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IMPORTANCE OF OPTIMAL SAMPLING
SCHEMES

Sample - small subset of the population of interest.
Sample should represent the characteristics of the
population (parameters / distribution).
Environmental studies:

where to sample?
what to sample?
and how many samples to obtain?

Remote sensing as ancillary information in the design
of optimal sampling schemes.
Advantages of using remote sensing images:

Provides a synoptic overview of a large area
Wealth of information over the entire area
In these methods sampling avoids subjective judgement
Reduces costs and saves time on the field (fewer
samples)
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OVERVIEW OF HYPERSPECTRAL REMOTE
SENSING

Hyperspectral sensors
record the reflectance in many narrow contiguous
bands
various parts of the electromagnetic spectrum (visible -
near infrared - short wave infrared)
at each part of the electromagnetic spectrum results in
an image

Introduction to Hyperspectral Image Analysis

Peg Shippert, Ph.D.
 Earth Science Applications Specialist

Research Systems, Inc.

Background

The most significant recent breakthrough in remote sensing has been the development of
hyperspectral sensors and software to analyze the resulting image data.  Fifteen years ago
only spectral remote sensing experts had access to hyperspectral images or software tools
to take advantage of such images.  Over the past decade hyperspectral image analysis has
matured into one of the most powerful and fastest growing technologies in the field of
remote sensing.

The “hyper” in hyperspectral means “over” as in “too many” and refers to the large
number of measured wavelength bands.  Hyperspectral images are spectrally
overdetermined, which means that they provide ample spectral information to identify
and distinguish spectrally unique materials.  Hyperspectral imagery provides the potential
for more accurate and detailed information extraction than possible with any other type of
remotely sensed data.

This paper will review some relevant spectral concepts, discuss the definition of
hyperspectral versus multispectral, review some recent applications of hyperspectral
image analysis, and summarize image-processing techniques commonly applied to
hyperspectral imagery.

Spectral Image Basics

To understand the advantages of hyperspectral imagery, it may help to first review some
basic spectral remote sensing concepts.  You may recall that each photon of light has a
wavelength determined by its energy level.  Light and other forms of electromagnetic
radiation are commonly described in terms of their wavelengths.  For example, visible
light has wavelengths between 0.4 and 0.7 microns, while radio waves have wavelengths
greater than about 30 cm (Fig. 1).

Figure 1.  The electromagnetic spectrumFigure: Spectral Range
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OVERVIEW OF HYPERSPECTRAL REMOTE
SENSING (cont. . . )

ITC Journal 1998-1

Imaging spectrometry for monitoring tree damage caused
by volcanic activity in the Long Valley caldera, California

Steven M de Jong1

1

ABSTRACT

Developments in detector technology have triggered a new remote sens-
ing technology: imaging spectrometry.  Imaging spectrometers measure
reflected solar radiance on a pixel-by-pixel basis in many narrow spectral
bands, allowing the identification of materials or their properties by diag-
nostic absorption features.  To date, only airborne imaging spectrometers
are available, but several imaging spectrometers are planned for the next
generation of space platforms.  The abundance of information available
in the continuous spectral coverage makes it possible to address ques-
tions in numerous environmental disciplines.  This paper describes a
study in the Sierra Nevada, using multitemporal images acquired by the
Airborne Visible/InfraRed Imaging Spectrometer (AVIRIS) for monitor-
ing tree damage by volcanic activity.  Diffuse volcanic gas emanations
deprive the roots of oxygen, resulting in trees that are under stress and
ultimately die.  Imaging spectrometry yields important information on
tree conditions and on the presence of dead vegetative material.  The
spatial and temporal extent of the dead and stressed tree areas were
mapped using AVIRIS data.  The use of imaging spectrometry to map
the diffuse volcanic gas emissions was less successful.  Although the
images yield noisy spatial patterns of carbon dioxide, it is difficult to
separate atmospheric gases from the diffuse soil emanations.

In the last decennia, a new remote sensing technique was
developed through significant advances in detector tech-
nology: imaging spectrometry.  An imaging spectrometer
collects narrow spectral bands on a pixel-by-pixel basis,
aiming to identify surface materials by using diagnostic
absorption features [12, 23, 37].  Figure 1 shows the
concept of imaging spectrometry.  Conventional broad-
band sensors such as Spot-XS, Landsat MSS and
Landsat TM are not very suitable for mapping minerals
or soil properties because their bandwidth of 70 to 240
nm cannot resolve diagnostic spectral features of terres-
trial materials.  Often, absorption features of interest
have bandwidths of only 20 nm or less.  Since the con-
struction of the first spectrometer, the technique and the
sensors have been further developed and refined, and
software especially designed to analyze the large data
volumes generated by imaging spectrometers have
become available [31, 39].  These developments have
led to the successful applications of imaging spectrome-
try in several environmental disciplines, such as atmos-
pheric science [6], ecology [36, 38, 44, 46, 47], geology
[29, 30, 31,37, 45], soil science [11, 15, 16], hydrology
and oceanography [5, 25, 35].  The importance of these
types of instrument may be indicated by the fact that
several proposals for launching spaceborne spectrome-
ters in the near future have been approved.  This paper
presents a practical application of imaging spectrometry
for vegetation survey in the Long Valley caldera in the
Sierra Nevada, California.  This area suffers from vol-

canic activity, which causes significant damage to the
pine and fir species.  Multitemporal images acquired by
AVIRIS were used to survey damage to pine and fir
trees, and to map the spatial extent of diffuse volcanic
gas emissions.  AVIRIS acquires images at an altitude of
20 km in the spectral range of 400 to 2500 nm, with a
pixel size of 20 x 20 m.  It has 224 spectral bands with
a nominal bandwidth of 10 nm (Figure 1).

STUDY AREA

The research area is situated around Mammoth
Mountain.  Mammoth Mountain is a volcanic cone rising
up to 3300 m; it forms the western rim of the Long
Valley caldera in the Sierra Nevada, California (Figure
2).  The Long Valley caldera measures approximately 17
x 32 km, and was formed by a large eruption about
760,000 years ago [34].  After a period of rest (the last
signs of activity from Mammoth Mountain occurred
roughly 500 years ago), the area has since 1980 been
suffering from frequent earthquakes, hydrothermal activ-
ity and gas emissions [22, 26, 32].  Furthermore, the
resurgent dome in the center of the Long Valley caldera
is inflating; the U.S. Geological Survey has measured an
uplift of approximately 60 cm since 1980.

In 1990, areas of dying forests were found on the
flanks of Mammoth Mountain [22].  At first, the cause
of tree die-off was sought in the persisting drought of
the preceding years.  However, trees died regardless of
age or species, as shown in Figure 3.  Research [22]
revealed that high concentrations of carbon dioxide (30

1 Department of Physical Geography, Utrecht University, PO Box 80
115, 3508 TC Utrecht, The Netherlands
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FIGURE 1 The concept of imaging spectrometry
Figure: Hyperspectral cube
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OVERVIEW OF HYPERSPECTRAL REMOTE
SENSING (cont. . . )

Figure 3.  The concept of hyperspectral imagery.  Image measurements are made at
many narrow contiguous wavelength bands, resulting in a complete spectrum for each
pixel.

Hyperspectral Data

Most multispectral imagers (e.g., Landsat, SPOT, AVHRR) measure radiation reflected
from a surface at a few wide, separated wavelength bands (Fig. 4).  Most hyperspectral
imagers (Table 1), on the other hand, measure reflected radiation at a series of narrow
and contiguous wavelength bands.  When we look at a spectrum for one pixel in a
hyperspectral image, it looks very much like a spectrum that would be measured in a
spectroscopy laboratory (Fig. 5).  This type of detailed pixel spectrum can provide much
more information about the surface than a multispectral pixel spectrum.

Figure: Pixels in hyperspectral image
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OVERVIEW OF HYPERSPECTRAL REMOTE
SENSING (cont. . . )
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Figure: Example of 3 different spectral signatures
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OBJECTIVE OF STUDY

Using a hyperspectral image, to guide field sampling
collection to those pixels with the highest likelihood for
occurrence of a particular mineral, for example alunite, while
representing the overall distribution of alunite.

Usefulness: To create a mineral alteration map
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STUDY SITE

Figure: A generalized geological map of the Rodalquilar study
area showing the flight line and the hyperspectral data
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DATA USED

HyMap: 126 bands – 0.4–2.5 µm
Geology: 30 bands – 1.95–2.48 µm
Distinctive absorption features at wavelengths near
2.2 µm
We collected field spectra during the over-flight using
the Analytical Spectral Device (ASD) fieldspec-pro
spectrometer – 0.35–2.50 µm
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ENDMEMBER SPECTRA

Figure: Plot of 7 endmembers from USGS spectral library for the
30 selected bands, enhanced by continuum removal.
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CONTINUUM REMOVAL

for vegetation [13, 27, 46].  The
convex hull transform is a method
of normalizing spectra [16, 41].
The convex hull technique is anal-
ogous to fitting a rubber band over
a spectrum to form a continuum.
Figure 5 shows the concept of the
convex hull transform.  The differ-
ence between the hull and the orig-
inal spectrum is subtracted from a
constant to obtain a hull difference.
Such a normalization of the spectra
allows the application of quantita-
tive absorption feature characteri-
zation in terms of feature depth,
surface area and asymmetry.

Figure 6 shows some examples
of the collected field spectra for
dead, stressed and healthy lodge-
pole pines.  Figure 7 shows the
first derivative of the spectra in
Figure 6.  The derivative computa-
tion tends to enhance not only the
absorption features but also the
noise [16].  Both figures clearly
show the presence/absence of
chlorophyll absorption near 680
nm in the healthy and dead lodge-
pole pine spectra, respectively.
Although the red edge [13, 16], the
steep spectral transition zone
between chlorophyll absorption at
680 nm and the high near-infrared
reflectance at 720 nm, is not very
pronounced, it is visible in the orig-
inal and derivative spectra.  Figure
6 also illustrates the effect of
increasing brightness between 1400 and 1700 nm with
respect to the reduced water content of healthy pines as
compared with dead pines.  Within the same spectral
range (about 1720 nm), absorption features associated
with lignin and cellulose can be seen for the dead pines
and litter spectra [36, 44, 48].  These features are not
visible in the case of the healthy spectrum because the

green canopy obscures the presence of woody material.
Furthermore, a convex hull transform was computed
from the field spectra and the feature-finding algorithm
[16, 24] was applied.  The results are presented in Table
1; water is the most dominant absorption feature (1900
and 1400 nm) identified by the algorithm.  Compared
with the healthy lodgepole pine, the stressed tree shows

ITC Journal 1998-1Imaging spectrometry for monitoring tree damage
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FIGURE 4 AVIRIS image cube of Mammoth Mountain (acquired on 23 August 1994
and covering an area of approximately 12 x 12 km).  X and Y axes show the geo-
graphic position in the scene; the Z axis shows the spectral bands (224).  Snow-
covered Mammoth Mountain is visible in the center of the image; Horseshoe Lake
and the largest dying tree areas are just south of Mammoth Mountain

FIGURE 5 Concept of the convex hull transform; (A) a hull fitted over the original spectrum; (B) the transformed spectrum. The
example shows a laboratory spectrum of a weathered limestone rock with absorption features for iron near 900 nm, for water
near 1400 and 1900 nm, for clay minerals near 2200 nm and for calcite near 2350 nm [16]

BA

Figure: Concept of the convex hull transform; (A) a hull fitted over
the original spectrum; (B) the transformed spectrum.
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CONTINUUM REMOVAL (cont. . . )

 Tutorial: Selected Hyperspectral Mapping Methods 

Spectral Feature Fitting and Analysis 
Spectral Feature Fitting (SFF) is an absorption-feature-based method for matching image spectra to reference 
endmembers, similar to methods developed at the U. S. Geological Survey (Clark et al., 1990, 1991, 1992; Clark and 
Swayze, 1995). 
  
Most methods for analyzing hyperspectral data still do not directly identify specific materials. They only indicate how 
similar a material is to another known material or how unique it is with respect to other materials. However techniques 
for direct identification of materials―via extraction of specific spectral features from field and laboratory reflectance 
spectra―have been in use for many years (Green and Craig, 1985; Kruse et al., 1985; Yamaguchi and Lyon, 1986; Clark 
et al., 1987). Recently, these techniques have been applied to imaging spectrometer data, primarily for geologic 
applications (Kruse et al., 1988; Kruse, 1988; Kruse, 1990; Clark et al., 1990, 1991, 1992; Clark and Crowley, 1992; Kruse 
et al. 1993b, 1993c; Kruse and Lefkoff, 1993, Swayze et al., 1995).  
 
All of these methods require you to reduce data to reflectance and to remove a continuum from the reflectance data prior 
to analysis. A continuum is a mathematical function used to isolate a particular absorption feature for analysis (Clark and 
Roush, 1984; Kruse et al, 1985; Green and Craig, 1985). A continuum corresponds to a background signal unrelated to 
specific absorption features of interest. Spectra are normalized to a common reference using a continuum formed by 
defining high points of the spectrum (local maxima) and fitting straight line segments between these points. The 
continuum is removed by dividing it into the original spectrum. 
 

 
  
SFF requires you to select reference endmembers from either the image or a spectral library, to remove the continuum 
from both the reference and unknown spectra, and to scale each reference endmember spectrum to match the unknown 
spectrum. SFF produces a scale image for each endmember selected for analysis by first subtracting the continuum-
removed spectra from one endmember (inverting it), and making the continuum zero. SFF determines a single 
multiplicative scaling factor that makes the reference spectrum match the unknown spectrum. Assuming that a 
reasonable spectral range has been selected, a large scaling factor is equivalent to a deep spectral feature, while a small 
scaling factor indicates a weak spectral feature.  
 

13 
ENVI Tutorial: Selected Hyperspectral Mapping Methods 

Figure: Original and continuum removed spectra.
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METHODS: Spectral Angle Mapper (SAM)
Classifier

SAM – pixel based supervised classification technique
Measures the similarity of an image pixel reflectance
spectrum to a reference spectrum
Spectral angle (in radians) between the two spectra

θ(
−→x ) = cos−1

(
f (λ) · e(λ)

||f (λ)|| · ||e(λ)||

)
, (1)

f (λ) – image reflectance spectrum and e(λ) –
reference spectrum.
Results in a gray-scale rule image – values are the
angles
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METHODS (cont. . . ): Spectral Angle Mapper
(SAM) Classifier

Whole Pixel Methods

Whole pixel analysis methods attempt to determine whether one or more target materials
are abundant within each pixel in a multispectral or hyperspectral image on the basis of
the spectral similarity between the pixel and target spectra.  Whole-pixel scale tools
include standard supervised classifiers such as Minimum Distance or Maximum
Likelihood (Richards and Jia, 1999), as well as tools developed specifically for
hyperspectral imagery such as Spectral Angle Mapper and Spectral Feature Fitting.

Spectral Angle Mapper (SAM)

Consider a scatter plot of pixel values from two bands of a spectral image.  In such a plot,
pixel spectra and target spectra will plot as points (Fig. 6).  If a vector is drawn from the
origin through each point, the angle between any two vectors constitutes the spectral
angle between those two points.  The Spectral Angle Mapper (Yuhas et al., 1992)
computes a spectral angle between each pixel spectrum and each target spectrum.  The
smaller the spectral angle, the more similar the pixel and target spectra.  This spectral
angle will be relatively insensitive to changes in pixel illumination because increasing or
decreasing illumination doesn’t change the direction of the vector, only its magnitude
(i.e., a darker pixel will plot along the same vector, but closer to the origin).  Note that
although this discussion describes the calculated spectral angle using a two-dimensional
scatter plot, the actual spectral angle calculation is based on all of the bands in the image.
In the case of a hyperspectral image, a spectral “hyper-angle” is calculated between each
pixel and each target.

Figure 6.  The Spectral Angle Mapper concept.

Spectral Feature Fitting

Another approach to matching target and pixel spectra is by examining specific
absorption features in the spectra (Clark et al., 1991).  An advanced example of this
method, called Tetracorder, has been developed by the U.S. Geological Survey (Clark et

Figure: Spectral angle.
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METHODS (cont. . . ): SAM Rule Image for
Alunite

Figure: SAM classification rule image for alunite. Dark areas
indicate smaller angles, hence, greater similarity to alunite.
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METHODS (cont. . . ): Spectral Feature Fitting
(SFF)

SFF – pixel based supervised classification technique
Measures the similarity by examining specific
absorption features in the spectrum after continuum
removal has been applied to both the image and
reference spectrum
Performs a least squares fit on the absorption feature
Results in a gray-scale rule image – values in the
image are the fit
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METHODS (cont. . . ): SFF Rule Image for
Alunite

Figure: SFF fit image for alunite. Lighter areas indicate better fit
values between pixel reflectance spectra and the alunite
reference spectrum.
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METHODS (cont. . . ): Fitness Function

Combination of SAM and SFF scaled to [0, 1] is defined as

w(θ(
−→x ), τF (

−→x )) =


κ1w1(θ(

−→x )) + κ2w2(τF (
−→x )) ,

if θ(
−→x ) ≤ θt and τF (

−→x ) ≥ τ t
F

0 , if otherwise
(2)

φWMSD(Sn) =
1
N

∑
−→x ∈I

w(
−→x )

∣∣∣∣−→x −WSn(
−→x )

∣∣∣∣ , (3)
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METHODS (cont. . . ): Fitness Function

Figure: Fitness function with different weights for N = 15.
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RESULTS (cont. . . ): OPTIMIZED SAMPLING
SCHEME

Figure: Optimized sampling scheme.
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RESULTS (cont. . . ): Distribution of 40 highest
values
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Figure: Sampling scheme: 40 highest values
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RESULTS (cont. . . ): Distribution of 40
optimized sampling scheme
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Figure: Distribution of 40 optimized sampling scheme
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BACKGROUND AND OBJECTIVE OF STUDY

The location of known mineral occurrences
(mines/prospects) are used for training in data-driven
predictive mapping of prospective ground. Particular
methods for obtaining a mineral prospective map are

the weights-of-evidence (WofE) method
logistic regression
canonical favorability analysis
neural networks
evidential belief functions
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BACKGROUND AND OBJECTIVE OF STUDY
(cont. . . )

Mineral prospectivity maps are then usually used to guide
further mineral exploration. A logical question regarding
efficacy of mineral prospectivity maps is: “Where should
targets of exploration for undiscovered mineral occurrences
be focussed?”
The objective of this study is to demonstrate a methodology
that we have developed in order to provide a plausible
answer to the above question in a district-scale case study.
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STUDY SITE

Figure: A generalized geological map of the Rodalquilar area
mineral district.
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DATA USED

Two sets of locations of mineral deposit occurrences,
from different sources, were used in WofE modeling.
Set 1: 14 epithermal deposits and set 2: 36 epithermal
deposits.
Set 2: Training set for WofE and designing optimal
exploration target zones.
Set 1: Validation of WofE and optimal exploration target
zones.
HyMap: 126 bands – 0.4–2.5 µm
Geology: 30 bands – 1.95–2.48 µm
Distinctive absorption features at wavelengths near
2.2 µm
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DATA USED (cont. . . ): CREATION OF BAND
RATIO AS EVIDENCES

Figure: Plot of seven endmembers from USGS spectral library in
the spectral range 1.95–2.48 µm. Vertical lines indicate the band
centers used to obtain band ratio images (see text for further
information).
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DATA USED (cont. . . ): CREATION OF BAND
RATIO AS EVIDENCES

Figure: Band Ratio 1: arctan transformation on bands 103/107
(2.100/2.171 µm).
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DATA USED (cont. . . ): CREATION OF BAND
RATIO AS EVIDENCES

Figure: Band Ratio 2: arctan transformation on bands 107/109
(2.171/2.205 µm).
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DATA USED (cont. . . ): CREATION OF BAND
RATIO AS EVIDENCES

Figure: Band Ratio 3: arctan transformation on bands 118/112
(2.357/2.258 µm).
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DATA USED (cont. . . ): CREATION OF
STRUCTURAL EVIDENCE

Figure: Distance to fault and fracture. Increasing pixel brightness
in this image indicates increasing distance from a fault or fracture.



Using Remote
Sensing

Images to
Design

Optimal Field
Sampling
Schemes

Debba

Introduction

Optimized
sampling
schemes case
studies
Optimized field
sampling
representing the
overall distribution of
a particular mineral

Deriving optimal
exploration target
zones

METHODS

Figure: Flow diagram describing the process.
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METHODS (cont. . . ): ESTIMATION OF THE
NUMBER OF EXPLORATION FOCAL POINTS

To estimate the number of exploration focal points, we used
the binomial distribution – mineral deposit occurrence is a
binary variable, being either present or absent.
Thus, estimation of n exploration focal points so as to yield
(or discover) at least r mineral deposit occurrences, with a
probability of success p, at a 95% confidence, requires a
solution for the following equation:

n∑
i=r

(
n
i

)
pi(1− p)n−i = 0.95 . (4)
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METHODS (cont. . . ): FITNESS FUNCTION

φWMSD+V(Sn) =
λ

N(A)

∑
−→x ∈A

P(
−→x )

∣∣∣∣−→x −QSn(
−→x )

∣∣∣∣
+(1− λ)s2(OSn) , (5)

where QSn(
−→x ) is the location vector of an optimal

exploration focal point in Sn nearest to −→x , and s2(OSn) is
the variance of the posterior odds.



Using Remote
Sensing

Images to
Design

Optimal Field
Sampling
Schemes

Debba

Introduction

Optimized
sampling
schemes case
studies
Optimized field
sampling
representing the
overall distribution of
a particular mineral

Deriving optimal
exploration target
zones

RESULTS: ESTIMATION OF THE NUMBER
OF EXPLORATION FOCAL POINTS

Assume
r = 9 based on the nine predicted out of
14 undiscovered epithermal occurrences in training
set 1
p = 0.0025 based on the average posterior
probabilities of prospective pixels in the input WofE
prospectivity model

With these assumptions we derive n = 6280.
Instead of p = 0.0025, we used p = 0.6 based on the
approximate prediction rate of the input WofE model.
Accordingly, n = 22
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RESULTS (cont. . . ): OPTIMIZED TARGET
ZONES

Figure: Optimal exploration target zones defined by buffering to
238 m each of the optimal exploration focal points.
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RESULTS (cont. . . ): OPTIMIZED TARGET
ZONES

Total area represented by the 6280 unit cells is
approximately 6280× 252 = 3925000 m2.
Delineated sub-area of 3925000/22 = 178409 m2

If assumed undiscovered deposit is within a radius of√
178409/π = 238 m (area of circle = π × radius2)

around a derived optimal exploration focal point – then
close.


	Introduction
	Optimized sampling schemes case studies
	Optimized field sampling representing the overall distribution of a particular mineral
	Deriving optimal exploration target zones


