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Assessing the Influence of Reference Spectra
on Synthetic SAM Classification Results

Christoph Hecker, Mark van der Meijde, Harald van der Werff, and Freek D. van der Meer

Abstract—Spectral matching algorithms, such as the Spectral
Angle Mapper (SAM), utilize the spectral similarity between
individual image pixel spectra and a spectral reference library
with known components. Here, we illustrate and quantify the
effects that different sources of reference libraries have on SAM
classification results. Synthetic images of three mineral endmem-
bers were classified by using reference libraries derived from air-
borne hyperspectral imagery, ground spectra (Portable Infrared
Mineral Analyser), and from a standard library (United States
Geologic Survey). Results show that the source of the reference
library strongly influences the classification results if all available
wavelengths are used. This effect can be partially neutralized by
using appropriate preprocessing methods. Two different types of
spectral subsetting of the data, two types of continuum removal,
and a combination thereof were tested. Best results were achieved
by using a feature subset (i.e., limiting the input wavelengths to
the diagnostic absorption features). This increased the average
classification accuracy from 74% to 95% (ground spectral library)
and from 68% to 94% (standard library).

Index Terms—Image classification, infrared spectroscopy, spec-
tral analysis, Spectral Angle Mapper (SAM), spectral library,
spectral similarity measure.

I. INTRODUCTION

IN ORDER to classify remote-sensing images into one or
several spectral classes, various algorithms are routinely

used. These spectral matching algorithms utilize the spectral
similarity between individual image pixel spectra and a spectral
library with known components. One of the most popular
algorithms is the Spectral Angle Mapper (SAM) which was
introduced to the remote-sensing community already 15 years
ago [1]. Since then, SAM has extensively been used for clas-
sification of hyperspectral as well as multispectral data sets
in application fields varying from earth sciences [2]–[4] and
vegetation research [5], [6] to urban [7] and planetary [8]
studies. Its ease of use, indifference to illumination variations
as well as the fact that it is available in most off-the-shelf
image processing, have made it the classifier of choice for many
research and production projects.

As with any other matching or classification algorithm, using
SAM not only has benefits but also disadvantages. One of
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SAM’s weaknesses is its dependence on an overall spectral
fit. Rather than looking at the shape of individual absorption
features, the spectral angle is an average fit over the entire
spectral range (or a subset of it) of the data set that is used in
the classifications. This may include nondiagnostic parts of the
spectrum as well as spectral trends (continuum) that influence
the absorption depth as well as position of superimposed fea-
tures [9]. SAM’s insensitivity to illumination differences also
entails that it neglects albedo information, [4], [10] which other
classification algorithms can make use of [2]. SAM perfor-
mance is also susceptible to additive effects, general tilting, and
wavelength shifts in the spectra.

With that in mind, it can be questioned how much a SAM
classification is influenced by the spectral range and reference
spectra used. These reference spectra are compared to the in-
dividual image pixel spectra and are ultimately responsible for
the spectral match (or mismatch) in the data set. The reference
spectra can be extracted from three different sources: from
ground spectra on samples from the study area, from published
standard spectral libraries, or from the image to be classified
itself [1].

The objective of this paper is twofold: 1) to illustrate and
quantify the effects that different sources of reference spectra
have on SAM classification results and 2) to test a number of
preprocessing methods and assessed how far these methods can
neutralize the influence of different reference sources. To illus-
trate this, synthetic images were created out of three image de-
rived endmember spectra and their intermediate mixtures. As an
example, the minerals illite, alunite, and kaolinite were chosen.
These minerals are abundant worldwide in soils and rock units
alike and commonly occur together. Alunite and kaolinite are
also economically interesting as industrial minerals and as indi-
cators for often gold-bearing epithermal alteration systems [11],
[12]. All three minerals show distinct, yet spectrally related
absorption features in the short-wave infrared (SWIR) due to vi-
brational processes involving the aluminum-hydroxyl groups in
the mineral structure [13]. Hence, they are challenging to sepa-
rate in mixtures and small spectral changes can lead to distinct
noticeable classification discrepancies. For SAM classification
reference libraries, we used spectra derived from airborne
hyperspectral imagery (HyMap), ground spectra [Portable In-
frared Mineral Analyser (PIMA II)] and from a standard spec-
tral library [United States Geologic Survey (USGS)].

II. METHODOLOGY

A. SAM

SAM is a spectral similarity measure where two spectra are
compared with each other and a level of spectral similarity is
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measured. The spectral angle between two spectra is calculated
by taking the arccosine of the dot product of the two spectral
vectors [1]

SA = arccos

( −→
t • −→r

−→‖t‖ • −→‖r‖

)
(1)

where SA is the spectral angle in radians between the test
spectrum t and the reference spectrum r. A small angle between
the two vectors shows that the two spectra closely match each
other, while a large angle represents large differences and,
therefore, a poor match.

Since SAM compares two spectra as n-dimensional vectors,
only the directions of the vectors are important, not their
length. This has the effect that multiplicative effects or gain
differences in data sets do not influence the resulting spec-
tral angle. This makes the SAM a similarity measure that is
insensitive to topographic illumination variations or general
albedo differences which often still occur in remote-sensing
data sets as well as in spectra of differently calibrated field
and laboratory spectrometers. Additive effects (i.e., positive or
negative reflectance value shifts for the entire spectrum) do pose
a problem for the SAM algorithm. They create spectra that
have absorption feature depths which are not proportional to
the overall albedo of the spectrum. This can cause a poor match
between test and reference spectrum, although the shape may
be identical and only the absorption depth is out of proportion.
A typical additive effect in HyMap is atmospheric scattering,
which can cause problems with a spectral angle classification
if the effect is not properly compensated for during the at-
mospheric correction. A third important characteristic of SAM
is that the resulting SA is merely a single number, an “average”
disagreement between the test and reference spectra over the
entire spectral range. By looking at the resulting SA number,
one cannot know whether the principal contributing factor to
the spectral angle was a mismatch in the distinct absorption
feature of this class or whether the entire spectrum had a slight
mismatch in all bands. Both cases can lead to a spectral angle
in a similar range although the latter case may perfectly fit the
distinct absorption feature and gets the total SA from small
mismatches in each band that are counted together. An example
of a general trend that can cause an SA misfit is difference in
tilt for the test and reference spectra. Small tilt differences in
spectra can be caused by various spectrometers used to record
them, by samples impurities (e.g., mixed field samples versus
pure standard library spectrum) or can be due to limitations in
the atmospheric absorption compensation in ground and image
spectra. In order to compare the influence of variable reference
sources on classification results, three reference libraries were
created from the following data sets: airborne HyMap, ground
spectra, and standard spectral library.

B. Spectral Libraries

1) Image Derived Library: In order to build a reference
library from image derived spectra, we used a HyMap [14]
hyperspectral image data set, which was acquired over the
Rodalquilar gold mining area in southeastern Spain. This data

take formed part of the HyEurope2004 acquisition campaign
coordinated by the German Aerospace Center (DLR) and
HyVista Corporation, Australia. The HyMap data used in this
paper were acquired on May 18, 2004 in an East to West
oriented flight line. Swath width is approximately 2.5 km with
a nominal pixel size of 4 m. Adjustment of the HyMap imagery
from radiance at sensor to reflectance values was done at DLR
and included a geometric correction with PARGE and ATCOR4
with atmospheric/topographic correction [15]. Preprocessing
included a vegetation and water mask (based on a preliminary
classification), spatial subsetting to the main study area and
spectral subsetting to HyMap bands 59–125 (1.30–2.47 μm).
By means of this spectral subsetting, we matched the range of
the PIMA II field spectrometer and excluded the rather noisy
band 126 of the HyMap sensor. The preprocessed HyMap scene
was used to extract endmember spectra from the image data
themselves. A pixel purity index [16] and convex geometry con-
cepts [17] were used to extract spectrally distinct endmembers.
The resulting 16 endmembers were screened and merged where
duplicates occurred and the three mineral spectra of interest
(illite, alunite, and kaolinite) were stored in the image derived
reference library [Fig. 1(a)], which we will call “image library”
as of this point forward.

2) Ground Spectral Library: For the purpose of building a
reference library with ground spectra, rock samples had been
collected in the same area as the HyMap scene. Due to scale
differences, “pure” spectra in HyMap and in the field do not
match and the endmembers do not necessarily come from
exactly the same location. Since samples and imagery come
from the same general area, the composition of the individual
minerals can be assumed to be comparable to those measured
with the HyMap imagery. A PIMA II spectrometer from In-
tegrated Spectronics was used to measure shortwave infrared
spectra of these field samples under laboratory conditions. The
spectra were acquired in the range of 1.3–2.5 μm with a spectral
resolution of about 7 nm. A total of 300 spectra were spectrally
analyzed and visually verified in order to find pure endmember
spectra of the three minerals of interest. All pure spectra were
averaged per mineral and spectrally resampled to match the
wavelengths and spectral resolution of the HyMap image data.
The resulting three reference spectra were stored in the ground
spectra derived reference library [Fig. 1(b)], hereafter referred
to as “ground spectral library.”

3) Standard Library: The third reference library was cre-
ated by using spectra from an existing standard spectral library
of the USGS [18]. These standard libraries are measured in the
laboratory under ideal conditions. Most spectra are measured
on monomineralic pure samples. The purity is tested by using
other analytical methods such as X-ray diffraction or micro-
probe analysis [18].

All three minerals of interest can display variations in their
composition and mineralogic structure. These variations in turn
influence the reflectance spectra of the minerals and can cause
wavelength shifts of absorption features as well as influence
the width of a feature. In order to allow comparison with the
spectra recorded in the field area, we decided to pick the one
spectrum per mineral from the vast selection in the USGS
Spectral Library that matched the PIMA II spectra closest in
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Fig. 1. Spectral reference libraries used in this paper. (a) Image library (from
HyMap). (b) Ground spectral library (from PIMA II). (c) Standard library (from
USGS). Ground spectral and standard libraries are spectrally resampled to band
positions of HyMap sensor. Mineral spectra depicted are from (solid) illite,
(dotted) alunite, and (dashed) kaolinite.

terms of absorption feature position and absolute reflectance
values (Table I). Spectra were spectrally resampled to match the
wavelengths and spectral resolution of the HyMap image data.
The resulting three reference spectra were stored in the standard
USGS spectral library derived reference library [Fig. 1(c)],
hereafter referred to as “standard library.”

C. Synthetic Data

For illustrating the classification results and the effect of
preprocessing steps in a “controlled“ environment, a synthetic
data set was created. We opted for the shape of a simple equi-
lateral triangle that represents a classic ternary mixture diagram

TABLE I
SPECTRAL LIBRARY CODES OF SPECTRA

USED IN THE “STANDARD LIBRARY”

Fig. 2. Ternary mixture diagram for synthetic data set. Contours of mixture
fractions are shown for (solid) illite, (dotted) alunite, and (dashed) kaolinite.

(Fig. 2). Each corner represents one of the three endmembers
in a pure state. Along each side of the triangle mixtures of two
endmembers are located, while the endmember of the opposite
corner is not included in the mix. Any point in the interior
of the triangle is a mixture of all three endmembers with the
mixture fractions depending on the location of the individual
pixel. The center of gravity of the equilateral triangle represents
the spectral mixture of even amounts of the three endmembers.
In order to create a representative spectrum for each pixel in the
ternary mixture diagram, we decided to apply a simple linear
mixture model by using

Rmix(λ) =
3∑

i=1

fi ∗ Ri(λ) (2)

where Ri is the spectral reflectance of the pure endmember,
f is the fraction in the mixture, and Rmix is the resulting
linearly mixed spectrum. The three spectra from the image
library were used as pure endmember spectra, thus producing
a synthetic HyMap-like data set of illite, alunite, and kaolinite
mixtures.

D. Enhancement Procedures

Several existing preprocessing procedures were applied to
the synthetic data set, in order to test the procedures’ po-
tential reducing the influence of reference source data and
enhancing the classification results. We tested two different
ways of spectrally subsetting the data, two types of continuum
removal, and a combination thereof. After this step, the original
data set and the enhanced data set were SAM classified with
identical settings and the results compared. An overview of the
enhancement procedures is given in Table II.

1) Subset: In order to exclude wavelengths that are not char-
acteristic for the endmembers used in this paper, we spectrally
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TABLE II
OVERVIEW ON DIFFERENT PREPROCESSING METHODS AND THEIR PARAMETERS. SPECTRAL RANGES IN

FEATURE SUBSET ARE GIVEN FOR MINERALS ILLITE (I), ALUNITE (A), AND KAOLINITE (K)

subset the data. The idea behind the subsetting is to only
include the spectral range with the diagnostic absorption fea-
tures, which focuses the similarity measure on the spectrally
interesting variations in the SWIR [19]. It avoids situations
where the SAM results are mainly influenced by dissimilarities
in areas that are not relevant for characterizing the endmembers
and separating them from each other. Expert knowledge is
necessary in order to decide the “characteristic wavelength
range” for a given set of spectral classes. While the original
synthetic data set has a spatial range of 1.30–2.47 μm, our
subset includes HyMap bands 98–125 (2.01–2.47 μm).

2) Continuum Removal: The second enhancement method
that was tested was continuum removal, where absorption
features and their depth are compared with each other from
a common baseline [20]. The idea behind continuum removal
is that it eliminates general spectral trends (such as sloping
spectra) and focuses on the absorption features superimposed
on the general trend.

We chose a baseline or continuum in the form of a convex
hull fitted over the top of the spectrum in short, linear segments,
which connect local maxima. Other possibilities to define the
hull exist (e.g., cubic spline functions) but they result in similar
outcomes [9]. Given that the results depend on the starting
points of the convex hull, and through that on the spectral range
of the data set, we decided to apply continuum removal to the
2.01–2.47 μm subset. This is also the range with the charac-
teristic absorption spectra which we would like to compare.
Two types of continuum removal were calculated and the results
compared.

Hull subtraction: In what we refer to as “hull subtrac-
tion,” the corrected reflectance values are determined by sub-
tracting the hull difference from 1.0 (Fig. 3)

RHS(λ) = 1.0 − [RS(λ) − RH(λ)] (3)

where RS is the original spectral reflectance, RH is the level
of the hull, and RHS the resulting hull subtraction corrected
spectral reflectance.

Hull quotient: In what we refer to as “hull quotient,” the
corrected reflectance values are determined by dividing the hull
into the spectrum (Fig. 3)

RHQ(λ) =
RS(λ)
RH(λ)

(4)

Fig. 3. Effect of hull subtraction versus hull quotient preprocessing on spectra.
Original spectrum (S) with its convex hull (H) and the resulting hull subtraction
(SHS) and hull quotient (SHQ) corrected spectra.

where RS is the original spectral reflectance, RH is the level
of the hull, and RHQ the resulting, hull quotient corrected
spectral reflectance. Hull quotient is the continuum removal as
implemented in ENVI 4.4 [21].

3) Feature Subset: Under “feature subset,” we define a
spectral subsetting method that optimizes the spectral range
to individual absorption features in the reference classes. The
ranges can be varied for each reference class and may also
contain several subranges to cover multiple absorption features
in the data. While choosing a generic spectral subset for all
classes focuses the SAM on generally interesting areas in the
spectrum, the feature subset does so for individual absorption
features. By this means, we can exclude all but the diagnostic
ranges in a mineral spectrum. This sort of subsetting for SAM
has previously been suggested by [1]. Nevertheless, in practice,
it has not been applied much since then. This may be a con-
sequence of the need for expert interaction in defining these
ranges for the individual spectral reference classes.

Choosing feature subset ranges for this paper is rather del-
icate. The three minerals of interest were partially chosen
because they have a main absorption feature at a similar
wavelength around 2.2 μm. Hence, the feature subsets for the
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three reference minerals show nearly the same range. A single
subrange was chosen on the primary absorption feature and
includes the shoulders on both sides. The ranges used for the
reference spectra are shown in Table II.

4) Hull Quotient and Feature Subset: Results of the tech-
niques described above (as we show below) showed that hull
quotient and feature subset preprocessing reduce the influence
of the reference spectra source on classification results. As a
last preprocessing technique, the two steps were combined to
test if this would further improve the results. Since continuum
removal depends on the range selected, all three spectra were
continuum removed via hull quotient based on the common
2.01–2.47 μm subset range in a first step. Only then they were
subset to their individual absorption feature range listed in
Table II.

E. Classification

The synthetic data set was classified by matching it to the im-
age library, the ground spectral library, and the standard library.
Since SAM can be applied to individual classes, each mineral
is treated separately, and class overlaps are not considered. We
chose to include the image library as a classification reference
although the same spectra had been used as the source for
the synthetic image. These image library classification results
will define the maximum classification accuracies that can be
achieved with SAM on these data sets. All other results can be
compared to this “ideal” reference library.

SAM similarity images (or rule images) were calculated for
each combination of three reference spectra, three reference
libraries, and the various preprocessing steps. To be able to
show discrete classification results, the continuous rule images
required thresholding: Pixels with rule-image values below the
chosen threshold are similar enough to that particular reference
spectrum and are assigned to this class, while pixels with larger
SA than the threshold are not assigned to this class. Since
three endmembers are used, some pixels may score below the
threshold of several rule images. This is often dealt with by
assigning those doubtful pixels to the rule-image class in which
the pixels have the lowest spectral angle value.

Threshold values needed to be determined for each rule im-
age. For this purpose, rule-image histograms were calculated,
and the 25th percentile threshold values determined. The choice
of the 25th percentile is rather arbitrary. We based it on the
fact that 25% of all pixels in the synthetic data set contain
mixture fractions of 50% or higher of the endmembers illite,
kaolinite, and alunite, respectively. The remaining 25% pixels
contain mixtures that are not dominated by any of the three
endmembers.

F. Normalization

In order to judge the quality of the classification and quantify
the improvements achieved, the result needs to be normalized
against a benchmark. For that purpose, we compared each
of the classified rule images of the ground spectral library
and standard library against the optimal results of the image
library. The fraction of pixels that coincided with the “ideal”

classification pixels were used as a proxy for classification
accuracy

Accmi,rl =
N(Rmi,rl ∩ Rmi,ideal)

N(Rmi,rl)
(5)

where Rmi,rl is the classified rule image of a given mineral and
reference library, Rmi,ideal is the ideal classification achieved
with the image library, and Accmi,rl the resulting accuracy for
a given mineral and reference library combination. Hence, the
accuracy reported in this paper is never an absolute accuracy
that would be achieved in a real world classification. It is
rather a percentage of overlap with the optimally achievable
classification result of the image library.

III. RESULTS

A. Spectral Libraries

Fig. 1 shows the three reference libraries used in this paper.
They differ in absolute reflectance values of their spectra. This
is primarily because they were recorded with three different
instruments which all have their own radiometric calibration
functions. One instrument (image library, i.e., HyMap) is also
a passive airborne system that required atmospheric correction
of the data. Another major difference is the fact that the spectra
in the standard library were measured on pure monomineralic
samples. There was no possibility for organic matter or other
impurities to reduce reflectance values or for moisture in the
sample to influence the reading. As long as the higher re-
flectance values and deeper absorption features of the standard
library are just a question of a different gain factor, SAM results
should not be influenced by the discrepancy in reflectance
values.

All three minerals possess a primary diagnostic absorption
features around 2.2 μm. In all three reference libraries, these
features are well developed, with comparable feature shapes
and with minima at the same wavelength. In contrast, the
absorption depth and even the relative absorption depth varies
greatly; while the image library and the ground spectral library
have similar absorption depths, the standard library shows
much more spectral contrast. Even a gain adjustment (by
multiplying with a correction factor to bring the reflectance
values into the same range) does not fully “correct” the deeper
absorption features of the standard library. This is shown for the
mineral alunite in Fig. 4.

Secondary absorption features around 1.45 μm can also be
diagnostic for the identification of the minerals of interest.
However, in the image library, these features are not distinctly
preserved and of identical shape for all three minerals. Fig. 4
shows that the features are close to the 1.4 μm water-absorption
feature and may have partially been masked by the lack of
atmospheric transmission. In the ground spectral and standard
libraries, these features are distinctly preserved even at the
same spectral resolution of the hyperspectral image. Both these
libraries were recorded with spectrometers with an active light
source and with a small distance between instrument and sam-
ple. For those reasons, they suffer from less deterioration of the
signal close to the water-absorption features. Since two of the
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Fig. 4. Alunite spectra of (solid) image library, (dashed) ground spectral
library, and (dotted) standard library multiplied with correction factor to bring
into the same range (common value of 1.0 at wavelength 2.05 μm; indicated
with circle). Alunite spectrum of the standard library still has deeper absorption
features after gain correction.

reference libraries contain distinct 1.45 μm absorption features
which are not present in the image data, this will inevitably lead
to divergence in a spectral matching algorithm if that range is
included in the analysis.

For the mineral alunite, we expect another secondary ab-
sorption feature around 1.75 μm. It is clearly present in the
ground spectral and standard libraries. As with the secondary
absorption feature around 1.45 μm previously mentioned, the
1.75 μm feature is barely visible in the image library spectrum,
due to its proximity to a water-absorption band.

B. Classification Results

Fig. 5 shows the synthetic images resulting from the SAM
matching using a 25th percentile threshold. The locations of
the lowest value (lowest spectral angle) in each rule image are
indicated as small circles, squares, or triangles (Fig. 5). Where
classes spatially overlap the better matching class (i.e., with a
smaller SA) is shown on top. Dashed lines indicate the extent
of the underlying class. In a final classification, the pixels that
pass the threshold criteria of several classes are usually assigned
to the class they match best, which in our figures would be the
topmost class.

1) Standard Range (1.30–2.47 μm): The classified synthetic
images for the three reference libraries are shown in Fig. 5(a).

For the image library as a reference, the corners are properly
classified. This is inevitable, as the extreme corner pixel of
the synthetic image is always identical to one of the reference
spectra in the image library. The classified areas can be ap-
proximated by three different shapes: an equilateral triangle, an
asymmetric triangle and an ellipse [Fig. 5(a1)].

The alunite-rich corner is classified with equilateral triangle.
This indicates that the spectral similarity between alunite and
illite is about the same as between alunite and kaolinite. The
spectral angles evenly increase out of the alunite corner of
the synthetic image and symmetrically along both sides toward
the alunite–illite and alunite–kaolinite mixtures.

The shape of the illite class, on the other hand, is that of a
strongly asymmetric triangle since alunite is more spectrally
distinct from the other two minerals, while kaolinite and illite
are more similar. Thus, a mixture of illite and, e.g., 20% ka-
olinite still has a small spectral angle with the illite reference
spectrum (and still falls within the 25th percentile threshold),
while illite mixed with a minute alunite component results in
a large matching error which immediately falls beyond the
classification threshold.

The shape of the pixels in the kaolinite class is that of an
ellipse. The elliptical shape and the orientation of its semimajor
axis indicate that a mixture of illite and alunite is spectrally sim-
ilar to the spectrum of kaolinite and causes only a small spectral
mismatch. Thus, pixels with less than 50% of kaolinite can
still fall within the classification threshold, if the combination
of illite with some alunite forms a “kaolinite-like” spectrum.
If we look at the reference spectra in Fig. 1(a), this finding
is supported by the spectral shapes: In HyMap wavelengths,
alunite has an absorption feature centered at 2.17 μm, while that
of illite has its midpoint at 2.20 μm. Kaolinite’s main feature in
that range is a doublet with minima at 2.17 and 2.20. Therefore,
the spectrum of a mixture of illite and alunite at the correct
proportions is spectrally difficult to distinguish from a pure
kaolinite spectrum.

When we classify the synthetic image with the ground
spectral library instead, the resulting patterns are changed
[Fig. 5(a2)]. The kaolinite class reasonably performs well. The
extent of the kaolinite class is slightly less concentrated in the
kaolinite corner than for the image library. The alunite class
still plots reasonably well in the alunite-rich part of the image,
although the extreme corner (i.e., pure alunite) is missed. The
lowest rule-image value is scored by a pixel that consists of
alunite and about 20% illite. The classification of illite, on the
other hand, fails entirely. The classified area almost entirely
coincides with the pixels also classified in the kaolinite class,
where SA values of in the kaolinite rule image being consid-
erably lower than for illite. Hence, almost no pixels would be
classified as illite at all.

The results of using the standard library as reference
[Fig. 5(a2)] are similar to those of the ground spectra above.
The illite class is again mostly covered by the kaolinite class
and would not classify well.

To understand the reason why kaolinite and illite plot in
similar places in the synthetic image, we need to consult
Fig. 1(a). It shows that spectra of illite and kaolinite in the image
library (and hence also in the synthetic data set) are similar
for the entire range, except for the 2.2 μm absorption feature.
In the reference libraries [Fig. 1(b) and (c)], we can observe
that kaolinite shows a steeper general trend (tilt of spectrum
from 1.3 to 2.5) in both libraries as compared to illite. If the
kaolinite and illite (or mixtures thereof) from the image library
are matched against the two reference libraries (ground spectral
and standard libraries) kaolinite will score the best match due
to the tilt. This is an example where a clear absorption feature
match is outweighed by a mediocre general fit over the entire
range which leads to this misclassification.

The assessment of the classification success, as described in
the methodology, is based on a normalization of the results
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Fig. 5. SAM classification results by reference library and preprocessing method. Shaded areas are those within the 25th percentile threshold for each class rule
image. The symbols indicate the location of the smallest spectral angle in the (circle) illite, (square) alunite, and (triangle) kaolinite class.
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TABLE III
CLASSIFICATION ACCURACIES FOR VARIOUS PREPROCESSING TECHNIQUES AND REFERENCE LIBRARY (GROUND SPECTRAL LIBRARY

AND STANDARD LIBRARY, RESPECTIVELY) ACCURACY VALUES ARE A PERCENTAGE OF OVERLAP WITH THE IDEALLY

ACHIEVABLE CLASSIFICATION RESULT (i.e., WITH THE IMAGE LIBRARY AS A REFERENCE)

with the ideal classification of the image library. These accu-
racy values are, therefore, a percentage of overlap with the
ideally achievable classification result. For alunite and kaolinite
classes with ground spectral library, accuracy values of around
92% are reached (Table III). Those for the standard library
are 100% and 82%, respectively. Illite, however, reaches a
mere 39% with ground spectral library and 24% with standard
library. The average accuracy of the three classes together
is 74% for ground spectral library and 68% for standard
library.

2) Subset (2.01–2.47 μm): After spectrally subsetting the
data set to the 2.01–2.47 μm range, the classification was run
again. The results are displayed in Fig. 5(b).

For the ground spectral library as a reference, the subsetting
has improved the results for the illite class considerably. The
class is now appearing in the correct part of the diagram, where
illite fractions are high. The lowest spectral angles are along
the illite–alunite side of the triangle and still far from the corner
where they should be ideally. The corner itself, containing pure
illite, is also not included the classification. Overlap between
illite and kaolinite classes still exists, although to a much
lesser degree than with the standard range. Kaolinite scores the
lower absolute SA values than illite and takes priority in a final
classification.

Also, for the standard library, the illite class has considerably
improved through subsetting. The pure illite corner is again not
included in lowest 25% of the illite SA values. Alunite and
kaolinite classes are quite similar to image library and ground
spectral library results. However, in this case, SA values of
kaolinite are larger (more mismatch) than illite. This discrep-
ancy is attributed to mismatches in exact mineral composition
between the standard library spectra and the minerals in the
study area.

Subsetting the spectra to a range of interest prior to a
SAM classification substantially changes the outcome of the
classification. Subsetting considerably improved the illite
classification accuracy for ground spectra (from 39% to 61%)
as well as for the standard (from 24% to 85%) reference
libraries (Table III). Average accuracies considerably improved
with subsetting, from 74% to 82% (ground spectral library)
and from 68% to 91% (standard library).

3) Hull Subtraction: After subsetting and hull subtraction,
the results of the image library are similar to the subsetting-only
results.

For the ground spectral library, however, we observed mixed
results [Fig. 5(c2)]. Illite, which was most troublesome before,
has greatly improved. Its shape is now nearly identical to the
results of the image library. The elliptic shape of the kaolinite
class has become very narrow with the lowest SA values
quite far out of the kaolinite corner. Alunite, which was easily
classified before, is even worse: Its shape is out of the alunite
corner and covers pixels with alunite percentages of 40%–50%,
while the alunite richest pixels are not correctly classified.

Classification with hull subtracted standard library as a ref-
erence gives the worst results yet [Fig. 5(c3)]: The illite corner
is not classified properly, and kaolinite and alunite both plot on
top of each other in the alunite corner. Surprisingly, the absolute
SA values of the kaolinite rule image are lower than those for
alunite. This shows that the alunite-rich corner in the synthetic
image matches better with the kaolinite spectrum than with the
actual alunite spectrum of the hull-subtracted standard library.

The classification accuracy support these mixed findings as
well. As an example, alunite scores accuracies of 14% (ground
spectral library) and nearly 100% (standard library). The other
minerals also show rather unpredictable results as well, and av-
eraged accuracies are rather low (65% and 51%, respectively).

Keeping the characteristics of SAM in mind, these erratic
results are no surprise. By subtracting the spectra from the
hull rather than dividing into the hull value, our preprocessing
technique contains a nonmultiplicative component. SAM is,
however, only insensitive to gain differences. Additive compo-
nents create an absorption depth misfit between test spectrum
and reference spectrum, if they did not have the same general
brightness at the start. This can be seen on the example of the
alunite class in the ground spectral reference library (Fig. 6).
The alunite reference spectrum matches a pure alunite pixel in
absorption position and absorption feature shape. The absorp-
tion depth, however, is a lot better matched by a mixture of
only 45% alunite, and some illite and kaolinite. In this case, the
absorption depth outweighs the absorption position with disas-
trous classification accuracy as a result. In other instances (such
as illite reference in the ground spectral library), the absorp-
tion position remains dominant and classification results are
good. Hence, the classification success is strongly dependent on
whether the hull subtraction by coincidence creates absorption
features of similar depth in both the test and reference spectra.

4) Hull Quotient: The ground spectral library show much
better results with the hull quotient than with hull subtraction.
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Fig. 6. Influence of hull subtraction and absorption feature depth on matching
results. Synthetic test spectra of pure alunite (A100; dashed line) and that of
an alunite (45%)—illite (32%)—kaolinite (23%) mixture (A45I32K23; dotted
line) are shown. The solid line shows the alunite reference spectrum (Aref) of
the ground spectral library. Although the absorption feature position and feature
shape of the two alunites match very well, the lowest SA is scored by the mixed
spectrum (A45I32K23). After hull subtraction, its absorption depth is more
comparable to that of the reference spectrum.

The hull quotient results are slightly better than for subsetting
alone. The pure illite corners are also properly classified, which
was not the case in the spectral subset preprocessed image.

In the standard library results, the illite corner is well classi-
fied. The kaolinite class, on the other hand, has slightly changed
its elliptic shape, and the lowest values are now along the
kaolinite–alunite mixture axis.

The classification accuracy (Table III) shows that alunite
and illite classify extremely well with accuracies of around
90% or above. Kaolinite, on the contrary, receives rather poor
accuracy values; the one for the standard library being as low
as 37%. This low value can be explained by the shift of the
ellipsoidal class shape as compared to the “ideal” image library
classification result which causes a poor overlap. The average
accuracies are very high for the ground spectral library (94%)
and mediocre for the standard library (75%).

The hull quotient should be the more suitable of the two
continuum removal techniques tested in this paper. Since it
is a quotient, no additive component is added to the spectra.
The relative absorption depth is not tampered with, and the
preprocessing technique should have no negative effect on the
SAM results. The poor result of the standard library kaolinite
reference, however, comes rather as a surprise that requires
further discussion. We have shown that the elliptic shapes of
the kaolinite class are caused by the spectral similarity between
kaolinite and a mixture of illite and alunite. The length of the
ellipse’s semimajor axis suggests how similar the mix really is
to the kaolinite spectrum, while the orientation is an indication
on the relative endmember amounts for the best fitting mix-
ture. Due to hull quotient preprocessing, the absorption feature
depth of the kaolinite endmembers in the three libraries have
undergone slight modifications. Although these changes may be
small, they influence the outcome of the classification, in a way
that a bit more alunite (which has the deepest absorption feature
of all three minerals) is needed to create the best matching

mixture of alunite and illite to express kaolinite in the hull
quotient case. This is a similar case to the effect shown in Fig. 6.

This rotation of the kaolinite class shape is responsible for
the poor overlap between the standard library and “ideal” image
library results and, hence, for the low accuracy value of 37%.
We believe that for endmembers that cannot be expressed as a
linear combination of each other, this problem would not occur.
This statement is also supported by the other two mineral end-
members which score excellent hull quotient accuracy results
for the ground spectral library as well as the standard library.

5) Feature Subset: For the ground spectral reference library,
the classification results with feature subset are very good. The
illite class is considerably better as in the general subset case
and nearly as good as with the hull quotient preprocessing. Only
the extreme corner of the illite is not included in the resulting
classification. The kaolinite class is slightly narrower than in
the image library but still shows excellent agreement.

The classification output from the standard library also shows
excellent results. Alunite is nearly a 100% fit with the image
library results. Kaolinite is a slightly broader ellipse but with
excellent overlap and illite class also follows the expected shape
(although slightly broader and shorter). As with illite in the
ground spectral library, the extreme corner is not included,
although those are the purest illite pixels.

The classification accuracy (Table III) also supports our inter-
pretation of the classified images. Feature subset preprocessing
invariably created very good to excellent results, with average
accuracy 95% for ground spectral reference library and 94% for
the standard reference library.

6) Feature Subset and Hull Quotient: Feature subset and
hull quotient had scored high average accuracies in their indi-
vidual tests. Both preprocessing steps were combined to test if
any further improvement was possible.

When image library was used as a reference library, the
resulting classes are well established and separable from each
other [Fig. 5(f1)]. The alunite class triangle is somewhat more
asymmetric while the illite triangle shows a slight more sym-
metric shape. The kaolinite class is again elliptic, due to the fact
that kaolinite is spectrally similar to an illite–alunite mixture.

For the ground spectral library, the classification results are
very good [Fig. 5(f2)]. Illite and alunite classes are nearly
identical to the image library results, while the kaolinite class is
a somewhat narrower ellipse. The accuracy of the classification
is virtually identical to those of the preprocessing with hull
quotient alone. Table III shows that illite and alunite score very
well, while kaolinite scores lower than expected. The average
accuracy reaches 94%. Unlike in the case of feature subsetting
alone, all extreme corners are now also classified correctly
within the 25th percentile threshold, although the lowest SA
values (the best matches) are still not occurring in the extreme
corner.

In the standard library, the illite class result is among the
best of all preprocessing technique [Fig. 5(f3)]. The extreme
corner is classified correctly and the SA minimum is close to its
appropriate corner. Alunite again classifies well as with most
of the preprocessing techniques. The kaolinite class, however,
does not profit from the combined hull quotient and feature
subsetting techniques (37%). The same reasoning applies as for
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the hull quotient processing. Even with kaolinite scoring poorly,
the average accuracy for the standard library still reaches 77%.

C. Normalized Hull Quotient

One way to prevent some of the misclassifications caused by
hull quotient preprocessing would be the use of a normalized
hull quotient. Spectra are divided into their convex hull and
rescaled to the full 0.0–1.0 range. The rescaling avoids the
situation where the primary absorption features suffer from dif-
ferences in absorption depth, since they would all be stretched
from 1.0 at the shoulders to 0.0 at the lowest part of the ab-
sorption feature. As a consequence, the shape of the absorption
feature becomes more powerful in the SAM matching than the
absorption depth.

However, absorption depth in itself is an important feature in
every classification in order to discriminate major elements in
a mixture from accessory materials in tiny proportions. Small
amounts of a given endmember in a sample or simply noise in
data could create small absorption features that get completely
blown out of proportion by a normalized hull quotient proce-
dure. In particular, in small spectral subsets, like the feature
subset described above, major absorption feature could be
missing and pure noise would be stretched to fit the 0.0–1.0 re-
flectance range. For those reasons, we do not consider the nor-
malized hull quotient as a workable preprocessing alternative
for use in combination with SAM.

IV. DISCUSSION AND CONCLUSION

In this paper, we have shown the negative influence of using
different reference libraries for a SAM classification. We used
an image library based on HyMap data, the ground spectral
library from PIMA II measurements of field samples and the
standard library from the published USGS spectral library.
Synthetic images were created from the three image library
endmembers and their intermediate linear mixtures.

The synthetic data set was matched to all three reference
libraries with the SAM algorithm. The results presented show
that the source of the reference library strongly influences
the classification results. The mismatch of general shape of
the reference spectra can diminish (or even overpower) the
influence of diagnostic absorption features on the matching
result. Differences in the general trend of the spectra can be
caused by, e.g., tilting in the general slope of the spectra,
differences in absolute reflectance values (additive) or missing
features close to water-absorption bands. These effects are often
encountered in image data after inadequate data calibration and
atmospheric correction. In order to avoid these problems, the
reference spectra should ideally be derived from the image data
themselves. A main disadvantage is the need for iteratively
extracting endmembers from the data set and identifying them
correctly, based on the image spectra alone. Local knowledge of
what endmembers can be expected in the data or ground spectra
of the area can prove very helpful to decide on which and how
many endmembers to extract.

As our less preferred alternative, field spectra and standard
library spectra can be used. Our results indicate that the field

spectra from the same study area performed better than standard
spectra from a published library. We believe that the poor
results of the standard spectra are related to mismatches in
exact mineral composition between the library spectra and the
minerals in the field.

We introduced and applied a number of preprocessing meth-
ods, and we assessed how far these methods can neutralize
the influence of different reference sources. We tested two
different types of spectral subsetting the data, two types of
continuum removal, and a combination thereof. The spectral
subsetting from all bands to a general spectral area of interest
immediately increased the average accuracy. The problem of
distinct absorption features being overpowered by small dis-
crepancies over a large spectral range is greatly reduced. The
second subsetting method, feature subsetting, requires more
expert interaction since the subset for each reference spectrum
can be chosen individually. The results, however, are even better
than with a general subset range for all reference spectra and
make the effort more than worthwhile. If expert knowledge is
not available or manual interaction in the classification process
is not desirable, automatic band selection could be utilized [22].
However, such methods usually require knowledge of the ex-
pected spectral endmembers in the image in order to select
bands to optimize their separability.

For continuum removal, we first tested a hull subtraction
method. While some classes may have slightly increased their
accuracy, others classified poorly. The results proved to be ex-
tremely unpredictable and unusable in combination with SAM
due to the nonmultiplicative component added to the spectra.
Our results are based on the limited example of three miner-
als in a synthetic ternary mixture diagram. The hull quotient
method (as well as hull quotient and feature subsets) gave good
to excellent classification results for two classes. One class
(kaolinite) classified less favorably. Kaolinite’s spectral shape is
closely linked to the other two classes and can be expressed as
a linear combination of the two. We expect that in classification
schemes where this is not the case, excellent results will be
achieved when the preprocessing includes continuum removal
using hull quotients.

Classifying imagery into spectrally distinct classes is not
difficult. Problems arise if spectral differences are subtle. In
that sense, the outcome of this paper is not restricted to the
three-mineral system used here for illustration purposes. We
expect that the results are applicable to any study that deals
with classes of slight spectral differences and their mixtures,
for example, the mapping of tree species in a forest canopy.

The practice of throwing all available bands into a (SAM)
classification is still common. The argument that bands that are
not containing diagnostic features for the classes of interest can
still help with the classification (or at least that they do not
harm the results) has herein been proven untrue. Our results
clearly show that classification results improve if all disturbing
nondiagnostic bands are excluded from the classification.
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