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Abstract

The use of hyperspectral imagery for robotics
is predicted to increase as costs of sensors de-
cline. A library of spectra can be used to map
hyperspectral data to identify objects by com-
paring their reflectance signature to known ma-
terials. In this paper, methods used to build
the spectral library to map geology on mine
faces are described. The library includes vari-
ous (simulated) environmental conditions such
as different light sources and the inclusion of
shade and moisture. The principal focus of
this paper is the inclusion of shade and mois-
ture into the spectral library and to investigate
their effects on curve shape and albedo. These
effects are usually not considered in other spec-
tral libraries. The signal-to-noise ratios (SNRs)
are greatest for spectra acquired under arti-
ficial light and become progressively smaller
for spectra acquired under natural light, mois-
ture and shade. Shade decreases the bright-
ness but does not generally alter the shape of
the spectral curve. Moisture decreases albedo
but less than shade does, however, moisture
changes the shape of the spectral curve. Prin-
cipal component analysis suggests that several
major rock types could be distinguished on the
basis of their spectral reflectance. This study
demonstrates the importance of collecting li-
brary spectra under a range of conditions in
order to achieve an accurate mapping of cover-
types.

1 Introduction

Remote sensing from satellites (e.g. Landset TM, HIRIS,
Hyperion) and aircraft (AIS, AVIRIS, HyMap) have pro-
vided new insights into the structure and functioning of
Earth’s systems. Conventionally, remotely-sensed data
are collected of the Earth’s surface in broad, discrete

bands, their spectral width and position being designed
for specific applications. Hyperspectral data (acquired
mainly from airborne sensors) has been used extensively
for geological and mineralogical mapping for many years,
e.g.,[Clark et al., 1990] and the physical properties gov-
erning the absorption between 0.3 to 2.5�m are well
documented for rocks and minerals, e.g., [Hunt, 1977].
These data differ from broad-band data in that they are
acquired in numerous, narrow, discrete and contiguous
bands. Thus, reflected light is measured as a continuous
spectrum between blue and short-wave infra-red (SWIR)
wavelengths. The principal advantage of hyperspectral
over conventional broad-band data is that materials can
be identified (rather than merely separated), on the ba-
sis of their unique spectral reflectance curves. However,
large datasets pose a significant challenge in the analysis
and processing, using conventional methods developed
for broad-band data, e.g. to perform robust classifica-
tion.

Hyperspectral imagery has enormous potential for
robotics applications because of its capacity to iden-
tify materials on the basis of their spectral reflectance.
The present use of imagery in the context of robotics
is mainly confined to colour or infrared imagery. Hy-
perspectral data will add an entirely new dimension to
obtaining information in real-time. As the concept of
field based remote sensing expands and the cost of the
sensors decline, it is expected that hyperspectral imagery
will be used more widely in the field of robotics.

On the other hand, hyperspectral cameras, typically
are restricted to space or airborne platforms, deployed on
field base robotic systems, these systems have an enor-
mous potential across a range of applications. Recently
several studies using hyperspectral data in a robotics
context have been reported, e.g. agriculture [Okamoto
and Lee, 2009; Vrindts et al., 2002], target detection
[Kerekes et al., 2009], surveillance and object tracking
[Rice et al., 2009]. Although some of these studies use
only simulated hyperspectral data, it highlights the in-
creasing interest in such data and the recognition of its
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importance as a powerful and versatile sensor for au-
tonomous systems.
The Mars exploration rover mission, for example, uses a
miniature thermal emission spectrometer and an alpha
particle X-ray spectrometer (APXS) [Christensen et al.,
2003], to obtain information from rocks and sediments.
The utilisation of field-based hyperspectral imagery and
spectroscopy for terrestrial applications such as mining
has, however, not yet been fully exploited. This is pri-
marily because of the high costs and the availability of
this sensor technology.

Hyperspectral imagery acquired from field-based plat-
forms, is of enormous potential for mining tasks such
as exploration and reconciliation. Although hyperspec-
tral data in the range of 0.3 to 2.5�m can only provide
information about the surface of rocks (due to physi-
cal limitation of light-penetration), it can be effectively
used to identify, map and quantify geology and mineral-
ogy. A prerequisite to optimally exploiting hyperspectral
imagery for geological applications is to understand the
reflectance characteristics of the materials or rocks be-
ing studied by building a comprehensive spectral library.
Such libraries are then matched with hyperspectral im-
agery acquired in the field to create maps of geological
and mineralogical information without the need for a
priori knowledge of any one particular mine face.

The ultimate goal of this research is to identify min-
eralised (e.g. GOL - acronyms defined in Tab. 1) from
unmineralised materials (e.g. CHT and BIF and other
waste materials) to optimise the mining process. Hard
rocks like CHT and BIF are generally considered to be
waste and are not mined. If these materials are included
in the process with mineralised rocks, then this can pose
a problems for the processing machinery. It is therefore
desirable to separate mineralised rocks from waste.

To develop an autonomous land-cover mapping system
it is necessary to construct a comprehensive spectral li-
brary which enables classification algorithms to deal with
the variety of conditions and the number of rock types
as they present themselves on a vertical mine face. Two
of the most important factors that affect the spectral
characteristics of rocks (other than mineralogical com-
position) are shade and moisture. A mine face can ex-
hibit complex conditions such as geometries and angular
protrusions which cast deep shadows at certain times of
the day as well as the presence of water due to rain-
fall and artificial moistening (to reduce dispersed dust).
Both effects pose problems for the use of hyperspectral
imagery. In order for hyperspectral imagery to be used
in an operational mining context using semi-automated
methods, it is critical that the effects of shade in par-
ticular but also of moisture on spectra are considered
and where appropriate, removed Therefore, it is neces-
sary to include spectra of shaded and moistened rocks

into a spectral library because these effects are often not
considered in the construction of spectral libraries (e.g.
for use in airborne remote sensing).

1.1 Other existing libraries

Comprehensive spectral libraries containing several hun-
dred minerals and materials are available (e.g. United
States Geological Survey [USGS, 2007], ASTER Spectral
Library [NASA JPL, 2008]). These libraries were con-
structed to create a reference for a large number of dif-
ferent materials from pure mineral samples rather than
whole (’real-world’) samples of rocks. Recently, similar
work has been done by the Australian government and
state departments. One outcome of this large survey
is the National Virtual Core Library (NVCL) [AuScope
and CSIRO, 2008] which contains more than 61,000 m of
scanned drill cores. This library aims to build a high res-
olution mineralogy map of the upper 1-2 km of the Aus-
tralian continent based on spectra acquired from drill
cores. Spectra are acquired by an automated spectro-
scopic core logging machine (‘HyLogger’ TM).

Our library differs from existing libraries in several
key aspects. First, the library is designed for a specific
application in mind - the automated recognition of ore
deposits and waste materials. Second, the library incor-
porates variability with respect to illumination, shade
and moisture. This is necessary because unlike air or
spaceborne sensors, some field based remote sensing ap-
plication have to deal with complex geometry. This
is particularly evident on a mine face which can cast
deep shadows. The presence of water is applicable for
both field based and airborne remote sensing, however, it
seems that it is not considered in other spectral libraries
created from airborne sensors. From the perspective of
automated mining systems, inclusion of these variables
is essential to enable a seamless mapping of complex ge-
ological surfaces. Thirdly, most spectral libraries (e.g.
NVCL) are acquired under laboratory conditions (under
artificial light). Our library also includes spectra ac-
quired under natural light (i.e. under similar conditions
to the ones found in an operational mine).

2 Materials and methods

2.1 Study area and equipment

Study area and rock samples

All rock samples used in this study were collected from
an operational mine in the Hamersley province, WA
(Tab. 1). The area is characterised by extended areas
of banded iron formation (BIF) which has, in some ar-
eas, become mineralised through the influence of weath-
ering and ground-water leaching. In this process, silica
as a major component of BIF, is leached from the rock
matrix thus concentrating deposits of iron in the form
of goethite and martite (hematite). The other major
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Figure 1: A tray containing cores from a diamond drill
obtained from an operational mine in Western Australia.
In the top left an area of water reactive clay is present,
the rest of this tray contains mostly manganiferous shale.
Black circles represent the location from which spectra
were acquired.

Table 1: Principal rock types from a mine face.

Rock types Code
Water Reactive Clay WRC
Shale NS3 + NS4
Banded Iron Formation BIF
Martite-Goethite-Hard MGH
Martite-Goethite-Fine MGF
Manganiferous Shale SHN
Goethite-Limonite GOL
Cherty Banded Iron Formation CHT

rock type in this area is shale (including shale bands
and extensive deposits of West Angeles Shale) and man-
ganiferous shale, which contains large amounts of kaoli-
nite and/or halloysite. A primary task for the analysis
of hyperspectral data was therefore to distinguish be-
tween shale and BIF (waste) from mineralised goethite
and martite.

The collected drill cores (Fig.1) represent relatively
pure samples of each rock type, unlike whole rocks col-
lected from the mine face. These cores are generally not
coated with dust from the surrounding environment or
covered with biofilm. However, the drilling process may
cause grooves or burn-marks on the core surface. The
rock samples were selected (without grooves or burn-
marks) to be representative for rocks on any mine face
at an operational mine within the region. The rocks ex-
hibit large variations in colour, ranging from black to
white and from deep orange to yellow.

ASD field spectrometer

To acquire spectra of the diamond drill cores a Field
Spec3 Pro spectrometer (Analytical Spectral Devices;
ASD Inc., Boulder, CO, USA) was used. The spectrom-
eter is comprised of three sensors, each one acquiring
data in a different wavelength range (Table 2). The
spectrometer was fitted with an 8∘foreoptic to limit the
field-of-view of the sensor to facilitate accurate location

Table 2: Specifications. The ASD field spectrometer is
comprised of three sensors, one visible and near-infrared
(VNIR) and two short-wave-infrared sensors (SWIR).
The wavelength range (WR), the sampling interval (SI)
and the spectral resolution (SR) is given in nano meters
(nm) .

Sensor WR FWHM SI SR
VNIR 350-999 3 1.4 3

SWIR 1 1000-1829 10 2 10
SWIR 2 1830-2500 10 2 10
The analog signal is digitised to 16 bits.
An 8∘foreoptic was used in front of the optical fibre.

of measurements. Each spectrum was comprised of an
average of numerous individual spectra (25 and 30 for
laboratory and outside measurements, respectively).

2.2 Methods

Two experiments were done. Experiment 1 acquired
spectra from drill cores in the laboratory using artificial
light to (i) acquire spectra with a high signal to noise
ratio; (ii) provide information from spectral regions nor-
mally obscured by atmospheric water vapour absorption,
i.e. bands centred at 1450 nm and 1850 nm; and (iii) ac-
quire spectral endmembers under controlled conditions.
Experiment 2 was done under natural light to (i) enable
spectra to be directly compared to hyperspectral imag-
ing data from mine sites; (ii) acquire spectral endmem-
bers (i.e. spectra of pure examples of each rock type),
which can be used to classify hyperspectral images of the
mine face; (iii) acquire spectra from shade and moistened
rocks.

General procedure for acquiring spectra

1. Position the foreoptic over the rock surface (avoid
the shaded flanks of the core) so that a homogeneous
area of a pure example of rock is sampled.

2. Place the flat Spectralon calibration panel (∼99%
reflectance) over the rock samples and centre it un-
der the foreoptic.

3. Position the rock sample on a designated position,
so that most of the light illuminates the centre of
the calibration panel and the rock surface.

4. Optimise settings (integration time, gain, offset).

5. Acquire spectra from the calibration panel.

6. Acquire the spectrum of the rock-sample.

7. Save spectrum.

Experiment 1 - artificial illumination

The purpose of obtaining spectra inside the laboratory
under artificial light is to obtain quantitative informa-
tion over all wavelengths including those centred at
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Figure 2: Laboratory set-up used for experiment one and
two. In the ‘rock tray’ the diamond drill cores are stored
in four sections. Fig. 1 shows a part of such a tray.

1450 nm and 1850 nm. These regions of the spectrum
contain some useful information relating to mineralogy
but can not be measured using natural sunlight, be-
cause of absorption in the atmosphere’s water vapour.
Artificial illumination increases the SNR particularly at
longer wavelengths (i.e. SWIR2). The same conditions
throughout the measurements were maintained. Dark
plastic was used to exclude daylight, which could in-
terfere with the consistency of the measurements. The
room illumination was turned off while the spectra were
acquired. To illuminate the rock samples, an artifi-
cial light source (Halogen lamp) was used which was
mounted onto a tripod to ensure, as far as possible, that
the same angle of incidence and distance was maintained.
The optical fibre was mounted onto a different tripod. To
reduce noise, 25 consecutive spectra were sampled and
averaged for the dark current, the white reference and
the target.

A spot size of approximately 2 cm in diameter was
selected to acquire spectra from areas, which were big
enough to be representative and provide a good SNR. On
the other hand, the area had to be small enough to avoid
data being collected from the shaded flanks of the core.
To provide this field-of-view the distance between foreop-
tic and rock surface was maintained at 15 cm (detection
distance). The lamp was positioned about 30 cm away
from the rock sample and illuminated the surface from
an angle of incidence of approximately 45∘, as shown in
Fig.2. The detection angle remained perpendicular to
the core surface.

Experiment 2 - natural illumination

Spectra were acquired under different environmental
conditions, i.e. full sunlight, shade and moisture, how-
ever, the same detection distance and angle (experiment
1) were used. Spectra in this experiment were acquired

as a set of six spectra (each an average of 25 and 30 for
artificial and natural illumination, respectively). Each
set is comprised of six measurements from the same area
and all spectra were acquired normal to the rock sur-
face applying the standard procedure. However, a set of
spectra for one sample is comprised of (i) two spectra
acquired in full sunlight, (ii) two spectra acquired af-
ter shading the rock with a piece of cardboard and (iii)
two spectra acquired in full sunlight after moistening the
rock with a standard amount of water (∼ 10 ml). These
measurement were replicated 2-3 times in different areas
of the core for each rock type (depending on the surface
area available for that rock type).

2.3 Data Analysis

Removal of spectral artefacts

Each sensor in the spectrometer acquires spectral data
over different wavelengths (Table 2). Jumps (positive or
negative) in reflectance at 1000 nm and 1830 nm occur
at the transition-points of each sensor. These artefacts
(Fig. 3) are conventionally removed using the splice cor-
rection algorithm in the ASD software. Jumps are typ-
ically small for the junction at 1000 nm but are often
larger at 1830 nm.

The splice correction generally works well on spectra
acquired in the laboratory (i.e. good SNR and no atmo-
spheric water vapour absorption). The algorithm, how-
ever, performs poorly on spectra acquired under nat-
ural sunlight because of the poor signal to noise ratio
and the presence of atmospheric water vapour absorp-
tion bands. In such cases the ASD algorithm introduces
new artefacts into the data; specifically, in the SWIR2
wavelength range, where it can cause large changes in
reflectance (dashed curve, Fig. 3a). This is caused by
the algorithm using a wavelength in the SWIR1 data to
adjust the SWIR2 data (using an offset), leading to large
changes in reflectance.

Such artefacts can hinder further analysis of the data
using some techniques (e.g. derivative analysis), and
therefore, it is necessary to remove them. Our approach
was to generate a combination spectrum using the splice
corrected data from the VNIR and the SWIR1 sensor
(350-1830 nm) and the original data (i.e. not splice cor-
rected) of the SWIR2 sensor (1831-2500 nm). This was
possible since the splice correction performs well for the
first jump at 1000 nm. In addition, the atmospheric wa-
ter vapour absorption bands which do not contain any
useful information were removed from the spectral data
(Fig. 3b).

Determining signal-to-noise ratio for selected
spectra

A low SNR can hinder some analysis techniques, par-
ticularly when parameters have to be quantified from
unique absorption features. It was necessary, therefore,
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to quantify the amount of noise in the spectra. The SNR
was calculated from absolute reflectance units for two
rock types. One of the rock types was a very dark rock
(MGF) which is composed of a relatively small grain size.
CHT, a much brighter rock type with bigger grain size,
was chosen for comparison. The SNRs were calculated
for each illumination condition to obtain information of
how the individual condition (and the physical proper-
ties of the rock) affects the signal. A method was used
to generate the SNR which divides the (local) average
of a spectrum by its (local) standard deviation [Van der
Meer and de Jong, 2001]. The average was calculated
for a window of several bands rather than for the whole
spectrum. In order to do this, the spectrum was con-
volved with a rectangular pulse. The filter kernel was of
an odd number of elements (21 elements) using the cen-
tral element as the corresponding point to avoid a shift
in the data. The standard deviation was generated us-
ing a similar approach. Finally, this value was converted
to decibel (dB) to make it easier to compare with other
data, resulting in equation 1:

SNRdB(�) = 10 ⋅ log10
(
R̄(�)

�(�)

)
, (1)

where R̄(�) is the local average reflectance and �(�) the
local standard deviation at a wavelength � .

Principal component analysis (PCA)

One characteristic of hyperspectral data which can cause
problems for analysis is that these data are highly cor-
related, particularly in bands which are close in terms
of their wavelength. To determine if the different rock
types can be separated on the basis of their spectral re-
flectance, the dimensionality of the bands was reduced
using PCA from unstandardised data (i.e. generated
from the covariance matrix). The PCA results were gen-
erated from an unbalanced number of laboratory spec-
tra (acquired under artificial light) using the software
PRIMERv6 [Clarke and Gorley, 2006].

3 Results

3.1 Spectral characteristics of major rock
types

Spectra of the different rock types are highly variable
in terms of their brightness (albedo) and curve-shape
(note, however, the gaps in the spectra collected un-
der natural light due to the removal of bands which
were affected by atmospheric water vapour absorp-
tions). Spectra acquired under natural light tend to be
more noisy towards longer wavelengths than spectra ac-
quired under artificial light. Diagnostic mineral absorp-
tion features are observed at VNIR and SWIR2 wave-
lengths due to iron (goethite/martite), and clay min-
erals (kaolinite/halloysite), respectively. Some spectra
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Figure 3: Spectra of SHN, a) before and after (dashed
line) splice correction. Note the large change in SWIR
reflectance, b) spectrum derived using the modified
method. Note that the spectral regions causing noise
due to atmospheric water vapour have been removed.
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Figure 4: Spectra of different rock types. a) under nat-
ural sunlight without the noisy water vapour absorption
bands (also noisy bands at the end of the spectra were
removed), b) under artificial illumination showing water
absorption bands. Legends are the same for both graphs.
Some absorption features are termed and indicated with
arrows.
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Figure 5: Within and between-class spectral variability.
a) Large amounts of within-class spectral variability, b)
spectral similarity of different rock groups (MGF, MGM,
MGH). See text for explanation. Note that noisy bands
due to water vapour absorption have been removed.

(e.g. SHN, SHL) acquired under artificial illumination
exhibit distinct hydroxyl (OH) and H2O absorption fea-
tures (Fig. 4) centred at 1450 nm and 1850 nm which
are obscured when the spectra are acquired under natu-
ral sunlight. The feature at 1.4 nm is characterised by
an absorption doublet and is narrower than the broad
feature centred on 1850 nm. The spectral range between
1500-1800 nm is spectrally featureless for most rock types
(Fig. 4). The presence of both features indicates water.

Large amounts of variability in reflectance are ob-
served particularly at wavelength greater than 1.1�m
for some rock types such as BIF (Fig. 5a). The shape
and intensity of absorption features also vary but less so
than does reflectance. On the other hand, rocks such
as MGF, MGM, and MGH (which are composed of the
same minerals) show very similar spectral curves and
absorption features. The albedo as well as the overall
curve shape show only a slight difference within these
rock types (Fig. 5b).

Shade and moisture had a profound impact on the
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Figure 6: Spectra of different rock types. (a) CHT; (b)
GOL; (c) MGF; (d) SHN; (e) SHL; (f) BIF under various
conditions. Conditions are indicated as full sunlight (FS,
blue curve), shade (SH, green curve) and water (WT, red
curve). Note that noisy bands due to water vapour ab-
sorption have been removed also note the different scales
for clarity.
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spectral reflectance of all rock types (Fig. 6). Shade re-
duced reflectance significantly across all wavelengths by
a factor of about 5-10 (depending on the rock type). The
curve-shape of the shaded spectra was similar to that of
unshaded spectra. Moisture also reduced the reflectance
across all wavelengths but to a lesser extent than did
shade. However, reflectance at some wavelengths was
reduced due to the effects of water and this resulted in a
change in the spectral curve-shape. This effect is partic-
ularly noticeable at wavelengths close to 1.4 and 1.9�m.
For example, spectra of CHT, GOL, SHN,SHL and BIF
(Fig. 6 a,b,d,e,f respectively) exhibit a different spectral
curve shape in the SWIR compared to their dry coun-
terparts.

3.2 Signal-to-noise ratios for different
rocks and illumination conditions

The SNRs (Fig. 7) were calculated to quantify the effects
of shade and water on spectral noise. Bright and dark
rocks (CHT and MGF) were selected for analysis. The
SNR was calculated for artificial and natural illumina-
tion including the different conditions under which they
were collected (i.e. shade and moisture). The brighter
rock (CHT) exhibits larger SNRs than the darker rock
(MGF). The difference in SNR for both rock types is
approximately 5 dB on average for spectra collected un-
der artificial and full sunlight (a, b) as well as shade
and full sunlight (c, d). However, the average difference
in amounts of noise decreased to about 2 dB for spec-
tra collected under conditions of full sunlight and added
moisture (e, f) as well as shade and moisture (g,h). The
SNR and the spectral reflectance covary in most regions
of the spectrum(Fig. 8). For example, a decrease in re-
flectance (signal) at a certain wavelength, results in a
decrease in SNR at this and its proximate bands (e.g.
at the water absorption features at 1.85�m). Another
indication that the SNR and the amount of reflectance
are intrinsically related is observed in the spectral range
2.2 - 2.45�m which is characterised by a noisy, declining
signal.

3.3 Principal component analysis

Examination of the first three principal component de-
rived from the PCA analysis showed that rock types are
distinguishable in multivariate space. A plot of the first
two principal components (PCs) PC1 and PC2 (Fig. 9a))
shows that it is possible to separate several rock types us-
ing only these two PCs. Rock types such as GOL, MGF,
SHN and SHL are easily separated. However, some other
rock types have considerable amounts of scatter about
their centroid – particularly CHT and BIF. A plot of
PC2 and PC3 (Fig. 9b) also demonstrates separability
of the different rock types, particularly CHT and GOL.
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Figure 7: SNRs for CHT (left coloum, a,c,e,g) and MGF
(b,d,f,h) for different conditions, i.e. full sunlight (FS),
shade (SH), water (WT) and artificial illumination.
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Figure 8: SNR of CHT (green curve) which was derived
from a spectrum of CHT (black curve) acquired under
artificial light. Note that the data is rescaled for ease of
comparison.
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Figure 9: Results of principal component analysis. The
ellipse in a) shows the major distribution of BIF which
is not shown as single data points for clarity.

4 Discussion

The diagnostic absorption features exhibited by some
minerals opens up the possibility of remotely identify-
ing (not merely separating) several different types of
rock. For example, shale and manganiferous shale can
be identified on the basis of the strength of the Al-
OH absorption feature centred at 2208 nm, indicative
of the clay minerals kaolinite or halloysite. Also, the
PCA results confirm the separability of these rock types
(Fig. 9). Spectra acquired under artificial illumination
can provide additional information about specific min-
erals. Such information is particularly important where
minerals have similar curve-shapes. For example, exam-
ination of the spectrum of SHN (green curve, Fig. 4)
at SWIR wavelengths suggests the presence of kaolinite,
as indicated by the double feature centred on 2208 nm.
When the spectrum of the same rock was acquired un-
der artificial light, the presence of features centred at
1400 nm and 1850 nm indicates the presence of water.
Thus, on the basis of these absorption features it is pos-
sible to conclude that the rock is most likely to be com-
posed of halloysite, rather than kaolinite. An alternative
explanation is that the spectra of SHN are mixtures of
kaolinite and the hydrated clay mineral montmorillonite.
XRD analysis will determine this conclusively.

Few if any studies have considered the effects of shade
and moisture on spectra when constructing a spectral
library with the objective of using it to classify min-
erals and rock type from hyperspectral imagery. This
study has indicated that these factors can have a pro-
found effect on reflectance and the shape of the spectral
curve and therefore spectral libraries must account for
their effects. A surprising finding of this research is that
spectral features are not totally obliterated by shade.
However, the sharp spectral features observed in spectra
acquired in full sunlight do exhibit some changes as a re-
sult of the effect of shade. They generally become flatter
and broader. This may also have an impact upon some
methods used to quantify mineralogy such as absorption
band-depth analysis [Crowley et al., 1989]. Spectra ac-
quired from moist rocks also show a general decrease in
reflectance across all wavelengths. This is true for any
absorbing surface when covered by a thin film of water.
However, the major impact of moisture on these spectra
is related to curve shape, especially in regions close to
water absorption bands (e.g. 1.4 and 1.85�m) which im-
plies that a spectral library constructed using dry rocks
only, will not be able to match these rocks after a rain-
fall event. The decrease in absorption due to moisture
is caused by light penetrating the thin film of water, in-
teracting with the absorbing surface and being reflected
back away from the surface. On damp surfaces the light
is internally reflected back to the substratum from the
under-surface of the layer of water. This causes the light
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to again interact with the absorbing surface, and hence
the reflectance is further reduced [Ångström, 1925]. In
any event, if hyperspectral imagery is to be effectively
used for semi-automated mining operations it is critical
that mapping methods are effective, independent of the
amount of moisture contained by the rocks. This library
will go someway to resolving this problem.

The high degree of variability observed in the spec-
tra of some rocks (e.g. BIF) suggests that mapping of
these rocks using hyperspectral imagery will be difficult
(Fig. 9). Other rock types such as MGF, MGM and
MGH are geologically composed of the same minerals,
resulting in similar reflectance curves (Fig. 5b). The
main differences between these rock types is the hard-
ness and the grain size which has only a minor impact
on the albedo and absorption features of these spectra.
These similarities will also complicate effective classifica-
tion. Thus, where appropriate, there may be justification
to classify certain rock types into a single super-class.
This highlights an important problem for the analysis of
hyperspectral data, that is, the characteristics of an in-
dividual spectrum would determine the effectiveness of
any one particular method of classification. For example,
if the spectrum displayed discrete absorption features
(e.g. the Al-OH feature in the SHN spectrum, Fig. 4)
then spectral feature fitting (SFF) methods [Clark et al.,
1990a; Crowley and Swayze , 1995] would likely give the
most accurate results. If, however, the spectrum had no
discrete absorption features but had a distinctive curve
shape (e.g. GOL), then spectral angle mapper (SAM)
[Kruse et al., 1993] would likely give the most accurate
results. This problem is currently being addressed by use
of machine learning approaches, which implicitly deal
with variability in spectra. Such approaches have an ad-
vantage over some commonly-used approaches such as
SAM as they are adaptive and use numerous training
samples rather than using a single ‘typical’ spectrum.
There have been many researchers reporting a high de-
gree of accuracy of machine learning methods applied to
field spectra [Plaza et al., 2009].

The SNR for spectra acquired under different condi-
tions are in line with predictions, i.e. the SNR is gen-
erally better for spectra acquired under artificial illumi-
nation than under natural sunlight. Spectra acquired in
shade have a lower SNR (i.e. they are noisier) than spec-
tra acquired in full sunlight (Fig. 7 a,b). The reason for
this is that the proportion of ‘signal’ (i.e. the amount
of reflectance) in the spectrum is small in comparison
to the amount of noise introduced by the spectrometer
(due to digitising and photonic noise). Noise is also not
consistent across rock types, for example, brighter rocks
have a greater SNR than do darker rocks.

5 Conclusion

Currently, the use of hyperspectral data in operational
settings in the field of robotics is used very sparsely;
reasons for this are the availability and the costs of such
sensors as well as the problems for real-time process-
ing, posed by the high dimensionality of the data itself.
However, these problems are about to be overcome due
to recent developments of sophisticated algorithms for
data reduction and classification and the availability of
faster processing platforms such as multi-processor or
GPU based processing platforms. However, a prerequi-
site to use hyperspectral data in real-time robotics appli-
cations is to have a ‘tailor-made’ spectral library which
should include spectra of different environmental con-
ditions (if applicable). In addition, such a library can
yield best results if the library includes spectra acquired
from real world targets rather than from prepared and
purified samples.

This paper addressed the following points.
(i) A large amount of variability in spectra was observed
within (BIF) and between some groups of rocks (MGF,
MGM, MGH).
(ii) In spite of this variability, PCA shows that several
rock types can be separated on the basis of their spectral
reflectance.
(iii) Two main absorption features, located in the visible
and SWIR, can be related to the presence of iron oxide
and kaolinite/halloysite.
(iv) Shade reduces the spectral reflectance (albedo) sig-
nificantly but does not affect the shape of the spectra.
Moisture on the other hand, reduces the spectral re-
flectance by a small amount but had a profound impact
on the spectral shape.
(v) SNRs are generally larger for bright rocks because of
their higher albedo. Shade and moisture also reduce the
SNRs.
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