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ABSTRACT 

This paper presents a statistical method for deriving optimal spatial sampling schemes. It focuses 
on ground verification of minerals derived from hyperspectral data. Spectral angle mapper (SAM) 
and spectral feature fitting (SFF) classification techniques were applied to obtain rule mineral im-
ages. The rule images provide weights that are utilized in simulated annealing. A HyMAP 126-
channel airborne hyperspectral data acquired in 2003 over the Rodalquilar area in Spain serves as 
an application to target those pixels with the highest likelihood of occurrence of a specific mineral 
and as a collection the location of these sampling points selected represent the distribution of that 
particular mineral. In this area, alunite being a predominant mineral in the alteration zones was 
chosen as the target mineral. A weight function is defined to intensively sample areas where a high 
probability and abundance of alunite occurs. This method leads to an efficient distribution of sam-
ple points, on the basis of a user-defined objective. 

Keywords: Optimized sampling, simulated annealing, spectral angle mapper, spectral feature fit-
ting, weighted mean shortest distance, rule image, minerals, alunite, hyperspectral 

1 INTRODUCTION 

Remote sensing imagery has contributed significantly to mineral exploration. For example, recog-
nizing hydrothermally altered rocks based on their spectral signatures (i). Hyperspectral sensors 
differs from multispectral sensors by acquiring spectral information of materials usually over sev-
eral hundreds of narrow contiguous spectral bands, with high spectral resolution on the order of 20 
nm or narrower (ii). As such, they allow identification of specific materials, whereas broad-band 
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multispectral data only allow discrimination between classes of materials (iii). In effect, hyperspec-
tral imaging systems are useful in identifying individual iron and clay minerals, which can provide 
details of hydrothermal alteration zoning (i) based on specific absorption features of these miner-
als. Thorough discussions on absorption features of hydrothermal alteration minerals can be found 
in (iv), (v), (vi); (vii).  Various mapping of minerals using hyperspectral data can be found in (viii), 
(i), (ix), (x), (xi). 

Surface sampling in the field is often advantageous for starting surveys. Identification of hydro-
thermal alteration minerals like alunite, kaolinite and pyrophyllite, from hyperspectral images leads 
to a better understanding of the geology and alteration patterns in a region.  As such, the analysis 
of airborne hyperspectral imagery can aid in selecting follow-up targets on the ground before field-
work is performed. In this study we focus on the mineral alunite as it is characteristic of hydrother-
mal alteration zones in the Rodalquilar area in Spain (xii). Alunite has a distinct spectral signature 
and is often, although not always, related to high sulphidation epithermal gold (xiii). The purpose 
was to guide field sampling collection to those pixels with the highest likelihood for occurrence of 
alunite, while representing the overall distribution of alunite. The method offers an objective ap-
proach to selecting sampling points in order to, for example, create a mineral alteration map. The 
method, however, can be easily extended to other hydrothermal alteration minerals that have diag-
nostic absorption features. Combination of several mineral images can then be used in classifica-
tion of the image to create an alteration map. 

Model based sampling (xiv) requires definition of a mathematical objective function, related spa-
tially to the desired sampling points. The objective function can be optimized through simulated 
annealing (SA) (xv), (xvi), (xvii). SA is a computer intensive search technique to find the optimum 
value of the objective function by continually updating this function at successive steps. Optimal 
sampling schemes have also been derived to guide sampling to target specific areas or “hot spots” 
(xviii), (xix). So far, these sampling schemes have not been combined with remote sensing. Model-
based sampling differs from designed-based sampling that requires a random component, so that 
all parts of the area should have a non-zero inclusion probability (xiv). 

The present study aims to use the spectral angle mapper (SAM) and spectral feature fitting (SFF) 
to classify alunite and obtain rule images. Each pixel in a rule image represents the similarity be-
tween the corresponding pixel in the hyperspectral image to a reference spectrum. These rule im-
ages are then used to govern sampling to areas with a high probability of alunite occurring and to 
sample intensively in areas with an abundance of alunite. This effectively delineates favorable ar-
eas from unfavorable ones and provides an objective sampling scheme as an initial guideline. The 
design of the optimal sampling scheme to target these areas of a particular intense hydrothermal 
alteration mineral is the objective of this study. Such an optimal sampling scheme defies the con-
ventional methods of mineral exploration, which can be time-consuming, cost-prohibitive and in-
volve a high degree of risk in terms of accurate target selection (xx).  The study is illustrated with 
hyperspectral data acquired over the Rodalquilar area. 

2 STUDY AREA 

2.1 Geology and hydrothermal alteration of the Rodalquilar area 

The area of study is located in the Cabo de Gata volcanic field, in the southeastern corner of Spain 
(Figure 1.), and consists of calc-alkaline volcanic rocks of the late Tertiary. Volcanic rocks range in 
composition from pyroxene-bearing andesites to rhyolites. Extensive hydrothermal alteration of the 
volcanic host rocks has resulted in formation of hydrothermal mineral zones from high to low al-
teration intensity in the sequence: silica (quartz, chalcedony, and opal) →  alunite →  kaolinite →  
illite →  smectite →  chlorite. Associated with this mineral alteration association are high sulphida-
tion gold deposits and low sulphidation base metal deposits. Gold mineralization is located in the 
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central part of the volcanic field within the Rodalquilar caldera. Arribas et al. (xii) distinguish five 
hydrothermal alteration zones: silicic, advanced argillic, intermediate argillic and propylitic. 

 

Figure. 1. A generalized geological map (modified after Cunningham et al., (xxi)) of the Rodalquilar 
study area showing the flight line (dotted box) and the hyperspectral data (top right corner and 
dashed box) used in the present manuscript. 

The silicic zone is dominated by the presence of vuggy (porous) quartz, opal and gray and black 
chalcedony veins. Vuggy quartz (porous quartz) is formed from extreme leaching of the host rock. 
It hosts high sulphidation gold mineralization and is evidence for a hypogene event. Alteration in 
the advanced argillic zone is of two types: hypogene and supergene. Alunite, often associated with 
quartz, kaolinite, illite, jarosite and very rarely pyrophyllite, is the dominant mineral characterizing 
this zone. The intermediate argillic zone is composed of quartz, kaolinite group minerals, illite, illite-
smectite, and minor alunite, diaspore and pyrophyllite. Near the advanced argillic zone, kaolinite is 
abundant, whereas in the outer zone closer to the propylitic halo illite-smectite become the pre-
dominant minerals. The propylitic type of alteration is characterized by the presence of chlorite, 
illite, and smectite. Detection of such minerals is facilitated in the field by hand-held spectrometers. 

In the Rodalquilar area alunite is associated both with areas of intense hydrothermal alteration that 
are host to gold mineralization and with barren supergene altered rocks (xii), (xiii). 

2.2 Data 

We use a sub-scene (350 × 225 pixels) of the airborne imaging spectrometer data acquired by the 
Hyperspectral Mapper (HyMAP) in July 2003 during the HyEUROPE 2003 campaign (Figure 1.). 
HyMAP is a 126-channel instrument that collects data in a cross-track direction by mechanical 
scanning and in an along-track direction by movement of the airborne platform. The instrument 
acts as an imaging spectrometer in the reflected solar region of the electromagnetic spectrum 
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(0.4–2.5 µm). Spectral coverage is nearly continuous in the SWIR and VNIR regions with small 
gaps in the middle of the 1.4 and 1.9 µm atmospheric water bands. The spatial configuration of the 
instrument accounts for an IFOV of 2.5 mrad along track and 2.0 mrad across track resulting in a 
pixel size on the order of 3–5 m for the data presented in this paper. Due to instrument failure the 
SWIR 1 detector did not function during acquisition, thus no data were acquired in the 1.50–1.76 
µm window.  The HyMAP data were atmospherically and geometrically corrected using the Atmos-
pheric and Topographic Correction (ATCOR 4) model (xxii).  

In support of the imaging spectrometer data, we collected field spectra for some of the prospective 
targets during the over-flight using the Analytical Spectral Device (ASD) fieldspec-pro spectrome-
ter. This spectrometer covers the 0.35–2.50 µm wavelength range with a spectral resolution of 3 
nm at 0.7 µm and 10 nm at 1.4 and 2.1 µm. The spectral sampling interval is 1.4 nm in the 0.35–
1.05 µm wavelength range and 2 nm in the 1.0–2.5 µm wavelength range.  

The SWIR 2, with a spectral range 1.95–2.48 µm (bandwidth 16 nm), is potentially useful for map-
ping alteration assemblages as well as regolith characterization (xxiii), (xxiv), (xxv), (xxvi), (xxvii). 
HyMAP has been used successfully to map minerals (xxviii), (xxix), (xxvi), (xxv) and detect faults 
and fractures (xxviii).  We reduced dimensionality of the data by considering all channels in the 
spectral range 1.970–2.468 µm. This spectral range covers the most prominent spectral absorption 
features of hydroxyl-bearing minerals, sulfates and carbonates, which are common to many geo-
logic units and hydrothermal alteration assemblages (xxvii). These minerals also exhibit distinctive 
absorption features at wavelengths in the partly missing range of 1.4–1.7 µm, a range also affected 
by the water absorption features in the atmosphere. 

Figure 2. shows spectral plots of seven of the most prominent alteration minerals in the study area 
(xii), at a spectral resolution coinciding with HyMAP after continuum removal was applied. Contin-
uum removal normalizes the respective spectra to enable comparison of absorption features from 
a common baseline. The continuum is a function of the wavelength that is fitted over the top of the 
spectrum between two local spectra maxima. A straight line segment joins the first and last spec-
tral data values taken as the local maxima (xxx), (xxxi). This figure shows differences in absorption 
features of the different minerals, in terms of shape, size, symmetry, depth and wavelength posi-
tion. These distinct characteristics enable researchers to identify individual minerals from hyper-
spectral data. The spectrum of quartz has no distinctive absorption feature (in this spectral range), 
but the remaining spectra have distinctive absorption features at wavelengths near 2.2 µm, each 
differing slightly in position and geometry.  

Alunite was chosen among the seven most prominent alteration minerals in the area (xiii) because 
it has distinct absorption characteristics (iv), (v), (xxxii), (vii), which are recognizable from hyper-
spectral images (viii), (i), (ix), (x), (xi). Although this study concentrates on one hydrothermal min-
eral, namely alunite, the method demonstrated can easily be extended to other minerals of interest. 
The test image selected was in an area that was relatively undisturbed through excavation, hence 
between 2–3 km from the nearest gold mining area as indicated in Figure 1. 
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Figure 2. Plot of 7 endmembers from USGS spectral library (xxxiii) for the 30 selected channels, 
enhanced by continuum removal. 

3 METHODS 

The method for obtaining the optimal sampling scheme commences with application of two classi-
fication techniques used, namely, spectral angle mapper (SAM) (xxxiv) and spectral feature fitting 
(SFF) (xxx) to obtain rule images. The digital number (DN) values in a rule image represent simi-
larity between each corresponding pixel’s spectrum to a reference mineral spectrum, resulting in 
one rule image for each mineral considered. Scaled weights are then derived from the rule images. 
These weights are used in a mathematical objective function (defined in equation 1, see also van 
Groenigen et al. (xix)), which is optimized in relation to the spatial distribution of the georeferenced 
image pixels representing a collection of alunite samples in the field. The aim of optimizing the 
objective function is to spread the location of the alunite sampling points over the region while tar-
geting pixels that have a high probability of being alunite. In effect, the location of these samples in 
the field will be dense if distributed in areas with an abundance of alunite and where pixels have a 
high probability of being alunite. Optimization of the objective function is an exhaustive combinato-
rial problem. The complexity of the objective function and the iterative process of randomly select-
ing a pixel in the image as a new sampling point replacing an old one from the collection give rise 
to many local optima, which we propose to solve through simulated annealing. 

3.1 Spectral Angle Mapper (SAM) Classifier 

SAM is a pixel based supervised classification technique that measures the similarity of an image 
pixel reflectance spectrum to a reference spectrum from either a spectral library or field spectrum 
(xxxiv). This measure of similarity is the spectral angle (in radians) between the two spectra, where 
each is an m-dimensional feature vector, with m being the number of spectral channels. Small an-
gles indicate a high similarity between pixel and reference spectra.  For an image I, the spectral 
angle is denoted by ( ),xθ  for Ix∈ , where x is a location vector. The result will be grayscale im-
ages (SAM’s Rule Images), one for each reference mineral, with DN value representing the angu-
lar distance in radians between each pixel spectrum and the reference mineral spectrum (see Fig-
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ure 3a). Darker pixels in the rule image indicate greater similarity to the reference mineral spectra.  
This algorithm has been implemented in ENVITM image analysis commercial software. 

3.2 Spectral Feature Fitting (SFF) 

SFF matches the image pixel reflectance spectrum to reference spectrum from either a spectral 
library or a field spectrum by examining specific absorption features in the spectrum after contin-
uum removal (xxxi) has been applied to both the image and reference spectrum (xxx). The result-
ing normalized spectra reflect levels equal to 1.0 if continuum and the spectrum match and less 
than 1.0 in the case of absorption.  The absorption feature depth is obtained by subtracting 1 from 
the continuum. The absorption feature depth has a unique magnitude and location, both depending 
on the mineral and its chemical composition. 

Scaling is usually necessary for reference spectra because absorption features in library data typi-
cally have greater depth than image reflectance spectra. A simple linear scaling function is used to 
match the modified continuum removed reference spectrum to the image spectra through least 
squares regression.  The total root-mean-squares (RMS) error is defined as the average over all 
channels of squared differences from the continuum removed spectra with the scaled continuum 
removed reference spectrum. The ratio of the scaled values to the RMS error is defined as the fit 
values and is denoted as ).(xFτ   This provides a measure of how well image pixel reflectance 
spectra match reference spectra. A large value of )(xFτ  corresponds to a good match between 
the image spectrum and the reference spectrum (see Figure 3b). We will use the fit values as a 
rule image to weigh each pixel to a reference mineral, namely alunite. This algorithm has been 
implemented in ENVITM image analysis commercial software. Further details on SFF can be found 
in (xxx), (xxxv), (xxxvi), (xxxvii). 

 

(a) SAM classification rule image for alunite. Dark areas indicate smaller angles, hence, greater 
similarity to alunite. This figure also shows the location of the field data. 
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(b) SFF Fit image for alunite. Lighter areas indicate better fit values between pixel reflectance 
spectra and the alunite reference spectrum. This figure also shows the location of the field data. 

Fig. 3: SAM and SFF (Fit) Rule Images.  

3.3 Sampling 

Sampling by simulation annealing requires definition of a mathematical objective function, called 
the fitness function. 

Simulated Annealing 

SA is a random search technique in analogy with the way in which a metal cools and freezes into a 
minimum energy crystalline structure, called the annealing process (xxxviii). SA forms the basis of 
an optimization technique for combinatorial problems by finding the optimal value of a fitness func-
tion numerically. In terms of sampling, it starts by randomly selecting a collection of points in an 
image. A new point in the image is then randomly selected and replaces a randomly selected old 
point from the current collection. This replacement occurs if the fitness function decreases, but 
based on a probabilistic criterion, also if the fitness function increases. Hence, the process allows 
inferior moves. Initially, this probabilistic criterion is high, allowing a large probability of inferior 
moves. A parameter in the annealing process is reduced by a factor of 0.95 at each successive 
step, thereby decreasing the probability of accepting inferior moves until the process stabilizes. 
The final solution is independent of the initial random selection of points as the process reaches 
the global optimum. 

We consider a two-dimensional image I. Let the collection of all possible sampling schemes with n 
observations on I be denoted by Sn. Below we define a fitness function +ℜ→nn SS :)(φ  that has 
to be minimized to optimize the sampling scheme. 
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Fitness function 

The Weighted Means Shortest Distance (WMSD)-criterion is a weighted version of the Minimiza-
tion of the Mean Shortest Distances (MMSD)-criterion (xix). The fitness function is extended with a 
location dependent weight function that is scaled to ]1,0[ , namely, ]1,0[:)( →Ixw  by 

∑
∈

−=
Ix

S
n

WMSD xWxxw
N

S n ||)(||)(1)(φ             (1)                    

  

where )(xW nS  is the location vector of the sampling point in Sn nearest to x, N is the number of 
pixels in the image and )(xw is a weight for the pixel with location vector x. The weights express 
knowledge or assumptions about the occurrence of alunite in some parts of the region by control-
ling the sampling density in these areas. Larger weights result in a higher likelihood of a pixel being 
selected in the final sampling scheme. 

This fitness function also spreads the location of the sampling points over the region classified as 
alunite. Since these points on the image are georeferenced, they will appropriately serve as target 
points to be sampled in the field. There will be a high probability that the field sample points sug-
gested are alunite and these points will be spread according to the distribution of alunite as in the 
rule images. This achieves the purpose of the study of obtaining a collection of sampling points in 
the field that appropriately represent the distribution of the mineral of interest. We considered a 
weight function to meet this objective. 

Scaled weights are used based on several rule images to guide sampling to areas with a high 
probability of being alunite and to sample more intensely where an abundance of alunite occurs. 
Using SAM's rule image and SFF's rule image, thresholds tθ and t

Fτ are selected for SAM and SFF 
respectively. Pixels exceeding either of these threshold angles receive zero weight, otherwise the 
weight is a function of the spectral angle and the fit value. Higher weights will emerge from smaller 
spectral angle between the image pixel reflectance spectrum and reference alunite spectrum, and 
a larger fit value between these two spectra. Here we used the weight )(xw , for each pixel x, 
scaled to ]1,0[  
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The weight for SAM: )(1 xw , for each pixel x, scaled to ]1,0[ , is defined as 
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where minθ is the minimum spectral angle occurring.  
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Similarly, the weight for SFF: )(2 xw , for each pixel x is defined as 
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where max,Fτ the maximum value. 

This weight function if used in the fitness function will be restricted to those pixels with a spectral 
angle smaller than the threshold chosen and with a fit larger than the chosen threshold. The prob-
ability is largest to select a pixel that is most similar to the alunite reference spectrum, in terms of 
both the angle between these spectra and absorption feature fit. The georeferenced location of 
each pixel chosen by the algorithm in the final sampling scheme will be a point to be sampled on 
the ground. 

The above weight function is based on two rule images. This can easily be extended to more than 
two rule images, by using different proportions iλ for each rule image i conditional on ∑ = 1iλ . 
Also, in terms of the method of SFF, several absorption features could be considered for a particu-
lar mineral, producing a fit image for each feature. These images could be combined in the same 
way, thereby increasing the weights of image pixels having a spectrum similar to the mineral. This 
in effect increases the probability of the mineral being selected in the sampling scheme. 

4 RESULTS 

We arbitrarily specified 40 samples to illustrate the distribution of these points for the proposed 
sampling scheme. Prior to sampling, isolated segments (<10 pixels) were removed. This was per-
formed as there was a high chance that they were a result of noise in the image and it seemed 
impractical to sample in such small areas. However, if these are meaningful targets, with very high 
probability of alunite, the above procedure can be performed without removal of these pixels. 

SAM was applied to each pixel in the image for the alunite reference spectrum, resulting in a rule 
image (Figure 3a.). By observing the individual spectral reflectances of several pixels and choosing 
different thresholds for tθ we decided to use a threshold of 0.11 radians. The DN values, ( )xθ  from 
SAM's rule image in Figure 3a. were used in equation 3 to obtain weights.  

SFF was applied to the alunite reference spectrum, resulting in a fit image (Figure 3b.). The bright 
pixels represent the best fit to the alunite reference spectrum.  The DN values from the fit image, 

)(xFτ , was used in equation 4 to obtain the weights for SFF using a threshold value of 20 for t
Fτ . 

This threshold was chosen after individual spectral analysis of some pixels and selecting several 
thresholds.  The values of the rule images of SAM and SFF can be seen in Figure 4. Pixels in the 
upper left quadrant correspond to positive weights. Approximately 6.5% of the pixels receive zero 
weight from one classification but weights larger than zero from the other classification. This can 
be seen in Figure 4. corresponding to the pixels in the upper right and lower left quadrants. These 
weights were then combined using equation 2 and are displayed in Figure 5. In equation 2 we 
have chosen 5.021 == λλ . Darker areas have higher weights and hence greater similarity to 
alunite reference spectrum in terms of both SAM and SFF. The sampling result is displayed in Fig-
ure 5. The sample points are distributed over the alunite region and most of the points are found in 
the darker areas of the image. 
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Figure 4: Scatter plot of values in rule images obtained through SAM and SFF and the respective 
thresholds chosen to represent similarity or fit to alunite. 

 

Figure 5: Scaled weights derived using SAM and SFF rule images for alunite using their respective 
thresholds. Distribution of 40 sampling points. Darker areas indicate greater similarity to alunite.  
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Sensitivity analysis 

A sensitivity analysis of the proposed sampling scheme was performed using different thresholds, 
namely, 12.0&10.0=tθ  radians for SAM and 22&18=t

Fτ  for SFF, and using 1510andm =  
spectral channels, as a subset of the original 30 channels. Changing the thresholds, produce 
slightly different rule images. SAM and SFF also produce different rule images when different 
channels are selected. For these different possibilities, we would like the sampling points to still 
represent the overall distribution of alunite and the location of these points to be consistent. For 

15=m , every alternative channel was chosen starting from the first of the original 30 channels, 
and for 10=m , every third channel was selected starting from the second of the original 30 chan-
nels. Each sampling scheme derived from a change of threshold and input channels was com-
pared to the corresponding initial sampling scheme as illustrated in Figure 5. to determine the ro-
bustness of the proposed sampling scheme. For each new sampling scheme, we calculated the 
average and maximum distance (in m) to the nearest sampling point of the proposed sampling 
scheme. Table 1. contains the results for these comparisons. The average distance to the nearest 
sampling point of the proposed sampling scheme varied between 20-35 m.  Combining SAM and 
SFF weights, resulted in a robust collection of sampling points, in terms of location, over the alunite 
region. 

Table 1: Sensitivity analysis of sampling scheme. Values represent the mean and maximum dis-
tance (in meters) between sampling points in each new sampling scheme to the nearest sampling 
point in the proposed sampling scheme. The proposed sampling is denoted by a •.  

  10 channels 15 channels 30 channels 
0.10 radians 
& 22 fit 

mean 
max 

27.3 
88.1 

22.8 
62.6 

20.8 
70.9 

0.11 radians 
& 20 fit 

mean 
max 

35.2 
103.8

23.2 
80.0 

• 
• 

0.12 radians 
& 18 fit 

mean 
max 

33.2 
102.0

27.7 
83.2 

33.8 
109.8 

For each sampling scheme, we applied the method of quadratic kernel smoothing of the 40 sam-
ples as point pattern with a kernel width parameter of 25 (xxxix), (xl). The distribution of the sample 
points for each scheme is illustrated in Figure 6. Nearby sampling points effectively produce darker 
patches in the images, thereby indicating greater abundance of alunite. These images are compa-
rable to the rule images (Figure 3.). This means that, for most sampling schemes, the distribution 
of the sample points corresponds closely to the distribution of the alunite.  

We also selected 40 random sampling points from the classified SAM image (see Figure 6, the plot 
in the last column). The distribution of alunite is incorrectly represented. Furthermore a different set 
of random samples will produce different results. Samples with the highest weights derived from 
the weight function (see Figure 3, the plot in the last column) were also selected. The distribution 
of this sampling scheme can be seen in the same figure. Almost all sample points are restricted to 
one area in the image. Hence using the highest weights, samples in the field will often be limited to 
a small area. 
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Figure 6: Sensitivity Analysis Plots. Darker patches in the images indicate sampling points are near 
to each other. This effectively implies greater abundance of alunite. 

Validation 

Ground data collected using an ASD fieldspec-pro spectrometer were used to support the pro-
posed sampling scheme by validating the image of the weights used in this manuscript.  Reflec-
tance spectra of 51 ground measurements (see Figure 3) were analyzed individually for their 
alunite content and classified into one of three classes, namely, “no alunite”, “minor alunite” and 
“abundant alunite”. Table 2 summarizes the validation results of the images used in designing the 
sampling scheme. Table 2 also shows that the selected thresholds were conservative since all 
pixels above the threshold contain alunite.  

Table 2. Validation using ground data. 

Ground data 
weight 

no alunite minor alunite abundant alunite 

Im
ag

e 
da

ta
 

0.0 
(0.0, 0.2] 
(0.2, 0.5] 
(0.5, 1.0] 

26 
0 
0 
0 

8 
2 
2 
1 

7 
1 
3 
1 

Table 3. Validation of sampling pixels. 

 Average pixel value of 40 samples 
Image 
used 

Random: 
from image 

Random: from  
classified image 

From optimum 
sampling scheme 

weights 
SAM (radians) 
SFF (fit) 

0.01 
0.14 
11.0 

0.16 
0.10 
22.4 

0.33 
0.09 
25.5 

We also selected 40 samples, randomly from the entire image and then from the classified image 
and compared the average values to the samples obtained from the weight function (Table 3.). 
Random samples over the entire image were poor, with average values for theweights low, aver-
age SAM value high and average SFF value low compared to randomly selecting points from the 
classified image and the proposed optimum sampling schemes. The proposed optimum sampling 
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scheme performed best, with highest average values for each weight function, lowest average 
SAM value and highest average fit value. 

5 DISCUSSION 

Designing sampling schemes that target areas with high probability and in greater abundance of 
alunite occurring was demonstrated by using a weight function for the WMSD-criterion as an objec-
tive function in simulated annealing. Predefined weights allow us to distinguish areas with different 
priorities.  Hence sampling can be focused in areas with a high potential for the occurrence of a 
mineral of interest and reduces sampling in areas with low potential. This effectively reduces time 
and costs in the field. Randomly selecting points in the image, as potential sites to sample on the 
ground, could result in the location of these samples clustered and/or having a low probability of 
being alunite (Table 3). Figure 6 shows that the abundance of alunite is incorrectly represented 
when 40 random sample points within the classified region of alunite were selected. These sam-
ples are not optimal as seen by the average values of the weights derived from these images (Ta-
ble 3). Selecting a collection of sampling locations that have the highest probability of being alunite 
could result in the location of most sampling points clustered in the image (Figure 6). This implies 
sampling in a limited area on the ground, and effectively these samples will not represent the over-
all distribution of alunite over the entire study area. In the proposed sampling scheme there is a 
balance between selecting samples that have a high probable alunite and the location of samples 
not to be clustered in the field. A good sampling scheme will target areas with high probability of 
alunite and the distribution of sample points will correspond closely to the distribution of alunite. 
This means intensive sampling in the area with an abundance of alunite. 

The weight function uses the images derived from the scaled weights of SAM and SFF, to guide 
the location of the sample points to those pixels with a high likelihood of alunite. A comparison of 
the scaled weights derived from SAM and SFF (Figure 4), indicates that the methods for SAM and 
SFF do not always agree. In Table 2 we see that only the purest pixels classified as alunite have 
positive weights. The advantage of combining SAM and SFF classification methods in the weights 
function results in a classified image that is robust against the thresholds and selected channels 
(Table 1). The weights derived from SAM and from SFF were then combined into a single weight 
image, which was used for the design of the optimal sampling scheme. A suitable range for the 
thresholds has to be known. This can be obtained by observing individual spectra and the purest of 
these can be selected to train the thresholds. Using the combined weights from SAM and SFF, 
sample points can be concentrated in the region with a high probable alunite, which are more ro-
bust against the thresholds selected. The distribution of sample points corresponds closely to the 
distribution of alunite (Figure 6). The weight function produces a good sampling result, with highest 
average weight, lowest average SAM and highest average SFF values (Table 3). 

The sampling scheme proposed is of interest to (a) exploration geologists for specified target loca-
tions of hydrothermally altered minerals (e.g. alunite) with distinct absorption features, (b) re-
searchers trying to understand the geothermal system and hydrothermal zones in a specific region 
and (c) engineers to better collect field data in relation to flights by improving on ground truthing 
and calibration measurements. With the aid of new spaceborne launched hyperspectral sensors, 
e.g. Hyperion and ARIES-1, data are available for most regions and hence will be helpful to geolo-
gist's planning phase of selecting important mineral targets in the field. The method presented here 
could result in reduction of time and effort in the field, but by no means replace the field geologist. 
It is merely an aid for target selection of minerals as an initial survey, followed by denser surface 
sampling of interesting anomalies. 
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6 CONCLUSIONS 

This study resulted into three main conclusions. 

 Combination of SAM and SFF rule images thus obtained resulted in robust weights to focus 
sampling in areas of high probable alunite. This sample scheme results in highest average 
weight, lowest average SAM and highest average SFF values. Sample points are arranged 
more intensely in areas with an abundance of alunite. 

 SAM and SFF both lead to a relevant classification of the study area with respect to alunite, 
as observed from the rule images and validation of the image of the weights using ground 
measurements. 

 A sensitivity analysis showed that sample points derived from the combination of SAM and 
SFF classification are stable against changes in thresholds and channels selected. Also, 
distribution of the location of these samples in space corresponds closely to the intensity of 
alunite. 
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