HyMap™ mosaic is also mapped at 20.80 spectra correlation to check the utility for
environmental assessment purposes.

5.2.1.1 HyCORR with EFFORT correction

The dataset for the Pearson correlation matrix is n=251, containing 70 USGS minerals, 91 ASD field spectra
and 90 endmembers. From the output of the matrix are excluded the spectra which correlation with USGS
minerals are <0.90, as well as the ones not containing any environmental indicator related to AMD, i.e. only
quartz, a-smectite, illite, kaolinite or alunite. With these criteria the ASD data were reduced to 67 field spectra
and the endmembers to 36. In Tables 5.1 and 5.2 are depicted the spectra correlations, respectively from ASD
field and endmembers, that were captured in the next step when using the Spectral Angle Mapper (SAM) and
excluded the ones containing less than 30 pixels.

A few changes are reported compared to ASD field spectra correlations shown in the previous Section, part
due to the improvements above mentioned. From the same field set, few spectra are excluded and others
absent in the previous section, once not captured by SAM, appear in these correlations. Some modifications in
the correlation value also occur, as the changes in the wavelength range increase the correlation with copiapite
to 20.90, instead of <0.90 previously detected, e.g. AC-203 spectrum (Table 5.A.2 and Table 5.1). The
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suggestion in Section 5.E.Ithat the separability of jarosite from the mineralogical assemblage of Copiapite-
Alunites (a-Smectite, illite or/and kaolinite) is possibly related to a pH threshold, is corroborated by integration
of the coquimbite mineral to this assemblage. This mineral is often associated with copiapite and is also
indicative of very low pH. The assemblage coquimbite-copiapite has been also reported in a similar environment
within Iberian Pyrite Belt, typical of the banks of the stream affected by AMD (Ferreira da Silva et al., 2009).

Other type of information, such as the one reported in PS-164 to PS-166 field spectra (Table 5.1) indicate a
correlation 20.90 with Jarosite 8 (Table 5.A.l) and Schwertmannite, revealing the capture of hazardous elements
like Pb, as described in Silva and Figueiredo (2010). Although depicted at this level of correlation, this class is
not isolated at the threshold 20.90 for the endmembers mapping and thus not intersected in the final classes
following this methodology.

The SAM results for each of the input spectra are depicted in Table 5.3, excluding broad classes with a high
dispersion such as Schwertmannite, while other identical minor mineralogical assemblages are not intersected
by both maps.

Table 5.1 Correlation coefficients of field spectra used expressed in USGS spectral library minerals following
CMN nomenclature of Table 5.A.1.
ASD Field Spec Pro

n=57 ] =20.90 [ 0.80=N=0.90

TE-67  J(2-3-6-8) Sc G(1-3-4) HI 15 J(1-4-5-7-9) L Q(3-4)

TE-71 )(2-3-9) G3 J(a-1-4-6-7-8) L Sc

TE-84  HI J(2-3-8) Sc G(1-3-4) H(a-2) 15 ) (4-6-7-9) L Q(3-4)

TE-85  HI Sc)(3-6-8) Q4 J6 F G(1-3-4) H(a-2) I5 J(2-4-5-7-9) L Q(2-3)
TE-90  G(3-4) J(2-3-6-7-8) L Sc FGI H(1-2) I(1-5) ] (1-4-5-9) Q4

TE-92  J(2-3-6-8-9) L Sc F G(1-3-4) HI 11 J(a-1-4-5-7)

PN-97 FG(3-4)HIJ8LSc Gl H(a-c-2) I(1-5) J(2-3-4-5-6-7-9) Q(3-4)
PN-98  G(3-4) HI J8LSc F Gl H(a-c-2) I(1-5) J(2-3-4-5-6-7-9) Q(3-4)
PN-99  G(3-4)J8LSc F Gl H(a-1-2) I(1-5) J(2-3-4-5-6-7-9) Q(3-4)
PN-100 G3LSc F G(1-4) H(1-2) I(1-5) }(2-3-6-7-8-9) Q(I-4)
PN-103 F G(I-3-4) H(1-2) I5 J(7-8) L Q4 Sc C(1-5-6) H(a-b-c-3-7-8-9) 11 J(3-4-5-6) Py2 Q(2-3)
PN-105 G (I-3-4) H(1-2) I5 )8 L Q4 Sc C6 F H(a-b-c-9) |1 |(2-3-4-5-6-7) Py2 Q(2-3)
PN-106  G(I-3-4) H(1-2) 15 )8 L Q4 Sc C6 F H(a-b-c-9) 11 J(3-4-5-6-7) Py2 Q(2-3)
PN-107 G(3-4) HI 8 L Q4 Sc F Gl H(a-b-c-2) I(1-5) )J(2-3-5-6-7) Q(2-3)
PN-111  Sc F G(1-3-4) H(a-1) Il }(2-3-6-7-8-9) L Q(I-4)
PN-112 Sc F G(1-3-4) H(1-2) I(1-5) J(2-3-4-5-6-7-8-9) L Q(I-4)
PS-137  F G(1-3-4) H(1-2) 15 J(6-7-8) L Q4 Sc C6 H(a-b-c-9) 11 (2-3-4-5-9) Py2 Q(2-3)
PS-138  J(a-2-3-9) J(1-4-6) L Sc

PS-143  |(2-3-6-8) Sc F G(1-3-4) H1 I(1-5) J(1-4-5-7-9) L Q4
PS-146  J(2-3-9) Sc G(3-4) HI Il J(a-1-4-5-6-7-8) L

PS-147  ](2-9) J(a-1-3-4-6) Sc

PS-149 A3 Co Afa-1-4-5-6) aS Cq I(a-4) K(3-8)

PS-151 A3 Co Aa-1-2-4-5-6) aS Cq I(a-4) K8

PS-152  A(I-3-5) Co A(a-2-4-6) aS Cq I(a-4) K(2-3-4-5-6-7-8)
PS-154  A(1-3-5) Co Cq A(a-2-4-6)a$ |(a-4) K(2-3-4-6-7-8)

PS-155  A(1-3-5) al Co Cq A(a-2-4-6) aS 14 K(3-4-6-7-8)

PS-156  A(1-3-5) Co Cq A(a-2-4-6) aS I(a-4) K(2-3-4-5-6-7-8)

PS-157  J(2-3-6-9) G3 J(a-1-4-5-7-8) L Sc

PS-158  |(2-3-4-6-8) Sc G(1-3-4) HI 15 )(1-5-7-9) L Q(3-4)

PS-163 G3)8LSc F G(1-4) H(1-2) I(1-5) J(2-3-4-5-6-7-9) Q4
PS-164 8 Sc G(1-3-4) HI 11 J(2-3-4-5-6-7-9) L Q(3-4)
PS-165  J8Sc G(1-3-4) H(a-1) 11 J(2-3-4-6-7-9) L Q(3-4)
PS-166 8 Sc F G(1-3-4) HI I(1-5) J(1-2-3-4-5-6-7-9) L Q(3-4)
PN-169 Sc F G(1-3-4) H(a-1-2) I(1-5) J(2-3-6-7-8-9) L Q(1-3-4)
PN-171  G(3-4)HI J8LSc C6 F Gl H(a-2) I(1-5) J(2-3-4-5-6-7) Q(2-3-4)
PN-172 Sc G(3-4) H(a-1) J(2-8) L Q(I-4)

PN-174 C6F G(I-3-4) H(1-2) I5 )(7-8) L Py2 Q(2-3-4) Sc  C(1-3-4-5) H(b-c-7-8-9) || |(4-5-6) Py(4-5)
PN-175 |8 F G(1-3-4) I(1-5) J(5-6-7) L Sc C(1-4-5-6) H(b-1-2) |(2-3-4) Py2 Q(2-3-4)
PN-176 F G(1-3-4) H(1-2) 15 )8 L Q(2-3-4) Sc Cé H(a-b-c-3-8-9) 11 )(6-7)Py2

TE_I81 J(2-3) HI J(a-6-8-9) L Sc

TE_I82 J2Sc G3 H(a-1) J(3-6-8-9) L Q4

TE_ 183 J(2-3-8) Sc G(3-4) H(a-1) J(4-6-7-9) L Q(3-4)

TE_191 J3 HI J(a-2-4-6-8-9) L Q(3-4) Sc

TE_192 J(2-3) J(a-1-4-6-8-9) Sc

AC-203 Co Afa-3) a5 K(3-8)

AC-206 Co Afa-1-3) aS K8

(Cont.)



5. IMAGE PROCESSING TECHNIQUES OF IMAGING SPECTROSCOPY DATA | 111

(Cont.)ASD Field Spec Pro

n=57

[20.90

[ 0.80=N<0.90

SD-210
SD-212
SD-215
SD-216
SD-217
SD-218
SD-226
SD-236
SD-237
SD-246
SD-248

F G(1-3-4) H(b-c-1-2-9) I5 J(7-8) L Py2 Q(2-4) Sc

F G(1-3-4) H(c-1-2) 15 )8 L Q4 Sc

HI Q4 Sc

Sc

G4 HI Q4 Sc

HI Q4 Sc

G4 Sc

Sc

J8 G(1-3-4) HI J6 L Q(3-4) Sc

F G(1-3) H(c-1-2) I5 J(7-8) L Q4 Sc

F G(1-3-4) H(c-1-2) I5 J(7-8) L Q4 Sc

C6 H(a-3-4-6-7-8) 11 (2-3-4-5-6) Py5 Q3

C6 H(a-b-3-7-8-9) 11 }(2-3-4-5-6-7-9) Py2 Q(2-3)
F G(1-3-4) H(a-b-c-2) I(1-5) J(3-6-7-8) L Q(2-3)
FG(3-4) 11)2-9) LQI

F G(1-3) H(a-2) I(1-5) J(2-3-6-7-8) L Q3

F G(1-3-4) H(a-c-2) I(1-5) J(2-3-6-7-8) L Q(1-3)
F G(1-3) H(a-b-c-1-2) I(1-5) |(6-7-8) L Q(3-4)

F G(1-3-4) H(a-1-2) Il J(2-3-6-8-9) L Q(I-4)

F H(a-b-c-2) I(1-5) J(2-3-4-5-7-9) Py2 Q2

C6 H(b-3-7-8-9) I1 J(2-3-4-5-6-9) Py2 Q(2-3)
C6 H(a-b-3-7-8-9) 11 }(2-3-4-5-6-9) Py2 Q(2-3)

Cq=Coquimbite

Sc= Schwertmannite

Table 5.2 Correlation coefficients of endmember spectra used expressed in USGS spectral library minerals
following CMN nomenclature of Table 5.A.1.

Hycorr-EFFORT mosaic endmembers

n=36 [ =0.90

[ 0:80=N=0.90

6 J(2-9) Sc

9 HI1 J8 Q4 Sc

11 HI J8 Q4 Sc

12 A(1-5) Co

13 Sc

19 G(3-4) J(2-8) L Sc

22 G(1-4) H(b-c-1-2) 15 J8 Q(2-3-4) Sc
23 Il Sc

24 H(a-1) 15 J8 Q(2-3-4) Sc

25 H(a-1) Q(3-4) Sc

29 G(1-3-4) H(1-2) 15 )8 L Q4 Sc
35 Sc

36 Sc

39 G3J(2-9) L Sc

41 H(a-1) Q4 Sc

44 H1 J8 Q(3-4) Sc

54 A(1-3) Co

56 L Sc

60 F G(I-3-4) H(b-c-1-2-9) 15 J8 L Q4 Sc
64 J2 Sc

65 H(a-1)

66 Il Sc

68 Sc

70 HIl Q4 Sc

72 G(3-4) L Sc

73 F G(1-3-4) H2 J(6-7-8) L Sc
75 J(2-9)

79 G(1-3-4) H(b-1-2) 15 J8 L Q(3-4) Sc
85 A(1-3-5) Co

86 G(1-4) H(1-2) 15 )8 Q(3-4) Sc
9l Sc

94 Co

101 Sc

11 FG@3-4)11)7LSc

114 FG(I-3-4)H2 8L Sc

115 G(I-3-4) H(1-2) I5 8 L Q4 Sc

G(3-4) HI J3-68) L

F G(1-3-4) H(a-2) 15 J(2-3-6) L Q(2-3)

F G(1-3-4) H(a-b-c-2) 15 J(2-3-6-7) L Q(2-3)
A(2-3-6) Cq I(a-4)

F G(1-3-4) H(1-2) 11 J(2-3-6-7-8-9) L Q4

F Gl H(1-2) I(1-5) J(3-4-5-6-7-9) Q4

Cé F G3 H(a-3-7-8-9) J(6-7) L Py2

F G(3-4) J(6-7-8) L

F G(1-3-4) H(b-c-9-2) |6 L Py2

F G(1-3-4) H(b-c-2-9) I5 J8 L Py2 Q2

C6 F H(a-b-c-3-8-9) |1 (2-3-6-7) Py2 Q(2-3)
F G(1-3-4) HI 11 )(2-3-6-8-9) L

F G(1-3-4) HI 11 J(2-3-4-6-7-8-9) L Q(3-4)
F G(1-4) HI 11 |(3-4-6-7-8)

G(1-3-4) H(b-c-2) 15 J(2-3-6-8) L Q(2-3)

F G(1-3-4) H(a-b-2) 15 )(2-3-6-7) L Q(2-3)
A(a-2-4-5-6) a5 Cq I(a-4) K(I-2-3-4-5-6-7-8)
F G(1-4) H(1-2) 11 J(2-3-4-6-7-8-9) Q4

C6 H(3-4-6-7-8) I1 )(5-6-7) Py(2-5) Q(2-3)
G(3-4) HI J(a-3-4-6-7-8-9) L

G(3-4) J8 L Q(3-4) S¢

F G(1-3-4) H(1-2) 15 (2-6-7-8) L Q4

F G(1-3-4) H(a-1-2) I(1-5) J(2-3-6-8) L Q(3-4)
G(1-3-4) H(2-2)I5 J(2-3-6-8) L Q3

G(1-3-4) H(a-2)I5 J(2-3-6-8) L Q3

C6 H(b-c-1-9) I(1-5) J(2-3-4-5-9) Py2 Q4
G3J(a-3) L Sc

C6 F H(a-c-3-8-9) 11 J(2-3-6-7) Py2 Q2
A(a-2-4-6) aS Cq I(a-4) K(2-3-4-6-7-8)

C6 F G3 H(a-b-c-8-9) I1 J(3-6-7) L Py2 Q2
F G(1-3-4) HI 11 J(2-3-6-7-8-9) L Q4
Afa-1-3-5-6) a$ 14 K(3-8)

F G(1-3-4) H(a-1) Il }(2-3-6-7-8-9 L Q(3-4)
C6 GI H(1-2) I5 ) (2-3-4-5-6-8-9)
H(b-c-1-9) I(1-5) J(2-3-4-5-6-7-9) Py2 Q4
C6 F H(a-b-c-8-9) 11 J(2-3-6-7) Py2 Q(2-3)

Cq=Coquimbite ~ Sc= Schwertmannite

Table 5. 3 Intermediate and final mineralogical correlation 2 0.90 maps of AMD for S. Domingos area with a
HyCORR-EFFORT correction. Spectra number reports to Tables 5.1 (ASD field) and 5.2 (endmembers).

s ASD FIELD ENDMEMBERS MINERALOGICAL CORRELATION 20.90
CLASSES Spectra | Area (m?) | cv Spectra | Area (m?) | cv Spectra Area (m?2) | ¢V
T49-151-152
Copiapite-alunite 154-155-203- 108,996.04 #(12-85 0.22
(Coquimbite) (1,5,K) 206 022 | 5494y 10275953 030 78,368.22
5
138-147-157- 2 020
Jarosite (I, Qz) I8l 101582825 023 | #75) 24,004.68 0.22 E 7,127.44 :
[}
Goethite-Jarosite- “;
Lepidocrocite- 90-99-163 46683049 o018 | 2% ispe348 06 s 7,648.55 0.5
Schwertmannite 39) B
(GFLSo)
Goethite-Lepidocrocite- | o, 80454337 018 | #(72) 27322 0.12 2 g 1,798.67 0.12
Schwertmannite (G-L-Sc) T : e ’ - e ’
SUM 2396,198.14 144,750.90 94,942.88
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Figure 5. | Mineralogical correlation 20.90 maps for S. Domingos area with an HyCORR-EFFORT correction
(Hyvista Corporation). Rigth-average spectra of the classes.
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5.2.1.2 FLAASH with EFFORT correction

The dataset for the Pearson correlation matrix is n=251, containing 70 USGS minerals, 91 ASD field spectra
and 65 endmembers. The criteria applied for selection of spectra to the result of the correlation matrix is the
same as in the above section with HyCORR correction mosaic. Thus, the ASD data are reduced to 67 field
spectra (enclosed in Table 5.1) and the endmembers to 14 (Table 5.4). This is significantly less than the
endmembers selected with the HYCORR-EFFORT correction (n=36). The SAM results for this mosaic are
expressed in Table 5.5, whilst the final map generated by intersection is in Figure 5.2.

Table 5. 4 S. Domingos mosaic FLAASH-EFFORT correction derived endmembers - Correlation coefficients of
endmember spectra used expressed in USGS spectral library minerals following CMN nomenclature of Table
5A1.

FLAASH-EFFORT MOSAIC endmembers

N=14 | =0.90 0.80=N=0.90

77 A(1-3-5) Co A(2-4-6) al aS Cq I(a-4) K(3-4-6-8)

79 HI J8 Q4 Sc G(1-3-4) H(a-b-c-2) 15 J(2-3-6-7) L Q(2-3)

57 FG(3-4) 11158 L Sc C6 GI H(1-2) J(2-3-4-5-6-7-9) Q(2-3-4)

62 Sc F G(1-3-4) HI I(1-5) J(2-3-6-7-8-9) Le Q(3-4)
65 G(1-4) H(1-2) J8 Q4 Sc F G3 H(a-b-c-9) I(1-5) J(2-3-6-7) L py2 Q(2-3)
72 H(1-2) J8 Q(3-4) Sc F G(I-3-4) H(a-b-c-9) 15 )(6-7) L py2 Q2

75 H(a-1) Q4 Sc F G(1-3-4) G(3-4) H(b-c-2-9) I5 J(6-7-8) L Q(2-3)
44 G(1-4) H(1-2) H2 15 8 Q4 Sc C6 F G3 H(a-b-c-3-8-9) |(2-3-6-7) L py2 Q(2-3)
49 G(1-4) H(1-2) J8 Q4 Sc F G3 H(a-b-c-8-9) I5 J(2-3-6-7) L py2 Q(2-3)

51 Sc FG311)8L

54 HI Q4 G(1-3-4) H(a-2) I5 J(2-3-6-7-8) L Q(2-3) S¢

I F G(1-3-4) H(b-c-1-2-9) 15 )8 L py2 Q4 Sc | C(5-6) H(3-4-6-7-8) 11 J(3-4-5-6-7) py5 Q(2-3)
14 G(3-4) L Sc F GI H(1-2) I(1-5) J(2-3-4-5-6-7-8-9) Q4

23 A(1-3-5) a-l Co A(2-4-6) Cq 14 K(1-4-6-8)

Cq=Coquimbite ~ Sc= Schwertmannite

Table 5. 5 Intermediate and final Mineralogical correlation =2 0.90 maps of AMD for S. Domingos area with an
FLAASH-EFFORT correction. Number of spectra reported to Table 5.1 (ASD field) and Table 5.4
(endmembers).

MAPS ASD FIELD ENDMEMBERS MINERALOGICAL CORRELATION 20.90
CLASSES Spectra Area (m2) Ci SR ‘ A () ‘ cv Spectra ?:23) cv
Copiapite-alunite 149-151- #77
(Coquimbite) (1,S,K) 154-155- 58,280.27 0,19 #23) 24,307.260 0,18 2 14,137.21 0.15

> 203-206 e
Heamatite-Jarosite- %5 g
Quartz-Schertwanite 85 69,374.87 0,20 #79-72 276,995.180 0,21 S c 41,789.66 0,19
(H-J-Q-S¢) § g
Goethite-Lepidocrocite- | 4, 560,193.25 021 | #14 206,645330 023 £ 99,128.57 0.19
Schwertmannite (G-L-Sc) 25
H-Q-Sc 215-218 65,037.89 0,35 #75 21,062.930 0,31 =Y 8,892.49 0.34
SUM 752,886.28 529,010.700 163,947.93

5.2.1.3 Comparison of classification results in HyMap™ mosaics

The individual maps of both atmospheric corrections show some variability in the intermediate steps before the
final merging, as depicted in Table 5.6. The FLAASH mosaic maps less area either using ASD input either
endmembers spectra. The global mapping results per area indicate that the HyCORR-EFFORT mosaic presents
a broader mapping area from ASD field map while this is significantly less for the endmembers extracted from
the image. In the FLAASH-EFFORT mosaic both types of input spectra are more balanced and the final
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intersection map covers a broader area, i.e. 163,947.93m? compared to the cover area of the 94,942.88m? from
the HyCORR-EFFORT mosaic.

Table 5. 6 SAM intermediate maps classification results for HYCORR and FLAASH corrected mosaics showing
the ASD and endmembers input spectra. Classes containing less than 30 pixels were excluded.

S.DOMINGOS MOSAIC-HYCORR CORRECTION S.DOMINGOS MOSAIC-FLAASH CORRECTION
SAM-ASD SPECTRA SAM-ENDMEMBERS SAM-ASD SPECTRA SAM-ENDMEMBERS
CLASSES Pixels % CLASSES Pixels % CLASSES Pixels % CLASSES Pixels %
n=52 N=36 n=48 n=14
Unclass. 1484006 38,909 Unclass. 2121409 55,621 Unclass. 1987953 51,050 | Unclass. 3020354 77,559
TE-67 169 0,004 #6 84 0,002 | TE-67 268 0,007 | #77 1244 0,032
TE-84 350 0,009 #9 3267 0,086 | TE-7I 92 0,002 | #79 11583 0,297
TE-85 4893 0,128 #11 1179 0,031 | TE-84 614 0,016 | #57 94586 2,429
TE-90 1432 0,038 #12 54 0,001 || TE-85 4127 0,106 | #62 534185 13,717
TE-92 102 0,003 #13 342894 8,990 | TE-90 101 0,003 | #65 6303 0,162
PN-97 1255 0,033 #19 741 0,019 | TE-92 503 0,013 | #72 4895 0,126
PN-99 3461 0,091 #22 141 0,004 | PN-97 381 0,010 | #75 1253 0,032
PN-100 47859 1,255 #23 579 0,015 | PN-98 245 0,006 | #44 440 0,011
PN-103 778 0,020 #24 659 0,017 || PN-99 925 0,024 | #49 47 0,001
PN-105 1058 0,028 #25 38 0,001 | PN-100 33325 0,856 | #51 187894 4,825
PN-106 56 0,001 #29 1506 0,039 | PN-105 289 0,007 | #54 18953 0,487
PN-107 6959 0,182 #35 2561 0,067 | PN-106 4143 0,106 | #I1 57 0,001
PN-111 25800 0,676 #36 916 0,024 | PN-107 8567 0,220 | #14 12293 0,316
PN-112 50073 1,313 #39 167 0,004 | PN-I11 3316 0,085 | #23 202 0,005
PS-137 3691 0,097 #41 883 0,023 || PN-112 296 0,008 | SUM 3894289 100,000
PS-138 22851 0,599 #H44 887 0,023 | PS-137 554 0,014
PS-143 118 0,003 #54 4727 0,124 | PS-138 12896 0,331
PS-146 3336 0,087 #56 246822 6,471 | PS-143 231 0,006
PS-147 25482 0,668 #60 57 0,001 | PS-146 1762 0,045
PS-149 317 0,008 #64 164860 4,322 || PS-147 21878 0,562
PS-151 27 0,001 #65 78962 2,070 | PS-149 255 0,007
PS-152 309 0,008 #66 105498 2,766 || PS-151 63 0,002
PS-154 893 0,023 #68 131815 3,456 || PS-154 453 0,012
PS-155 218 0,006 #70 680 0,018 | PS-155 389 0,010
PS-156 259 0,007 #72 162 0,004 | PS-157 772 0,020
PS-157 77 0,002 #73 420 0,011 | PS-163 1338 0,034
PS-158 52 0,001 #75 1428 0,037 | PS-164 4566 0,117
PS-163 22878 0,600 #79 1443 0,038 | PS-165 31408 0,807
PS-164 501 0,013 #85 735 0,019 | PS-166 13113 0,337
PS-165 1073 0,028 #86 1904 0,050 | PN-169 140174 3,600
PS-166 29909 0,784 #91 432775 11,347 || PN-171 10662 0,274
PN-169 249372 6,538 #94 597 0,016 | PN-172 1504420 38,633
PN-171 32272 0,846 #101 155023 4,065 | PN-175 670 0,017
PN-172 1666026 43,681 #1111 71 0,002 | PN-176 87 0,002
PN-174 72 0,002 #114 1341 0,035 | TE_I8I 6122 0,157
PN-175 970 0,025 #115 6788 0,178 | TE_182 35720 0917
PN-176 4164 0,109 SUM 3814073 100,000 | TE_183 1310 0,034
TE_18I 12018 0,315 TE_I91 1325 0,034
TE_182 59847 1,569 TE_192 17686 0,454
TE_I83 3219 0,084 AC-203 2167 0,056
AC-203 4408 0,116 AC-206 140 0,004
AC-206 53 0,001 SD-215 1711 0,044
SD-210 29 0,001 SD-217 32249 0,828
SD-212 69 0,002 SD-218 2158 0,055
SD-215 991 0,026 SD-226 2165 0,056
SD-216 380 0,010 SD-236 141 0,004
SD-217 38665 1,014 SD-237 406 0,010
SD-218 537 0,014 SD-248 30 0,001
SD-236 72 0,002 SUM 3894166 100,000
SD-237 231 0,006
SD-246 159 0,004
SD-248 238 0,006
SUM 3814034 100,000

Specifically concerning the most important class of very low pH, i.e. the Copiapite (Cq) Alunite (I,K) class is
substantially reduced both at endmembers and field spectra in the FLAASH mosaic. This class diminishes from
6484 pixels in HyCORR to 3467 in FLAASH in ASD mapping, while in the endmembers this is reduced from
2442 pixels to 1446 in FLAASH. The final class Co(Cq)(Alunite, kaolinite, illite) of the mineralogical correlations
20.90 is of 78,368.216 m* in HyCORR and of 14,137.210 m? in FLAASH.
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Figure 5. 2 Mineralogical correlation 20.90 maps for S. Domingos area with a FLAASH-EFFORT correction.
Rigth-average spectra of the classes.
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Although the general pattern displayed by Copiapite (Cq)-Alunite class is similar, in the FLAASH mosaic this
disappears when there is not a considerable spatial dispersion, e.g. over the village and surrounding the open
pit. A possible explanation is given by the effect of water removal (Chapter 4) in the FLAASH mosaic eliminating
the possibility of identification and also by the less pronounced spectral response effect due to polishing and
possibly enough to justify the disappearance of the Jarosite class at this correlation level.

Spectrally is shown in Figure 5.3 the average values of the classes obtained in both mosaics.

v
.
.....

THJ-QEETRL

Reflectance (Offset for clarity)

T
1000 1500
Wavelength (nmj
Figure 5. 3 Average spectral values of classes from both mosaics. Hy-HyCORR and FL-FLAASH correction.
Co-copiapite, Cq-coquimbite, A-alunite; J-jarosite, G-goethite, H-heamatite, L-lepidocrocite, Sc-schwertmannite,
Q-quartz I-lllite, S-a-smectite and K-Kaolinite.

The most important class concerning the AMD detection, the Co-(Cq)-A-(I,S,K), is spectrally very similar on
both mosaics, whilst the G-L-Sc is much more flattened in the FLAASH mosaic, following the general
conclusions in Chapter 4. Within the HyCORR classes the one containing jarosite (G-J-L-Sc) is similar to the
one without jarosite (G-L-Sc) and the Jarosite (I, Qz) class is not strikingly different in the average spectral

patterns.

It’s important to remark whereas the AMD signature indicates the very low pH as copiapite/coquimbite
together with alunite, illite, or kaolinite of high correlation 2 0.90, constitutes the only secondary iron minerals.
By contrast although identified at this correlation level by only one secondary iron minerals, e.g. Jarosite (1,Qz)
contains others at a lower correlation level. The Jarosite (I, Qz) class in the HyCORR mosaic is accompanied by
other minerals such as heamatite and lepidocrocite at a lower correlation level, i.e. from 2 0.80 to <0.90.

The importance of information derived from very high correlation coefficients is to depict the essence of
similarity at pixel level and draw a global picture of the area. Considering the different mapping results in
function of the different atmospheric corrections is important to see if the threshold correlation values are
lowered what the implications are. This is relevant in terms of quantitative environmental assessment, if
following this methodology.

Following the same methodology for mapping but using input spectra of endmembers and ASD field at
correlation level = 0.80, the results are displayed in Table 5.7 just for the low pH class. This mapping includes
the endmembers that were excluded in the previous mapping at 2 0.90 mineralogical correlation in both
mosaics. The results show a wider dispersion in the HyCORR mosaic for the final map (Figure 5.4).
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As expected the CV is higher than with the correlation level at 0.90 (Table 5.3 and 5.5), although minor in the
FLAASH mosaic.

Table 5. 7 Classification results from SAM for both HYCORR and FLAASH corrected mosaics at correlation
level 0.80 for low pH class.
HyCORR EFFORT MOSAIC CORRELATION =0.80

MAPS MINERALOGICAL
ASD FIELD ENDMEMBERS CORRELATION. 20.80
A 2 .
CLASSES Spectra Area (m2) &Y Spect ‘ areal(d) ‘ (&% Area (m?) cVv
copipite | 136.149-150-151-152- #(12-17-27-33-49-
(aljgi‘:;m €) | |54.155-156-193-194-  290,695316 0,37 | 51-54-74-76-83-85- 261,059.287 038 | 225,724.669 0,36
;I SK) 203-204-205-206-225 94)
FLAASH-EFFORT MOSAIC CORRELATION 20.80
MAPS ENDMEMBERS MINERALOGICAL
ASDIEIELD CORRELATION 20.80
(&% Spectra Area (m2 Area
CLASSES Spectra Area (m2) P ‘ () ‘ cv (m?) cv
Copiapite
PIte. 136-149-150-151-152-
(C|°q.‘:'mb'“e) I54-155-156-193-194-  180,001.480 022 *:é'zf;;z""”'”' 38125080 025 | 23,853.390 0,17
ETS“’E)e 203-204-205-206-225 -67-77)

From this it can be observed that the lowest pH class is mapped differently at 0.80 mineralogical correlations
following the same variations as depicted in mapping at 0.90 correlations. The area covered by this class in
FLAASH mosaic is about 62% of the HyCORR mosaic for the ASD field map, 15% of the endmembers map and
I1% in the final intersection map. Thus, as already seen in the 0.90 correlation the atmospheric corrections are
a key-issue in constraining the mapping results, when applying this methodology. From this, the ASD field
spectra mapping in area shows more similarities in both mosaics, and seems a more independent measure of
the reality with less effect in function of the different atmospheric corrections.

In Figure 5.4 is depicted the spatial dispersion of low pH class Copiapite (Coquimbite)-alunite (1,5,K) for both
mineralogical correlation mapping at 0.80 and 0.90 levels, while the equivalent average spectra are depicted in
Figure 5.5.

Despite the differences in the coverage area of both mosaics it’s important to notice that the correlations
values input spectra are very high and there is convergence in the areas mapped. The FLAASH-EFFORT mosaic
depicts a more discrete pattern but the changes are also less than in the HyCORR-EFFORT when comparing
threshold correlation values of 0.80 and 0.90. These results highlight the consequences of the different type of
atmospheric corrections undertaken.
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Figure 5. 4 Low pH delineation [Copiapite (Coquimbite)-Alunite (1,5,K)] at 0.80 (left) and 0.90 (right) levels for
both HyCORR-EFFORT (cyan) and FLAASH-EFFORT (magenta) mosaics.
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Figure 5. 5 Comparison of average spectra for ASD, endmember and final map for both HyCORR (upper
sequence) and FLAASH (lower sequence) mosaics for low pH delineation [Copiapite (Coquimbite)-Alunite
(1,S,K)] at 0.80 (black) and 0.90 (gray) correlation levels.

Comparing the HyCORR mosaic mineralogical correlation map at 2 0.80 with the spatial pattern depicted on
the test fligthline in Section 5.2, shows that there are substantial changes between them. Several factors can
explain these differences including but not limited to: variations applied in the global mosaic processing such as
new wavelength range, introduction of other minerals and different endmembers in the correlation matrix, or
even the cross track illumination correction in the pre-processing steps as described in Chapter 4. Considering
the number of input ASD spectra, in the fligthline containing the open pit for the Copiapite—alunite class is 7,
whilst the endmembers are 3. In the whole HyCORR mosaic these numbers are 15 and |2, respectively (Table
5.All, and Table 5.7), thus increasing the probability of being captured by SAM, even if the angle used is the
same.

5.2.2. SPECIM EAGLE HAWK MOSAIC

The multi-source spectral methodology as undertaken in year 2000 IS data is also applied to year 2007 IS data
from SPECIM EAGLE-HAWK sensor. However, when extracting endmembers from the mosaic, through an
Automated Spectral Hourglass, there is a general lack of spectral information. Valuable spectra, i.e. excluding
vegetation and error spectra, are reduced and using these input spectra to the SAM algorithm only 1% of the
image is mapped. Difficulties when extracting endmembers can be related to spectra spiking and faulty channels.
Spiking may have been increased possibly due to spectral sub setting undertaken as described in Chapter 4.

There are other possible contributions. The stripping problem typical of the pushbroom sensors, as referred in
Chapter 3 (Figure 3.16), were investigated but did not yield meaningful results, although some tests of
illumination correction across the fligthline were undertaken. The situation is complex as also contains to the
continuous stripping aligned with the fligthline direction a smoother stripping across track direction. Controlling
through MNF factors the results of the corrections using polynomials were not satisfactory and were
abandoned. Plus, these variation along and across the fligthline do not exactly match each of the MNF factors.
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For the extraction of endmembers other algorithms, such as Sequential Maximum Angle Convex Cone
(SMACCQC) (ITT, 2010) were tested and reasonable results obtained. However, the conditions to retrieve
spectral information from the mosaic would have to be substantially different from the ones used in year 2000.

Other possibilities were then considered in order to have a common factor for multi-temporal comparison: a)
to map the area using the input data, i.e. both endmembers and field spectra used for the generation of
mineralogical correlation map (Figure 5.2), but adding input spectra for 0.80 correlation (Table 5.7) and b) to
map the area using the ASD FieldSpec field measurements gathered simultaneously with 2007 IS acquisition.
This last possibility is based on the characteristics of field spectra as more independent information than image
endmembers, as obtained with HyMap™ data in the previous Section.

In a) the resultant map using SAM, maps approximately 10% of the input data, either from ASD or from
endmembers using correlations at 0.80. However, the low pH signature of copiapite-coquimbite (A-I-K) class, is
not detected when using endmembers, whilst the ASD contained in the same class maps solely a very small area
surrounding an acidic dam downwards from the open pit to Achada do Gamo (AG) subarea and in the sulphide
ore pile to south. In b) the results obtained are described in next section.

5.2.3 COMPARISON OF SPECIM EAGLE HAWK AND HYMAP™ MOSAICS

SAM using ASD field spectra (year 2007)

As referred in Chapter 3, the objective of 2007 ASD field spectra collection was to provide calibration targets
measurements during the overfligth as well as to depict materials signature whose previous known spectral
response indicated a low pH value. These spectra have been collected essentially at the sulphur plant area (AG)
and surrounding the open pit (SD) in previous collection points or nearby that indicated already a very low pH.

In the case of the Pomarao harbour measurements were not taken, because the pavement was being modified
with dark slags materials from AG area. Using the same input minerals of USGS (Clark et al., 2007) spectral
library as in the Pearson correlation matrix for the HyMap™ mosaic the results show mainly materials related
to copiapite-coquimbite (A-I-K). This spectral pattern is depicted in Figure 5.6, with variable correlation values,
as well as others corresponding to jarosite. Examples of the classes are observed; although they are not
exclusive, i.e. spectral measurements in visually similar materials may belong to different classes at this
correlation level.

Using the ASD 2007 input spectra with correlations 20.80, containing the ones in Figure 5.6 and others, the
SAM maps 0.7% of SPECIM EAGLE-HAWK mosaic. The two classes related with AMD gives a copiapite-
(Coquimbite) alunite class with an area of 1,378.420 m? and a jarosite class with 2,286.160 m2. The major
mapped areas correspond to the acidic dam downward from open pit to Moitinhos and the sulphidic ore pile
between the two, as detailed in Figure 5.7. AG, the most contaminated area, and also part of TE as referred in
Chapter 3 (Figure 3.15), were lost for the HAWK sensor and therefore not processed in the whole mosaic.

A few other points appear to the south in the Pomarao Harbour area and to the north near the easterm
margin of the open pit.

The common factor between the two multi-sensor and multitemporal images, being the same set of ASD field
spectra collected in 2007 is inputted to the HyMap™ mosaic with HycORR-EFFORT correction for SAM
algorithm. The result is shown in Figure 5.8 and is compared with the one obtained using ASD field spectra
collected in 2000 with a similar mineralogical content. The most mapped area for the ASD field spectra 2007
was shown in Figure 5.7.

The most evident variation is a wider area covered by the copiapite-coquimbite class in the 2000 map, as
expected. In fact, these efflorescent salts appear during the dry season, diminishing or disappearing during the
rainy season. However, derived from the Pearson correlation matrix and as depicted in Figure 5.6, the spectra
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identify the materials far behind the visible colour. It is also noticed in the 2007 map, the appearance of jarosite
class, mostly nearby the former, indicating the presence of a more stable mineralogical form.
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Figure 5. 6 Upper-Spectral patterns from field data in 2007 and information derived from the correlation matrix
with USGS 2007 mineralogical spectral library. J-jarosite, Co-copiapite, Cq-coquimbite, aS-a-smectite, I-lllite K-
Kaolinite, A-alunite and Py-pirite. Lower-materials in which measurements were obtained, *not captured at
image level.

The map using ASD (2000) with a similar mineralogical correlation matrix corresponding to copiapite-(Cq)-(A-I-
K) at correlation level 0.80, covers an area of 180,001.480 m? (Table 5.7) while the map using ASD (2007)
correspond to 84,184.476 m2. This comparison allows for the visualisation of the behaviour of multi-temporal
similar mineralogical correlations, although the number of input spectra is distinct. The spatial pattern is
different, once in the ASD 2000 data, the area is more concentrated along the open pit and surrounding the
village, as well as in the Pomarao Harbour, while the area using ASD 2007 data is spread throughout other small
villages, marking the railway track after Telheiro and with a broader dispersion in the Pomarao harbour. Also,
downstream from the Telheiro area near the Changa dam there is a significant increase in this low pH class
mapping. Even with a similar mineralogical correlation, the mapping results using different ASD input spectra
show some discrepancies, which in this case were not eliminated by other type of input spectra. Remark on the
final mapping at 0.80 correlations using the ASD 2000 spectra, the area is substantially reduced to 23,853.390
m? when intersected with the endmembers mapping.
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In the same Figure 5.8 another comparison is done using the ASD 2007 as input spectra in the HyCORR-
EFFORT corrected mosaic, testing in this case a different atmospheric correction. The results show again a
different response, whether the ASD 2007 spectra are less spread than the ASD 2000. Details are given about
the areas covered with ASD 2000 and 2007 in Table 5.8.
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Figure 5. 7 Mineralogical correlation 20.80 map of subset area of Figure 5.4 using solely ASD field spectra
collected in 2007. Left-Specim EAGLE HAWK (year 2007), and right-HyMap™ (year 2000).

Table 5. 8 Classification results from SAM using ASD field spectra for both HYCORR and FLAASH corrected
mosaics at correlation level 0.80 for low pH class.
FLAASH-EFFORT MOSAIC ~ CORRELATION 20.80

MAPS ASD FIELD 2000 spectran=15 | ASD FIELD 2007 spectra n=13
CLASS Area (m2) cv Area (m2) cv
Co-Cq-A (1,S,K) 180,001.480 0,22 84,184.480 Meters? 0,32
HyCORR EFFORT MOSAIC  CORRELATION 20.80

MAPS ASD FIELD 2000 spectran=15 | ASD FIELD 2007 spectra n=13
CLASS Area (m2) cv Area (m2) cv
Co-Cq-A (1,S,K) 290,695.316 0,37 15,213.049 0,34
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For multi-temporal comparison the images of interest are in Figure 5.8 a) and b) where the 2000 and 2007 ASD
field spectra can be seen. The 2007 input spectra show a wider dispersion particularly south of TE and in the
Pomarao harbour following the railway track, while the ASD 2000 maps show a broader area south of the open
pit encompassing Moitinhos and AC. However, further environmental considerations have to be considered
carefully. In fact, the patterns are distinct if using only one type of input spectra as seen in the analysis of 2000
HyMap™ data, whether with HyCORR-EFFORT or with FLAASH-EFFORT polishing.

From the images in Figure 5.8 it is important to see that the maps obtained cannot be based solely in one type
of input spectra. For example, from the two mosaics, the HyCORR-EFFORT covers the largest area with the
ASD 2000, whilst with the ASD 2007 is the smaller. Again, this shows that the HyCORR-EFFORT presents
more extreme results in function of the input spectra as already seen when using the multi-source
methodology. In this case it is a trade-off between spectral homogeneity and mineralogical differentiation, which
is seen by a generally lower value of Coefficient of Variation (CV) in the classes, obtained using FLAASH-
EFFORT correction, as well as less spatial differentiation when using different mineralogical correlation
threshold values (i.e. 0.90 or 0.80).

The selection of a full pixel methodology has its advantages according to what has been described in Section
5.1. As seen in Chapter 2, Section 2.1.4, the SAM algorithm presents some difficulties when the targets are
small and encompass mixed pixels, whereas for the detection of the target is required a larger angle. The use of
a standard angle has been the way to have a balanced result, neither losing too many targets neither having too
many commission errors in classification. However, as in this case the input spectra are already concentrated in
the target of interest should be tested with smaller detection angle.
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5.3. ENVIRONMENTAL MONITORING OF S. DOMINGOS AREA

ASSESSMENT

In the waste mining materials map as established in Quental et al. (2002a), Appendix Il, using ASD field spectra,
the AMD has been detected through the most acidic class, i.e. designated as mixed sulphur materials. Other
classes were based in the chemical content of the materials measured and defined as contaminated soils and
sediments. This map was transformed in more effective mineralogical information based on the correlation
matrix from contiguous spectral bands using multi-source spectral data.

From the previous classification, some input field spectra were excluded and others appear depending also on
the threshold value selected, i.e. 20.80 or 20.90.

A low pH class <3 based in the mineralogical assemblage of copiapite, coquimbite, alunite, illite and kaolinite
was determined from the multi-source spectral methodology, from which most of the previous mixed sulphur
materials spectra were enclosed.

This signature excludes any other type of secondary iron minerals and is then the basis to attribute a clear pH
value. Although usually assigned the same pH value to jarosite s.s., this class appears isolated in correlation
matrix and in the HyCORR-EFFORT mosaic. Field data analysis seems to attribute a higher pH value in S.
Domingos, whereas jarosite occurred in soil samples with pH values up to 4.2. Other classes indicate a mixture
of secondary iron minerals and the establishment of pH values are more imprecise, being difficult to establish
differences among few other classes such as G-L-J-Sc or G-L-Sc. Thus, the environmental concerns are focused
in the more extreme class of low pH.

Derived from the maps obtained with the multisource spectral methodology the pH<3 spatial pattern is variable
depending either on the threshold value or on the atmospheric corrections undertaken (Figure 5.1, 5.2. and
5.4). Nevertheless, the general trends are: |) surrounding the open pit, ll) in the village spread mostly by
construction materials, Ill) downward south of the open pit surrounding the acidic dams and following the
pathway to Moitinhos where remain the cementation tanks, IV) AG where is located the sulphur plants, V) the
pathway to TE encompassing more acidic dams, VI) downward to Chumbeiro where the S. Domingos river
joins with the Changa river and VII) the railway linking the TE to the Pomarao harbour, and the harbour itself
with a more less pronounced influence on the eastern side of the Changa river in the Spanish border.

This pattern indicates the spread of hazardous materials over all the area during the mine exploitation and
afterwards by the use of mining waste materials, especially as pavements and construction.

MONITORING

The IS data gathered in year 2007 (March, wet season) of part of the same areas obtained in year 2000 (August,
dry season) contains differences at several levels as referred to in Chapters 3 and 4, that confines the multi-
temporal assessment to a mere trend due to the uncertainty associated with the results obtained.

The climate highly controls the precipitation and dissolution of efflorescent sulphates retaining hazardous
elements like Cu and Pb in more or less stable minerals, e.g. jarosites, and releasing others such as Zn
(Figueiredo et al., 2007) or spreading them when are solubilised. The cycling of metals and acid by the
precipitation and dissolution of efflorescent salts is an important process at mine sites (Hammarstrom et al,,
2005).

Coquimbite also appears when copiapite is dehydrated (Jamieson et al., 2005). The change, observed in Achada
do Gamo, from coquimbite to copiapite must occur when the solid, in contact with the oxidizing normal
atmosphere, is submersed by the saturated lake water that has a pH and an electric potential that falls inside the
iron(ll) ions stability field. This efflorescent assemblage of minerals is only observed during the summer (dry and
hot season) once they dissolve with the first rains (Abreu et al., 2010).
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The fact that the correlation matrix attributes very high values of sulphate minerals to materials a priori not
identified as such, as depicted in Figure 5.6, seems to indicate that even in a different season the equivalent
chemical content of these efflorescent salts can be detected.

The spatial dispersion of low pH class is lower than the one obtained with the same set of field spectra
collected in 2007 for the IS data of year 2000. The same focus of copiapite-coquimbite-alunites appears
surrounding the acidic dam south of the open pit as depicted in Figure 5.7 and jarosite appears nearby. In the
Pomarao harbour, the pattern is very discrete, but a few spots appear in the borders of the platform as well as

in the Changa dam. This can be explained by the new coverage of waste materials spread throughout the
harbour simultaneously with IS data capture, covering the more acidic materials (Figure 5.8).

Figure 5. 9 Left-the Pomarao harbour with a set of temporary structures and new coverage of waste materials,
in March 2007. Rigth-detail of old materials at the border of the new coverage.

However, as referred previously, for the differences reported in the images remains the doubt if the results
achieved translate a temporal change, particularly taking into account that the IS data collected in 2000 was in
the hot season and 2007 in wet season, or are connected to multi-sensor IS data differences. The several steps
to minimise the differences for multi-sensor comparison may have introduced limitations on the 2007 IS data,
and consequently in the capability to discriminate materials.

5.4. CONCLUSIONS

A multi-source spectral methodology was developed for the S. Domingos mine area, establishing a quantitative
link among multi-source spectral data through correlation matrixes. From these multi-source spectral data at
different levels, i.e. derived from image endmembers, field spectral measurements and from mineralogical
spectral libraries (Clark et al., 1993, 1997), the high correlations established related to AMD are selected and
are inputted to SAM algorithm generating two different maps in function of either field spectra or endmembers
spectra. Each map is converted to high spectral correlations of mineralogical assemblages and the final map is
the intersection of the two previous. The improved map is focused in low pH (<3) class corresponding to the
mineralogical assemblage of copiapite-coquimbite-alunite-illite-kaolinite.

Through the application of this methodology combining different input spectra several aspects were highlighted:

. the screening information obtained over unknown spectra by assigning it to the mineralogical
components and focusing directly on the thematic target of interest, in this case AMD

ll.  the importance of local field spectral measurements in a different scale depicting in the image a local
field reality
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M. the importance of having information at image level through the endmembers, derived from the same
scale as the area to map

Iv. the differences in mapping results obtained by independent sources (b and c), which are minimised by
conveying solely the common high mineralogical correlations at each pixel and its contribution to
validation issues

The application of the multi-source spectral methodology in the S. Domingos area was undertaken generating
two maps of mineralogical correlation 20.90 of low pH, using the HyCORR-EFFORT and FLAASH-EFFORT
mosaics. The two maps show considerable differences in the area mapped and the mineralogical correlation
classes are also different. The HyCORR-EFFORT depicts a jarosite class, whilst in the FLAASH-EFFORT the
jarosite is enclosed within another mineralogical correlation class. The low pH class covers different areas in
both, being of 78,368.216m? in HyCORR-EFFORT and 14,137.210 m? in FLAASH-EFFORT. Lowering the
correlation threshold value to 20.80, the values increase to 225,724.669 m”and 23,853.390 m? respectively.

The areas mapped show in a general way, at its maximum spatial extension, depending on the correlation
threshold and atmospheric corrections, low pH in the following areas: 1) surrounding the open pit, Il) in the
village spread mostly by construction materials, lll) downward south of the open pit surrounding the acidic
dams and following the pathway to Moitinhos where remain the cementation tanks, IV) AG where is located
the sulphur plants, V) the pathway to TE encompassing more acidic dams, VI) downward to Chumbeiro where
the S. Domingos river connects with the Changa river and VIl) the railway linking the TE to the Pomario
harbour, and the harbour itself with a more less pronounced influence on the eastern side of the Changa river
in the Spanish border.

The variations are less pronounced in FLAASH-EFFORT, and are seen as a trade-off between spectral
homogeneity and mineralogical differentiation in the two mosaics. The SAM algorithm shows also sensitiveness
to the input spectra, reason why there is a need to control with another type of mapping to ensure that the
results are intersected by both.

The multi-source spectral methodology was tested in SPECIM EAGLE-HAWK of year 2007, but the retrieval of
information was very low, possible due to the pre-processing and atmospheric corrections in order to minimise
the differences to the HyMap™ data captured in year 2000. As a common factor for comparison of the
multitemporal data, the ASD field spectra gathered in 2007 and at mineralogical correlation 20.80 was inputted
to the SAM algorithm to map both 2000 and 2007 data. The results show the occurrence of low ph<3 in 2007
data south of the open pit in the acidic dam and at Moitinhos as well as a few pixels at the Pomarao harbour. In
2000, the similar areas mapped are broader. Due to the differences established in both mosaics, this
comparison is merely a trend, remaining uncertain the seasonal changes according to different time of data
capture, with visually strong evidences during the dry season with efflorescent salts.

From the processing of the IS data of the S. Domingos area following this methodology it can be concluded that
the capability of mapping with high mineralogical correlations shows different results in function of the pre-
processing and atmospheric corrections undertaken. The need of having multi-source spectral data is a pre-
requisite in order to minimise deviations according to the full pixel algorithm used and as contribution for
validation. Field spectral data reveal its importance as bridging the gap among local field information, laboratory
spectral libraries and image scale.

Monitoring with IS data is itself a challenging task due to different viewing angle and illumination conditions
particularly in the case of airborne capture. Adding to this, a multi-sensor approach complicates the system with
different technical specifications. Furthermore, in the case of the S. Domingos area, seasonal variations have
chemical/mineralogical implications in the AMD detection.



6. FROM AIRBORNE HYPERSPECTRAL TO SPACEBORNE
MULTISPECTRAL SENSORS MAPPING RESULTS

6.0 INTRODUCTION

The high spectral resolution of imaging spectroscopy (IS) allows very detailed mapping concerning several
properties of interest of the image targeted, as already illustrated in the previous chapters.

However, constraints in data capture such as high cost for aircraft and mobilization in a scientific environment
and restricted windows of opportunities for campaigns (Chapter 2, Section 2.1.5; Holzwarth and Heldens, 2006;
Reunsen et al., 2007), have implications on the use of IS data on a routine basis.

A way to partly overcome this is to use a spaceborne platform to carry an IS sensor instead of an airborne
platform. In this way the routine acquisition of dataset and consequently the development of cost-effective
monitoring systems based on IS is greatly facilitated.

Specifically concerning Acid Mine Drainage (AMD) detection it is important to see what can be translated from
mapping results achieved using airborne IS datasets versus spaceborne IS datasets. Ideally, to compare both
airborne and spaceborne datasets, they should be captured in a time frame close to each other to avoid both
physical and/or chemical changes in the target analysed.

In the absence of a spaceborne IS data for the case study of the S. Domingos area, the multispectral image (MSI)
Landsat Enhanced Thematic Mapper Plus (ETM+) acquired in the same period (August 2000) with |7 days apart
of the airborne IS data is compared with the HyMap™ mosaic.

The MSI is processed using FLAASH for the atmospheric corrections as the same way for the HyMap™ data
collected in 2000 (Chapter 4). The image is primarily processed as obtained in the waste mining materials map
(Quental et al., 2002a; Appendix Il) and afterwards using the same methodology as developed in Chapter 5.

6.1. AIRBORNE VERSUS SPACEBORNE IMAGES

When comparing airborne vs. spaceborne IS data acquisition, the latter is more advantageous when related to
time consuming procedures and financial issues associated with providing data on a regular basis. However, it
has a lower spatial resolution and signal-to-noise ratio (SNR). In fact, an electro-optical imaging system contains
certain limitations based on the law of conservation of energy, where the amount of energy emanating from the
surface per unit area and per unit wavelength is finite. Consequently, this generates a “trade-off space” among
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spatial, spectral and noise components of an imaging system (Landgrabee, 1978). These physical limitations imply
that even if the spectral resolution is similar for airborne and spaceborne IS sensors, e.g. many bands, variations
exist on space and noise components.

Thus, detailed studies on a large scale necessarily require an airborne dataset acquisition. This limitation makes
the use of a spaceborne IS sensor more suitable for studies at regional scale with a large resolution size i.e. only
coarse features can be observed in the image, instead of the small resolution size achievable by airborne IS
platform adequate for detailed local studies.

Literature research comparing IS airborne and spaceborne case studies in order to define what could be the
major problems when tackling concrete applications of the IS data, are mainly focused on Hyperion sensor
(Chapter 2, Section 2.1.3). A few authors such as Kruse et al. (2002; 2003) and Kuosmanen et al. (2005) report
to the low signal to noise ratio (SNR) when comparing Hyperion either with HyMap™ or with AVIRIS.
However, they also consider that the main outline or basic classes of thematic mapping is achieved and that
spaceborne IS has potential.

In the absence of a spaceborne IS image for S. Domingos, is compared what can be translated from IS airborne
(Hymap™) AMD mapping results to a spaceborne MSI. The main characteristics of both sensors are in Table
6.1.

Table 6. | Comparison of airborne HyMap™ with spaceborne Landsat ETM+.

Sensors Flying Spectral Spectral Spatial SwathWidth Number
g . . SNR Scanner
height range (um) resolution resolution (m) (km) of bands
™
HyMap 22km 04372285  10-20 nm 43 ~25 126 ~500:1
whiskbroom
Landsat ETM+ 725;(.:1 0.45-2.35% 30.0, 15.0 (Pan) 185 7+ Moderate

*excluded thermal band
The objective in this chapter is two-fold:

. To evaluate what are the capabilities of IS and MSI data in discriminating and mapping waste mining
materials related to AMD surface materials, changing spatial and spectral resolution and,

Il. To quantify in terms of area what is given by the AMD hot spots on both datasets.

This can clarify at what level MSI data can be applied to AMD detection facilitating the development of EO
monitoring systems related to AMD. If satisfactory, the advantage is the possibility to extend the mapping to a
regional scale, e.g. to the whole Iberian Pyrite Belt.

For comparison of both datasets, MSI and IS were standardized concerning spectral resolution, as well as
calibration issues and classification methods. The general procedures were conducted as depicted in the
flowchart in Figure 6.1.
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Figure 6. | Airborne IS and spaceborne multispectral procedures for mapping AMD.

6.2. MULTISPECTRAL DATA LANDSAT ETM+

6.2.1 RADIANCE DATA

The Landsat ETM+ was captured on the 4 August 2000 (L71203034_03420000804) for the S. Domingos study
area. The VNIR-SWIR data, as well as the panchromatic image, given in digital numbers, were calibrated to
radiance using details from the FAST files and WEB retrieval information using the ENVI software calibration

capabilities. The sun elevation angle was 60.4 and the sun azimuth angle was 127.0. The data capture started
at 10:59:38.71 GMT and finished at |11:00:05.69 GMT.

In order to increase the spatial resolution of the Landsat ETM+ from 30 m to |5 m, an image sharpening
algorithm was used. The Gram-Schmidt Spectral Sharpening (GSSS) algorithm (Laben and Brower, 2000)
sharpens low resolution multispectral data using panchromatic high spatial resolution data. Synthesizing the
GSSS, in the first step a panchromatic band is simulated from the lower spatial resolution spectral bands.
Second, a Gram-Schmidt transformation is performed on the simulated panchromatic band and the spectral
bands, where the simulated panchromatic band is employed as the first band. Third, the high spatial resolution
panchromatic band is swapped with the first Gram-Schmidt band. Finally, the inverse Gram-Schmidt transform
is then applied to form the pan-sharpened spectral bands (ITT, 2010). An underlying assumption of these
algorithms is that one can accurately estimate what the panchromatic data would look like using lower spatial
resolution multispectral data.

The resultant image is valid if the main characteristics of the multispectral data are maintained. The statistics
after the application of GSSS algorithm on the Landsat ETM+ L71203034_03420000804 is depicted in Table 6.2
for the multispectral data and the pan-sharpened results. Some variation is observed on the maximum and
minimum values, being higher on the sharpened image, although the general pattern is maintained.

The correlation among some of the spectral bands shows slight variations, in the order of 1%, when comparing
both datasets. This is negligible, and considering that the spatial resolution increases two-fold, is worth using it,
especially when comparing to a much smaller spatial resolution of the airborne data (Table 6.1).

In Figure 6.2 shows a detail of the Landsat ETM+ of the transformation on the image, with increased visual
discrimination of previously indiscernible features for the area.
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Table 6. 2 a) Basic statistics for the Landsat ETM+ (calibRad-30 m) and the sharpened image (GSSS-15 m). b)
Correlation matrix for the same dataset.
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Figure 6. 2 Increased visual discrimination in a d ndsat ETM+ at Achada do Gamo by sharpening. Left-
original multispectral (30 m pixel) and right-multispectral sharpened with panchromatic (15 m pixel) using

Gram-Schmidt Spectral Sharpening algorithm. RGB: 751.

etail of La

6.2.2 APPARENT REFLECTANCE DATA (FLAASH)

The image pan—sharpened in the previous Section (6.2.1) was the input for the atmospherical corrections using
a radiative transfer model. The corrections were conducted in the Fast Line-of-sight Atmospheric Analysis of
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Spectral Hypercubes (FLAASH) module of the ENVI software (ITT, 2010) as described in Chapter 4. According
to the characteristics of the area and time of data capture, the atmospheric model used was a mid-latitude
summer and the aerosol model rural, adequate to the area of analysis. The characteristics of the image after
atmospherical corrections are in Table 6.3.

Table 6. 3 a) FLAASH average spectral values for sharpened Landsat ETM+, b) covariance and correlation.

Gram—Schmidt Spectral Sharpening (15m) LANDSAT ETM+ corrected with FLAASH
T T T T T T T T T T T T T T
— 40 ; ;
10 :, R _
T " " I n " " T : " . [
500 1000 1500 2000
Wavelength (nanometers) a)

b) Covariance Bl B2 B3 B4 B5 Bé6 Correlation Bl B2 B3 B4 B5 Bé6
BI 3.87 6.05 8.86 9.01 11.77 10.11 Bl I 095 091 08l 075 077
B2 6.05 10.51 1552 1556 20.71 17.78 B2 0.95 I 097 085 08 083
B3 886 1552 2451 2481 3393 2847 B3 091 097 I 089 086 087
B4 9.0l 1556 2481 31.73 3849 294l B4 081 085 0.89 I 086 079
B5 11.77 2071 3393 3849 6331 50.38 B5 0.75 08 086 0.86 I 096
B6 10.11 1778 2847 2941 5038 43.92 B6 077 083 087 079 096 |

6.2.3 WASTE MINING MATERIALS MAPPING

The image processing as detailed on Chapter 3 in Figure 3.9 using an IS mosaic also with a radiative transfer
modelling, is tested with the Landsat ETM+ images corrected with FLAASH in the previous Section.

The first part of the methodology using information derived solely on the image, using an Authomated Hour
Glass sequential combination of algorithms in ENVI, generates seven endmembers. The Spectral Angle Mapper
(SAM) algorithm using a standard maximum angle of 0.1 gives a pattern of the contamination area similar to the
one obtained using a calibrated Landsat ETM+ as undertaken in Quental et al. (2002a). However, it is not
possible to clearly exclude some classes for the next step of the classification without avoiding a mismatch with
potential areas of interest. This is due to low number of endmembers which stems from the fact of the low
spectral discrimination that these images contain.

For the next step of the classification through the SAM algorithm, the input spectra are the ASD field
measurements displayed on Figure 6.3a), which were resampled to the spectral range of Landsat ETM+ (Figure
6.3b). The radian angle was the standard 0.1.

Thus, the next step using field spectral measurements is conducted without masking, making redundant this step
in the multispectral classification, as expected due to the low spectral resolution.
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Figure 6. 3 a) ASD field spectra measurements, and b) Resampling of a) to Landsat ETM+ spectral range.

The results are depicted in Figure 6.4 c) and d), respectively, the distribution of classes in percentage and the
spatial mapping.

Focused already on a few selected spectra from previous hyperspectral data classification, the mapping shows
the dispersion of the different type of spectra concentrated on the areas mostly controlled by the AMD,
assessed mainly by the spectra of the mixed sulphur materials. Specifically for this class, although the name is
the same, the spectra are inputted to the classifier individually into four spectra, 150, 152, 153 and 154. The
distribution shows 3, 45, 1293 and 564 pixels, respectively, for the mixed sulphur materials classes, which
present high similarity (Figure 6.5).

It is worth noticing that the comparison between the maps generated by the endmembers or the field spectra,
the discrimination appears to be higher using the latter. Again, as observed in IS imaging processing in Chapter
5, Section 5.2, the field spectra seem to play also a key-role when processing MSI as a more independent source
of input data.
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Figure 6. 4 a) Endmembers extracted from pan-sharpened Landsat ETM+ image (15 m pixel) and SAM (0.10

radian) with the same endmembers b). c) and d) SAM (0.10 radian) classification results using ASD field spectra.
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Figure 6. 5 Comparison of field spectra of mixed sulphur materials (solid) and average of SAM results of Figure
6.4d)(dotted).

To evaluate post classification results and compare relative distributions of spectral data from thematic classes
per band, the statistical parameter coefficient of variation (CV) (Chapter 5, Section 5.2) was calculated for each
class. Generally, a value of CV<I| means: distribution has low data variability and probably absence of anomalous
data; 1<Cv> |- existence of variability on data distribution; Cv > 2— high data variability, presence of outliers.
The results obtained for Landsat ETM+ pan-sharpened image are all below 1, as depicted in Figure 6.6.

Variation coefficient per class and band ordered by increasing value of area ( % of class) Band 1

= Band2

fine material yellowish mixed leacheated reddish ferricrete metallurgical slag ~ mixed sulphur mixed sulphur mixed sulphur mixed sulphur  contaminated soils contaminated soils
associated to ferricrete fragment rocks and leached rock materials_150 materials_152 i 154 15! and i with shale
metallurgical slag fragments

Figure 6. 6 Coefficient of variation per class.

To evaluate post classification results and compare relative distribution of spectral data from thematic classes
per band, the statistical parameter coefficient of variation (CV) (Chapter 5, Section 5.2) was calculated for each
class per band. In average, class material types present a CV value around 0.19, much lower than |, which
means that classified features are represented by homogeneous pixel spectral values, with low variability and
probably without anomalous spectral data. Ordered by average of bands in each class, from the highest CV
(0.28) to the lowest (0.08) the classes are as following: mixed sulphur materials-154 (0.28) > yellowish
ferricrete (0.27)> contaminated soils with shale fragments (0.23)> mixed sulphur materials-152(0.22) > mixed
sulphur materials-153(0.21) > mixed leached fragment rocks (0.20) > fine material associated to metallurgical
slag(0.19) > metallurgical slag and leached rock (0.18)> contaminated soils and sediments(0.16) > reddish
ferricrete (0.12) > mixed sulphur materials-150(0.08). However, the latter present’s high homogeneity reports
only to three pixels.
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The highest CV value is 0.29, for band 5 of the class mixed sulphur materials-154 with an average for all bands
of 0.28, and the band 4 (0.29) of the class yellowish ferricrete with an average value of 0.27. Although the CV
values are the highest, they are still quite far from the value I, thus being considered as robust results in this
case.

The Root Mean Square (RMS) error for the classes shows quite high residuals, increasing the uncertainty about
the match of the spectra. Within the classes of interest there seems to have some mismatch with much
flattened spectral signatures, namely water with mixed sulphur materials or fine material associated to
metallurgical slag. An RMS error shows that the deviation is high. In order to minimise the RMS, a trial with a
Spectral Angle Mapper (SAM) using different smaller angles was undertaken. The smallest angle giving significant
results is 0.05 radians. The results for the latter show that the RMSe is only minimized for few spectra,
respectively 152 and 153. However, by minimising the angle it is observed that the mixed sulphur materials are
the remaining last classified signature, which shows the strength of the association of the low pH signature with
spectral data.

Comparing results of mining waste materials, with an AMD signature given by mixed sulphur materials and also
by fine materials associated to metallurgical slag, both at MSI and IS data (undertaken in a FLAASH-EFFORT
mosaic) the area covered is 444,600.00m” and 87,327.950 m? respectively. However, one of the mixed sulphur
spectrum, 153, has a copiapite-coquimbite correlation below 0.80 and constitutes the major coverage of this
class in MSI. If it is excluded from mapping, the AMD signature diminishes to 166,050.000 m? and in IS data to
48,564.090 m%, more similar to a final copiapite-coquimbite(l-S-K) assemblage of low pH. Thus, even when the
spectral resolution is low it is essential to have previous knowledge of correlation of mineralogical assemblages
in order to select the adequate spectra. This is only achievable with high spectral resolution data.

6.2.4 MINERALOGICAL CORRELATION MAPPING

The same set of input either of endmembers and ASD spectra as used in the mineralogical correlation map in
Chapter 5 (Table 5.7) (Table 6.4) has been resampled to the MSI wavelength. From these input spectra, the
ones depicted in Table 6.4 are mapped in Figure 6.7, and spatially on Figure 6.8.

In the endmembers are only mapped 161 pixels corresponding to class #23 and #77 (Table 6.4). By contrast,
the ASD field spectra are high, mapping 763 pixels. The final intersection area related to low pH class shows
great similarity with the results obtained both spatially (Figures 5.7 and 6.7) and per m? (Table 6.4). The CV
does not show strong differences, being more evident and higher in the final map of the Landsat ETM+.

Table 6. 4 Classification results from SAM in Landsat ETM+(upper) using the input spectra as in HyMap™
correlation level 0.80 for low pH class (lower).
LANDSAT ETM+  FLAASH-EFFORT Correction CORRELATION 20.80

MAPS ASD FIELD ENDMEMBERS MINERALOGICAL
CORRELATION 20.80
Spectra Area (m2) cv Spectra Area (m?) cv Area ( m?) CcVv
CLASSES
Copiapite 136-149-150-151-152-154-155- 418,275.000 0,27 #(23-77) 36,225.000 0,24 29,700.000 0,24
(Coquimbite) 156-193-194-203-204-225
-alunite (1,S,K)
HyMapTM FLAASH-EFFORT MOSAIC CORRELATION 20.80
MAPS ASD FIELD ENDMEMBERS MINERALOGICAL
CORRELATION 20.80
CLASSES Spectra | Area (m2) | cv Spectra | Area(m?) | Cv Area (m2) Ccv
Copiapite 136-149-150-151-152-154-155- 180,001.480 0,22 #(19-21-23-29- 38,125.080 0,25 23,853.390 0,17
(Coquimbite) 156-193-194-203-204-205-206- 38-66-67-77)
-alunite (1,S,K) 225

Spectral average values and standard deviation are in Figure 6.7, for both individual mapping of ASD and
endmember spectra as well as the average value given by IS data in Chapter 5.
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Figure 6. 7 Average spectral patterns and standard deviation of multispectral low pH map (black) compared
with average results obtained with hyperspectral data (gray)(Chapter 5).

The spatial dispersion obtained shows that is possible to broadly outline the low pH AMD minerals on Landsat
ETM+ in a similar way as achieved with the HyMap™ (Chapter 5, Figure 5.4), although spatial variations exist
particularly south of the open pit southwards to the acidic dam. Despite these local differences, it's worth
noticing that these results are based in the input spectra of IS data with their differentiation capabilities achieved
by mineralogical correlation, focusing in the high correlation of minerals associated with low pH values. If the
results are obtained without this mineralogical correlation providing further knowledge about the input spectra
the uncertainty increases, already in a broad outline (Figure 6.7). This similarity between IS and MSI diminishes
when just using field spectra as can be observed in the waste mining materials map both in IS and MSI (Chapter
3 and Section 6.2.3). Also, when the field spectra are assigned to mineralogical correlation and set to high
values, i.e. 20.80, the low pH signature is quite distinct, as seen in the end of the previous Section (6.2.3).

Kruse and Perry (2007), when extending the IS signatures to regional mapping using IS data conclude that the
mapping should be conducted using spectral measurements, instead of mineralogical mapping with much lower
discriminating capability when using multispectral dataset. This has already been done even when mapping IS
data, relying instead on all spectrum mineralogical correlation knowledge to assign low pH values.

The low spectral and spatial resolution is also seen in the requirements of less input spectra to map similar
areas of this specific mineralogical associated related to low pH (Table 6.4).



6. FROM AIRBORNE HYPERSPECTRAL TO SPACEBORNE MULTISPECTRAL SENSORS MAPPING RESULTS | 137

NG

it YOS et 5

Figure 6. 8 SAM results of sharpened Landsat ETM+ for input spectra of Table 6.4 at mineralogical correlation
20.80. Left-from ASD field spectra, centre-endmembers and right-intersection of previous.

6.3. CONCLUSIONS

To evaluate what are the capabilities of IS (HyMap™) and MSI (Landsat ETM+) data in discriminating and
mapping waste mining materials related to AMD surface materials, the images were processed to generate two
maps:

. Woaste mining materials map related to AMD using field spectra (Chapter 3, Figure 3.9, Appendix Il)
I. Mineralogical correlation map 20.80 AMD (Chapter 5, Figure 5.4).

To diminish the spatial differences the MSI, captured 17 days apart from the IS, was sharpened to 15 m and
atmospherically corrected using FLASSH. All input spectra were resampled to the MSI wavelength range.

In 1), the results depict a broader outline than with the IS waste mining materials map, with coherent CV
classes, although with RMSe with high residuals. In area, the low pH classes assigned to the classes mixed
sulphur materials and fine material associated to metallurgical classes covers 444,600.00m? and 87,327.950 m?in
IS (conducted in the FLAASH-EFFORT mosaic). This value decreases to 166,050.000 m?and to 48,564.090 m? if
further mineralogical correlation information is added and set to high values i.e. 20.80. This demonstrates that
even if the spectral resolution is lower than IS, the final product of AMD mapping is quite different if knowledge
derived from high spectral resolution data is considered to select the input spectra.

In 1l), comparing the two maps, i.e. endmembers and field spectra, generated before the final intersection, the
dispersion is higher in the latter (Figure 6.8), as already observed in IS mapping (Table 6.4). The final map of
copiapite-coquimbite (I-S-K) assemblage of low pH covers an area of 29,700.000 m? closer to the area derived
for the same class in IS data, i.e. 23,853.390 mZ. It is important to notice that this similarity of results is achieved
by resampling information from field spectroscopic data, images of high spectral resolution and with additional
knowledge derived from the correlation matrix. Thus, when applied to the S. Domingos test site the mapping
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results from IS can be translated to MSI data, with a relative certainty. This highlights the importance of IS data
in developing knowledge that decreases the uncertainty about mapping results.

Another important point concerns the specificities of an AMD signature, with a strong association of the
mineralogical assemblages and the spectral data, remaining one of the last classes to disappear when the angle of
the mapping algorithm is minimised. This imply that the conclusions reported to AMD signature when
extending to MSI mapping results should be carefully considered when the thematic target is different.

Although the ability to identify spectral signatures of specific materials is highly dependent both upon the
spectral and the spatial resolution of the data, in this case a specific signature of target of interest has been
isolated, i.e. the AMD. This allowed achieving similar mapping results, even if the spectral width and spatial
resolution changed from 126 to 6 bands and from 4.] m to |5 m respectively in IS and MSI data.

With the results obtained, there is potential to extend the AMD to a regional scale, e.g. the whole of the
Iberian Pyrite Belt, which has a strong environmental footprint derived from long term mining activity.



7. CONCLUSIONS

7.1. CONTRIBUTION FOR THE USE OF IMAGING SPECTROSCORPY (IS)

IS allows to map surfaces at a mineralogical and/or chemical level with a non-destructive character. The spectral
response given by an IS sensor allows the expansion of a point spectroscopy to a spatial dimension providing
the capability of gather spectral information over wide areas. The absorption features obtained by an IS sensor
facilitates the quantitative and qualitative characterization of both the surface and the atmosphere.

This capability adds more complexity to the regular image processing chain. A few constraints occur presently
related with IS data accuracy and validation processes as well as lack of agreed standards (Holzwarth and
Heldens, 2006; Reunsen et al., 2007). Particularly in the case of application of classical validation or accuracy
assessment to IS data, limitations are reported to the fact that IS may map the environment with greater
accuracy than can be obtained by field crews or maps produced by other methods then remote sensing
(Aspinall et al., 2002; Jacquez et al., 2002; Foody, 2008).

A way to minimise the uncertainty about the thematic maps obtained, i.e. in this case assign mineralogical
associations to each pixel related to Acid Mine Drainage (AMD), is to use multi-source data correlated
quantitatively and combine different mapping results.

7.1.1 THE MULTI-SOURCE SPECTRAL METHODOLOGY

The multi-source spectral methodology improves the final mapping results by eliminating uncertainties at two
levels. The first level is at the input data and establishes a quantitative link among multi-source spectral data
through correlation matrixes. From these multi-source spectral data at different levels, i.e. derived from image
endmembers, field spectral measurements and from mineralogical spectral libraries (Clark et al., 1993), the high
correlations related to AMD environmental minerals indicators are selected and are inputted to SAM algorithm
generating two different maps in function of either field spectra or endmembers spectra. Each map is converted
to high spectral correlations of mineralogical assemblages.

The second level is to consider only the intersection area of both maps in function of mineralogical assemblages.
The final map is focused in a low pH (<3) class corresponding to the mineralogical assemblage of copiapite-
coquimbite-alunite-illite-kaolinite-smectite.

Through the application of this methodology combining different input spectra further significant contributions
have been added with respect to the use of IS applied to mining environments and in particular, within the study
area, has highlighted:
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I the screening information obtained over unknown spectra by assigning it to the mineralogical
components and focusing directly on the thematic target of interest, in this case AMD.

Il. the importance of local field spectral measurements with higher radiometric and SNR and spectral
resolution than the image scale, depicting in the image a local field reality.

M. the importance of having information at image scale through the endmembers, derived from the same
scale as the area to map

Iv. the differences in mapping results obtained by independent sources (Il and lll), which are minimised by
conveying solely the common high mineralogical correlations at each pixel and its contribution to
validation issues.

7.1.2 ASSESSMENT AND MONITORING OF AMD IN THE S. DOMINGOS
STUDY AREA

The multi-source spectral methodology was applied in the S. Domingos study area revealing an exclusive low
pH (<3) mineralogical assemblage, whereas jarosite is not contained at high correlation level. This methodology
was applied both with different correlation thresholds, i.e. at 20.80 and 20.90, and with different software for
the atmospheric corrections using a radiative transfer modelling (FLAASH and HYCORR with EFFORT
polishing) in the case of IS year 2000 (HyMap™).

From this we concluded that the spatial dispersion based on mineralogical correlation minerals of low pH is
variable, either as a function of the atmospheric corrections undertaken or the threshold of correlation
selected.

The areas mapped show in a general way, at its maximum spatial extension, depending on the correlation
threshold and atmospheric corrections, pH<3 in the following areas: |) surrounding the open pit, ll) in the
village spread mostly by construction materials, Ill) south of the open pit surrounding the acidic dams and
following the pathway to Moitinhos where the cementation tanks remain, IV) Achada do Gamo where the old
sulphur plants are located, V) the pathway to Telheiro encompassing more acidic dams, VI) from Telheiro to
southward to Chumbeiro where the S. Domingos river meets with the Changa river and VII) the railway linking
Telheiro to the Pomarao harbour, and the harbour itself with a more less pronounced influence on the eastern
side near the Spanish border.

The variations in mapping result compared with HyCORR-EFFORT are less pronounced using FLAASH-
EFFORT, and are seen as a trade-off between spectral homogeneity and mineralogical differentiation in the two
mosaics.

From the input spectra to mapping algorithms, the local ASD field spectra maps wider areas than the
endmembers and shows less differentiation in function of the different atmospheric corrections conducted in
the IS mosaic. Thus, field spectra can be considered as a more independent source of information, which is
coherent with a smaller field-of-view and less influence of illumination conditions when measured. Nevertheless,
the broader area mapped shows the need of having multi-source spectral data in order to minimise deviations
according to the full pixel algorithm used and as contribution for validation.

The application of the same methodology to the SPECIM EAGLE-HAWK of year 2007 was not efficient. A
common factor for multi-temporal comparison was to map with the ASD field spectra gathered in 2007 and at
mineralogical correlation 20.80 was inputted to the SAM algorithm to map both 2000 and 2007 data.

The results show the occurrence of low pH (<3) in 2007 data south of the open pit in the acidic dam and at
Moitinhos as well as a few pixels at the Pomarao harbour more or less accompanied by the jarosite class. In
2000 the similar areas mapped are broader.
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However, the mapped areas cannot be addressed in a quantitative way but merely as an evolutionary trend, due
to the differences established in both mosaics (see Chapter 4). These differences occur both at global statistics
and specific targets of interest and reasons for this include, but not limited to: the seasonality corresponding to
the wet period of the S. Domingos area in 2007 comparing to the dry period in 2000 and consequent effects in
vegetation patterns, and the different viewing angle and illumination geometry of multi-sensor data capture.

Monitoring with IS data is itself a challenging task particularly in the case of airborne capture. Adding to this, a
multi-sensor approach complicates the system with different technical specifications. Furthermore, in the case
of the S. Domingos area, seasonal variations have chemical/mineralogical implications in the AMD detection.

7.13 FROM AIRBORNE HYPERSPECTRAL TO SPACEBORNE
MULTISPECTRAL SENSORS MAPPING RESULTS

To evaluate what are the capabilities of IS (HyMap™) and MSI (Landsat ETM+) data in discriminating and
mapping waste mining materials related to AMD surface materials, the MSI sharpened and atmospherically
corrected was processed to generate two maps:

Il Woaste mining materials map related to AMD using field spectra (Chapter 3, Figure 3.9)
I. Mineralogical correlation map 20.80 AMD (Chapter 5, Figure 5.4).

In I), the results depict a much broader outline than with the IS waste mining materials map, with coherent CV
classes, although with RMSe with high residuals. In IlI), comparing the two maps, i.e. endmembers and field
spectra, generated before the final intersection, the dispersion is higher in the latter (Figure 6.8), as already
observed in IS mapping (Table 6.4). The final map of copiapite-coquimbite (A-I-S-K) assemblage of low pH
covers an area closer to the area derived for the same class in IS data.

It’s important to notice that this similarity of results is achieved by resampling information from field
spectroscopic data, images of high spectral resolution and with additional knowledge derived from the
correlation matrix. Thus, when applied to the S. Domingos test site the mapping results from IS can be
translated to MSI data, with a relative certainty. This highlights the importance of IS data in developing
knowledge that decreases the uncertainty about mapping results.

Another remark should also be done concerning the specificities of the AMD signature, with a strong
association of the mineralogical assemblages and the spectral data on this test site. This implies that the
conclusions reported to AMD signature when extending to MSI mapping results should be carefully considered
when the thematic target is different.

Although the ability to identify spectral signatures of specific materials is highly dependent upon both the
spectral and spatial resolution of the data, in this case it has been isolated a specific signature of target of
interest, i.e. the AMD. This allowed achieving similar mapping results, even if the spectral width and spatial
resolution changed from 126 to 6 bands and from 4.Im to |15m respectively in IS and MSI data.

With the results obtained there is potential to test the extension of the AMD spectral signatures to a regional
scale, e.g. at Iberian Pyrite Belt scale where a strong environmental footprint derived from long term mining
activity is inevitably observed.

7.1.4 GOVERNMENTAL POLICIES RELATED TO MINING ENVIRONMENTS

Imaging Spectroscopy is an appropriate method to comply with the demand of environmental data as set by
legal requirements of current European Directives, by minimizing costs of density sampling and analysis. These
include the Soil Policy Development and Soil Strategy from DG ENV, in particular soil monitoring, and the
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directive 2006/21/EC on the management of waste from extractive industries, as well as the Integrated Pollution
Prevention and Control directive (IPPC, 2008/1/EC).

The results obtained in S. Domingos using a multi-source methodology delineated in areas of pH<3. The
generation of metal-laden effluents of low pH, if not carefully managed can contaminate soils, surface water
courses and groundwaters and have a derived impact on ecosystems. The AMD is more evident in old mining
areas due to the different environmental concept at the time and technological issues, which were not able to
prevent or control the associated damage.

When considering environmental assessment the critical areas for safety protection and remediation measures
should take no risks and should be assigned to a low correlation threshold, in this case pH<3 map with
mineralogical correlation 20.80. Again, the lack of standards in IS appears relevant, when the maps are different
in function of the atmospheric corrections undertaken.

Relatively to the monitoring capabilities of IS data, they have a few limitations. Airborne capture remains difficult
and many times dependent of the aircraft’s ability to fly, sensor availability and atmospheric conditions amongst
others. In this case the data capture in 2007 was in a different season than the recommended for monitoring
purposes.

However, the fact that IS methodology and results were translated to a contemporary MS| image generating a
similar map of pH<3 opens perspectives for the routine use of spaceborne MSI but with less uncertainty relying
on IS knowledge (see below Section 7.2.4).

Another possibility as IS as a component of cost-effective monitoring systems (Section 7.2.5) is the use of field
spectroradiometer-.

7.2. FORWARD DEVELOPMENTS

7.2.1 PRE-PROCESSING

The removal of atmospheric effects, a key factor that controls all subsequent image processing (Chapters 4 and
5), has been dealt here through physical models, i.e. radiative transfer modeling, and some tests conducted using
statistical models. However, “noise” in IS images may not be removed completely, depending on the model(s)
used and of the conditions of dataset capture. Part of this noise can be identified through its spatial structure
and thus be filtered using geostatistical methods.

In order to remove noise, a methodology was partially tested with the HyMap™ data (Quental et al., 2007),
following the steps: 1) A multivariate statistical analysis using a compression algorithm Minimum Noise Fraction
(MNF); Il) Factorial Kriging in the most relevant MNF bands to detect multiple scales of spatial variability and
filter the noise, Ill) An inverse MNF transform of the noise-whitened factors.

The component ) yields high complexity in the case of IS images in function of the options taken on the order
used in the image processing chain. Thus, it is essential to identify the origin of distinct noises prior to removing
them from the images. In the lack of adequate validation spectra to support the options taken and combined
with the technical issues derived from the high data volume characteristic of these images, these tests were
abandoned.

It remains as a methodology to be further exploited taking into account the sensitiveness of spectral response
of IS data, where sometimes the limits of noise and information are doubtful. This methodology can be
particularly relevant in the case of SPECIM EAGLE HAWK, where a different type of spatial noise was detected.
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7.2.2 SPECIM EAGLE-HAWK

For multi-sensor monitoring purposes, the SPECIM EAGLE HAWK data was spectrally resampled, when
possible, to the HyMap™ data spectral resolution, to ensure these parameters were consistent for both images.
Thus, a considerable amount of spectral information, i.e. corresponding to 19,15 Gbytes, was not processed,
and can aid in adding more detail on the characterization of the S. Domingos area when using its full spectral
extension. This can give a more accurate time point when processed in all its spectral extension and resampled
afterwards for monitoring purposes.

Additionally, other spectral data, e.g. field and mineralogical libraries, has detailed spectral resolution to be
combined in the correlation matrix and depict the variations when accounting with more absorption features.

Modifications on the input bands for the correlation matrix, conducted in this thesis, demonstrated that
variations in the results can be significant, e.g. in the case of low pH environmental mineralogical indicators such
as copiapite and coquimbite. Additionally, it can also detail what were the implications on the signal obtained
when spectrally sub setting the SPECIM EAGLE HAWK data.

7.2.3 SPECTROSCOPY

Field spectral data revealed its importance as reference data and bridging different scale levels, i.e. laboratory,
field and airborne spectral data. Establishing a quantitative link when correlated with mineralogical libraries
facilitates the use of field spectroscopy for AMD assessment. As stated by Montero et al. (2005) field
spectroscopy can also configure a quick way and cost effective method for AMD assessment.

Laboratory studies using spectral measurements of field materials concerning low pH minerals, can contribute
to further comprehension of the evolution of waste mining materials in dry and wet seasons. In fact, the cycling
of metals and acid by the precipitation and dissolution of efflorescent salts is an important process at mine sites
(Hammarstrom et al., 2005). The pollutants content, e.g. Pb and As in these materials can also be exploited in
terms of absorption features supported by other analytical methods.

7.2.4 FROM AIRBORNE TO SPACEBORNE AMD DETECTION

The similarity of mapping results of pH<3 obtained when translating the IS (HyMap™) mapping conditions (i.e.
field spectra and endmembers correlated) degraded spectrally for a sharpened MSI (Landsat ETM+), highlights
the following:

I depicts the potential to test the extension of the AMD spectral signatures to a regional scale. This can
be relevant for areas within the same Metallogenic Provinces, e.g. the Iberian Pyrite Belt, where a
strong environmental footprint derived from long term mining activity is observed.

Il. if at some stage of a mine life cycle there is IS information validated by mapping results when translated
to MSI in a close time gap, it can lead to the extension of this knowledge to a multi-temporal MSI. This
can in fact contribute to monitoring capability concerning mining areas, with routine data acquisition in
a cost effective way.

Relative to the mineralogical correlation of low pH(<3) remains to be tested the translation of this spectral
signature from IS airborne to IS spaceborne.
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