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 ym.
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 di erent
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, ) 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 um). Another
indication that the SNR and the amount of reflectance
are intrinsically related is observed in the spectral range
2.2 - 2.45 um 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.

SNR (dB)

SNR (dB)
E "

00 1500 00 1500
Wavelength (nm) Wavelength (nm)

(a) (b)

(8) (h)

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.

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 pm) 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



to again interact with the absorbing surface, and hence
the reflectance is further reduced [Angstrom, 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.
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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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