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Spectral  decorrelation  (transformations)  methods  have  long  been  used  in remote  sensing.  Transformation
of  the image  data  onto  eigenvectors  that comprise  physically  meaningful  spectral  properties  (signal)  can
be used  to  reduce  the  dimensionality  of  hyperspectral  images  as  the  number  of  spectrally  distinct  signal
sources  composing  a  given  hyperspectral  scene  is generally  much  less  than  the number  of spectral  bands.
Determining  eigenvectors  dominated  by  signal  variance  as  opposed  to noise  is  a  difficult  task.  Problems
also  arise  in  using  these  transformations  on  large  images,  multiple  flight-line  surveys,  or  temporal  data
sets  as computational  burden  becomes  significant.  In this  paper  we  present  a spatial–spectral  approach
to  deriving  high  signal  quality  eigenvectors  for image  transformations  which  possess  an  inherently  abil-
ity  to  reduce  the  effects  of  noise.  The  approach  applies  a spatial  and spectral  subsampling  to the  data,
which  is  accomplished  by deriving  a  limited  set of  eigenvectors  for spatially  contiguous  subsets.  These

subset  eigenvectors  are  compiled  together  to form  a new  noise  reduced  data  set, which  is subsequently
used  to  derive  a set  of  global  orthogonal  eigenvectors.  Data  from  two  hyperspectral  surveys  are  used to
demonstrate  that the  approach  can  significantly  speed  up eigenvector  derivation,  successfully  be  applied
to  multiple  flight-line  surveys  or multi-temporal  data  sets,  derive  a representative  eigenvector  set  for
the full  image  data  set,  and  lastly,  improve  the  separation  of those  eigenvectors  representing  signal  as
opposed  to noise.
. Introduction

Most airborne hyperspectral systems today typically comprise
00’s of contiguous bands ranging from 0.4 to 2.5 �m and produce
ignificant quantities of data, commonly 100’s of megabits in size.

ith the advent of satellite hyperspectral sensors (e.g. Hyperion
Pearlman et al., 2001), EnMap (Stuffler et al., 2007), PRISMA and
yspIRI (Buckingham and Staenz, 2008), HISUI (Kawashima et al.,
010)), the amount of data available for analysis increases sub-
tantially. Processing this type of data, from acquisition through
o map  generation, requires numerous computationally intensive
teps (e.g. radiometric correction, atmospheric correction, geomet-
ic correction, classification, validation). Thus, there is a real need to

evelop cost-effective algorithm implementations to satisfy time-
ritical remote sensing applications (Plaza et al., 2009) that also
roduce quality, physically accurate results that the end user can
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use in specific applications (Rogge et al., 2012). Improvements
in computing power, memory, parallel processing and advancing
existing algorithms for more efficient processing of large data sets
can help to achieve these needs. However, any improvements with
respect to reducing computational load must be done such that
there is little, or preferably no, loss in quality.

Spectral decorrelation (transformations) methods have long
been used in remote sensing, such as principal component analysis
(PCA) (Ready and Wintz, 1973; Singh and Harrison, 1985), maxi-
mum  noise fraction (MNF) (Green et al., 1988) and singular value
decomposition (SVD) (Danaher and O’Mongain, 1992), which are all
based on strong mathematical foundations. Uses include pre- and
post-processing steps, such as data compression (Du et al., 2009),
correcting for spectral smile effects (Dadon et al., 2010), eigenvector
based approaches to virtual dimensionality (VD) estimation (Chang
and Du, 2004), or endmember extraction (Boardman et al., 1995).
Transformations are commonly used to reduce the dimensional-
ity of hyperspectral images as the number of spectrally distinct

signal sources composing a given hyperspectral scene is generally
much less than the number of spectral bands. Transformation of
the image data onto eigenvectors can give a user quick results that
show the spatial distribution of the majority of spectrally distinct
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aterials in the scene. Image data derived from atmospherically
orrected multi- or hyperspectral sensor systems have variable
uality with respect to the ratio of signal and noise (SNR). If SNR

s defined simply as the mean target signal of a spatially homo-
eneous material divided by the signal standard deviation, then
he signal portion from an image with good SNR will be controlled
rimarily by the spectral characteristics of the target reflectance
ather than from other factors (e.g. internal sensor characteris-
ics). In this case, eigenvectors with highest eigenvalues derived
rom an image that have the highest eigenvalues should represent
he highest variance in the data and subsequently the physically

eaningful spectral properties of the scene. Generally, a limited
umber of eigenvectors are expected to contain most of the signal

nformation, whereas the remaining eigenvectors comprise little
r no signal and variance is dominated by noise. A problem with
emote sensing imagery is that some image materials have weak
ignals and contribute little energy to the eigenvalues. Determining
igenvectors that contain important physically meaningful spectral
roperties (signal), as opposed to just noise, is a difficult task (Chang
nd Du, 2004). Thus, poor separation of the two can result in loss
f significant information.

Problems arise in using PCA, SVD and MNF  transformations on
arge images, multiple flight-line surveys, or temporal data sets
s computational burden becomes significant. Spatial subsampling
e.g. every nth pixel) can be used to reduce data size to derive rep-
esentative eigenvectors. However, this approach can result in the
otential loss of important information related to specific surface
aterials. Specifically, a subsample needs to be relatively small in

rder to significantly reduce computational load, but must also be
ufficiently large so as to adequately capture the statistical varia-
ion in the data set (Du and Fowler, 2008). Image transformations
re also scene dependent, meaning that the derived eigenvectors
re based on the input data. Thus, producing mosaics of spatially
djacent or temporal scenes that are transformed separately is not
ossible, meaning eigenvectors derived from one scene may  not
e appropriate for another. Scene to scene correlation of trans-
ormed data can be accomplished by using the same eigenvectors to
ransform each scene with the assumption that those eigenvectors
epresent all of the spectrally distinct signal sources composing the
ifferent scenes. As image size increases, or multiple flight-lines
spatially or temporally) comprise a given project, the ability to
btain a representative set of eigenvectors for the complete data
et also becomes a difficult task.

A solution to deriving a global set of eigenvectors for large data
ets is provided by eigenspace merging. For a given data set an
igenspace can be defined that includes m p-dimensional obser-
ations, the eigenvectors and eigenvalues, and the mean vector of
he population. Eigenspace merging allows for adding of new infor-

ation to a given sample set, for example as a single observation
r with the addition of a whole new data set (Hall et al., 2000;
ranco et al., 2002). In many cases eigenspace merging was devel-
ped for applications, such as face recognition, where the input
ata comes from potentially different sources (e.g. sensors). The

dea of eigenspace merging is also important when using parallel
rocessing techniques to reduce computational load and increase
rocessing speed (e.g. El-Ghazawi et al., 2002; Yang et al., 2008).
ang et al. (2008) presented an approach specifically designed

or hyperspectral imagery. Their aim was to increase processing
peed using parallel processing by splitting an image into spatial
ubsets, solving eigenspaces independently and finally merging
he spaces using the approach given by Franco et al. (2002). In
heir approach partial eigenvector decomposition was also done,

uch that each subset region was represented by a limited set
f eigenvectors. For merging, the method of Franco et al. (2002)
onsiders the mean values of each eigenspace, which is impor-
ant in classification problems where the mean represents the
servation and Geoinformation 26 (2014) 387–398

center of a cluster of observations in a given class (Hall et al.,
2000).

Eigenspace merging, thus, represents a practical approach
to deal with large, multiple flight-line or temporal hyperspec-
tral data sets. The current study adds to the body of published
work by demonstrating that merging of spatially contiguous
subset eigenspaces can be considered a form of spatial and spec-
tral subsampling that is inherently a noise reducing eigenvector
decomposition, which can be done without the need to estimate
image noise as in the case with the well known MNF  transform
(Green et al., 1988). In addition, it can also be demonstrated that
the approach does not require the mean eigenspace values, which
allows us to develop a simplified merging approach as opposed to
the more mathematically complex version given in Franco et al.
(2002). This simplified approach also addresses the problems out-
lined above when working with large spatial and/or temporal
image data sets. This is accomplished by analyzing the data (sin-
gle image or images) in contiguous equal sized spatial subsets,
where within each subset region a limited number of eigenvec-
tors can be derived that comprise most of the signal information
that best represent the local subset spectral diversity. These sub-
set eigenvectors can be compiled together to form a new vector
data set, which subsequently can be used to derive a global set
of orthogonal eigenvectors that represent the original full data
set.

The objective of this paper is to demonstrate benefits of a
spatial–spectral approach to eigenvector derivation where this
method can be applied to: (1) significantly speed up processing
without parallel processing by using spatial–spectral subsampling;
(2) multiple flight-line surveys or multi-temporal data sets; (3)
derive eigenvectors that are a good representation of the spectral
diversity for the full image data set; and, lastly (4) show that the
method possesses an inherent ability to reduce the effects of noise
and allows for an improved separation of those eigenvectors that
include physically meaningful signal as opposed to those domi-
nated by noise. Two hyperspectral scenes, the first being the well
known AVIRIS Cuprite scene, and the second being 7 HyMap hyper-
spectral flight-lines from Sokolov, Czech Republic, will be used to
demonstrate the approach. The remainder of this paper begins with
the rationale of the approach followed by a description of the details
of the spatial–spectral approach, a description of the data sets used,
the evaluation methods, results and lastly, a discussion and conclu-
sions.

2. Spatial–spectral eigenvector derivation

2.1. Relation to MNF

PCA is an eigenvector transformation method that is commonly
used to determine the underlying statistical dimensionality of an
image (Richards, 1993). This is accomplished by choosing uncorre-
lated linear combinations of the variables (spectral bands), such
that the first few combinations comprise the majority of vari-
ance (spectral) with each subsequent combination encompassing a
smaller variance. What is key to PCA is that the transformation max-
imizes variance of image data where maximum variance is subject
to the constraint that it is uncorrelated with lower order princi-
pal components (PC’s). This analysis does not take into account the
spatial nature of an image.

Although PCA is effective at decorrelating image data, where
compression of image information onto the low order PC’s shows a

steadily decreasing signal-to-noise ratio (SNR), Green et al. (1988)
noted that in some data PCA does not always behave in this manner.
This led to the development of MNF, which differs in that it can be
used to maximize SNR rather than variance. For example, given an
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Fig. 1. Flow chart of SS

mage Z(x) comprising p bands, where x gives the coordinates of
ixel vectors, we can assume that:

(x) = S(x) + N(x) (1)

here S(x) and N(x) are the uncorrelated signal and noise compo-
ents of Z(x). This gives:

ov{Z(x)} =
∑

=
∑

S
+

∑
N

(2)

here �s and �N are the covariance matrices of S(x) and N(x). MNF
equires knowledge of both � and �N, where �N is commonly esti-
ated from the data. If this can be determined, MNF  can minimize

he noise fraction relative to the total variance. Thus, the key to MNF
s estimating the noise fraction (�N), which was  designed to use
ome type of spatial filtering of each input band (Green et al., 1988),
uch as minimum/maximum autocorrelation (MAF) (Switzer and
reen, 1984) that assumes signal at any point is strongly correlated
ith signal at neighboring pixels. In the approach presented in this
aper, we also make use of spatial information, in the form of con-
iguous spatial subsets, for the derivation of eigenvectors. However,
he key difference with MNF  is that the given approach is designed
o maximize S(x) only, with no estimation of �N required. Details
f how this is possible using a subset approach are explained below
nd further demonstrated in Section 5.

.2. Algorithm details

Fig. 1 shows the main steps of the spatial–spectral eigenvector
erivation approach (from here forth referred to as SSEVD). The
rst step is to take an image Z(x), as described above, and divide it

nto q equal sized contiguous image subsets.

(x) = L1(x) + L2(x) + . . . + Lq(x) (3)

here each Li(x) will also comprise uncorrelated signal and noise
omponents,

i(x) = Si(x) + Ni(x) (4)

For each Li(x), we can derive a partial eigenvector decomposi-
ion, such that the subset region is represented by a limited set of
igenvectors Ei(v) that explain the majority of variance. Here v gives
he order of the eigenvectors for the given subset i. If we make the
ssumption that the majority of variance is controlled by signal,

hich is the case for remote sensing images with good SNR, then
e can also make the assumption that:

i(v) ≈ Si(x) (5)
lockwise from top left.

If we compile all Ei(v) for each subset i we  then end up with a
new data set of size p × n (n is the total number of eigenvectors
retained from all subsets). Where,

E(n) ≈ S(x) (6)

As E(n) is in itself just a set of vectors, we can then used it to
derive a final set of orthogonal eigenvectors that does not require
an estimation of the noise component N(x).

Deriving a limited set of eigenvectors from spatially contiguous
subsets can essentially be considered a spatial and spectral subsam-
pling of an image. For example, if we were to calculate the average
spectra for each subset we  can significantly reduce our total sam-
ple set (spatial subsampling). However, averaging the spectra for a
given subset we are limited to first order statistics, in the form of the
average spectra. This is useful in homogeneous regions, but will not
give a good spectral representation of the subset in heterogeneous
regions. To deal with this limitation the spatial subsampling con-
cept is expanded to use eigenvectors, where the advantage is that
we now include second order statistics that are more representative
of the total variance in each subset. This concept is specific to image
data, which includes a high degree of spatial autocorrelation that is
reflected in the data variance. If we choose to use relatively small
subset sizes we can expect the spectral diversity to be small. Thus,
the variance should be controlled by a limited number of materials
and, in turn, can be represented by a limited number of eigenvec-
tors. In addition, as E(n) is considered a noise reduced spatial and
spectral subsampling of the original image Z(x), there is no need to
consider the subset eigenspace mean values, as is the case with the
method presented by Franco et al. (2002).

In SSEVD, the method to determine the number of eigenvectors
to retain per subset is an important consideration. Many differ-
ent approaches have been suggested, some objective (data driven)
and others subjective, with a summary of some of the spectral
based approaches given in Umberto et al. (2009). It is well known
that with remote sensing images with good SNR, the major image
components can be represented by simply retaining the top few
eigenvectors based on a percent of spectral variance. Generally this
assumption can be made for all images regardless of image materi-
als and distribution, image size or the number of bands. However,
this approach will commonly result in missing important spectral
information that is not significant at the global scale, but is distinct
locally. This constraint is particularly problematic for large images,
but it is less subject to failure as the size of the image decreases
and the expected spectral diversity shrinks. Thus, working with

small subsets we  can assume here that setting an eigenvector cutoff
threshold (tEV

%) based on percent of spectral variance the resulting
eigenvectors should successfully explain the majority of variance,
and thus, the full spectral diversity of the given subset.
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Fig. 2. AVIRIS Cuprite hyperspectral data. White squares show the 500 × 500,
400 × 400, 300 × 300, 200 × 200 and 100 × 100 regions to test processing speed
of FI and SSEVD approaches with respect to image size. The small black square
(approximately center right edge) is the subset size (13 × 13) used in the SSEVD
approach.

Fig. 3. Sokolov, Czech Republic, HyMap hyperspectral data. Small white boxes indi-
90 D. Rogge et al. / International Journal of Applied Ea

SVD, like PCA, can derive eigenvectors from image data which
re very efficient in explaining most of the spectral variability of a
iven scene (e.g. Thai et al., 1999). The mathematical basis of SVD
nd its relationship to PCA is well established in the literature (e.g.
olub and Van Loan, 1996) and not discussed further in this paper.
or our SSEVD approach we have chosen to work with SVD to derive
igenvectors, as it is known to be numerically stable. In addition, it
an provide a solution even in the case of highly spectrally corre-
ated data where a “singularity” problem can be encountered and

ethods such as PCA may  fail (Press et al., 1992; Jolliffe, 1986). For
he approach given in this paper a similar implementation of PCA
ould also be developed. It is also noted here that MNF  could be
sed to derive the subset eigenvectors. However, this is considered
edundant as MNF  would still need to estimate the noise fraction
ased on local subset statistics.

For the SSEVD approach there are only two input parameters
equired, subset size and the SVD cutoff threshold (tSVD

%). The
hoice and rational of the input parameters are given in Section
, which will be preceded by a description of the image data sets
sed.

. Data sets

To demonstrate the new approach and assess the results we
ake use of two data sets that differ in 3 important characteristics:

1) the two data sets were acquired from two well-known sensor
ystems with different characteristics (e.g. SNR); (2) the physically
eaningful spectral properties of each data set are different; and,

3) the second data set comprises multiple flight lines, which allows
s to test the approach to reach the 2nd objective of using multiple
ight-line surveys or multi-temporal data sets.

.1. AVIRIS Cuprite

The AVIRIS Cuprite imagery (http://aviris.jpl.nasa.gov/) was
cquired on June 19th, 1997, and has 224 channels covering the
.37–2.51 �m spectral range with an average band Full Width Half
aximum of ∼10 nm and a Ground Instantaneous Field of View

f ∼20 m.  Of the 224 atmospherically corrected channels, we used
67 after removal of channels associated with H2O absorption fea-
ures near 1.4 and 1.9 �m.  For this evaluation a 500 × 500 pixel
egion that includes both eastern and western hydrothermal alter-
tion zones was used (Fig. 2). The Cuprite area is arid with limited
egetation cover, and has excellent mineral exposures comprising
lteration zones characterized by the occurrence of key indicator
inerals (Clark et al., 2003).

.2. HyMap Sokolov

The HyMap airborne data of Sokolov, Czech Republic, was
cquired by HyVista and the Deutsches Zentrum für Luft-und
aumfahrt (DLR) (German Aerospace Center) on August 21, 2010.
he Sokolov data has 125 bands covering the 0.45–2.48 �m spec-
ral range with an average band Full Width Half Maximum of 15 nm
nd a Ground Instantaneous Field of View of ∼4 m.  The data has
een converted from radiance to reflectance and atmospherically
orrected using ATCOR 4 (Richter, 2010). The data is geometrically
orrected, but no cross-track illumination or BRDF correction was
pplied. Of the 125 atmospherically corrected bands, 14 of those
ccurring near the main 1.4 and 1.9 �m atmospheric water absorp-
ion features and noisy bands longer than 2.45 �m were removed
rom the data leaving 110 bands. A total of seven lines were flown,

ach having 512 samples and ranging from 2498 to 5301 lines for

 total of 15,962,624 pixels. A geometrically corrected image of the
ata is shown in Fig. 3. Sokolov is located near the Czech Republic’s
estern border with Germany. The area comprises a mixture of
cate 512 × 512 pixel regions used in the spatial correlation evaluation (see Section
5.2). Large vertical rectangle region is used to show examples of transformed data
for  6 of the 7 flight-lines (see Section 5.2).

forest, lakes, rivers, agricultural land, open pit coal mines and reme-
diation areas, and numerous small urban centers.

4. Evaluation methods

For the evaluation of the SSEVD approach we divide it into
two main parts. The first will use the AVIRIS Cuprite data set to
compare eigenvector derivation applied to a full image (from
here forth referred to as FI) with that of the SSEVD approach.
The second evaluation applies SSEVD to the multiple flight-line

Sokolov HyMap hyperspectral scene. All processes were run with
code generated within the IDL7.0 – ENVI 4.5 environment with
no parallel processing implemented. The SVD process used in this

http://aviris.jpl.nasa.gov/
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respect to percent variance, as using FI; and, (2) the top eigenvectors
derived using tSVD

98 and tSVD
99 threshold values comprise more

spectral variance as a function of eigenvector rank than compared
to those derived from FI, with the exception of the first eigenvector.

Table 1
Cuprite eigenvectors retained for all subsets for tEV

99, tEV
98, tEV

95.

# of subsets retaining SSEVD tEV
99 SSEVD tEV

98 SSEVD tEV
95

1 Eigenvector 1444 1444 1444
D. Rogge et al. / International Journal of Applied Ea

aper is calculated using the SVDC routine available in IDL, which
s based on the routine svdcmp described in Press et al. (1992).

.1. Cuprite data evaluation

Three criteria are assessed with the Cuprite data: (1) processing
peed of FI and SSEVD; (2) comparison of the resulting eigenvec-
ors; and, (3) assessment of the level of signal versus noise in the
esulting transformed images with respect to eigenvalue rank using
patial correlation statistics. For processing speed we test FI and
SEVD using 5 different input image sizes (500 × 500, 400 × 400,
00 × 300, 200 × 200, 100 × 100) (see Fig. 2) and compare the
rocessing time required for both methods. In this experiment the
ubset size for SSEVD is set to 13 × 13 (see Fig. 2). This is based on
he minimum subset size to calculate the SVD for the Cuprite data,
here the number of samples (m)  in the subset must be greater than

 + 1. Using a small subset size is important as we wish to limit the
pectral variance within a subset, such that only a few eigenvectors
re required. The number of eigenvectors retained per subset will
e based on the percent of cumulative variance of the eigenvalues,
r eigenvector cutoff threshold (tEV

%). For the processing speed test,
 tEV

% of 99% will be used.
Next, the resulting eigenvectors from FI and SSEVD are com-

ared for the largest image size (500 × 500). To assess the impact
f using different subset tEV

%, three values were tested (95, 98, and
9 percent of spectral variance). The final number of orthogonal
igenvectors for SSEVD, derived from the second SVD run on the
ompiled eigenvectors, is equal to the number of bands, which is
he same as FI. Here a visual and quantitative comparison, and an
ssessment of spectral variance per eigenvector is made in order
o reveal differences in the approaches. Lastly, spatial correlation
f the transformed images is assessed, where transformed images
hat comprise signal should show a high degree of spatial corre-
ation, whereas those that are dominated by noise should have
ery low (or no) spatial correlation. To quantitatively assess the
patial correlation we use two well known spatial autocorrelation
easures, the Geary’s and Moran’s methods (Griffith, 1987), which

re included in the ENVI 4.5 environment. Geary’s and Moran’s
ethods are approximately inversely related. However, Moran’s

s considered a more global indicator, whereas Geary’s is more
ensitive to differences in small neighborhoods. For both methods
patial correlation is assessed using a 3 × 3 pixel window. For the
eary’s and Moran’s indexes high spatial correlation is associated
ith values near 0 and 1, respectively. For low correlation the val-
es are near 1 and 0, respectively. Negative correlation for Geary’s
re represented by values greater than 1 and for Moran’s values
elow 0.

.2. Sokolov data evaluation

One of the key advantages of SSEVD to be demonstrated is its
bility to run on multiple large images (spatial or temporal) and
roduce a single set of representative eigenvectors that can then
e use to transform each data set. To demonstrate this we  use the

 flight-line Sokolov hyperspectral data set, where the subset size
s set to 11 × 11 (110 band minimum) and the tEV

% is set to 90,
5, 98% of variance. As the Sokolov data comprises 7 flight-lines,
ubset eigenvectors from all flight-lines can be simply compiled
nto a single file just as if they were from a single image. The final
et of orthogonal eigenvectors is used to transform each flight-line
o assess the spatial similarities and differences using Geary and
oran’s spatial autocorrelation. A comparison of SSEVD to FI using
ll 7 flight-lines was not possible because of computational load and
emory constraints required for the FI approach. Thus, to compare

patial correlation on the Sokolov data we run both approaches on
Fig. 4. Image size (given as number of samples for square image data) versus time
(s) for calculating the eigenvectors of the Cuprite data.

two 512 × 512 test regions (see Fig. 3). Spatial autocorrelation for
all 7 flight-lines is only shown for the SSEVD approach.

5. Results

5.1. Cuprite results

Fig. 4 demonstrates the decrease in processing time required
for SSEVD compared with FI using different image sizes (see Fig. 2).
As image size increases the difference in processing speed becomes
significant. Note, changing the tEV

% does not affect the time required
to derive the local eigenvectors. However, the total number of com-
piled vectors does change (Table 1), which effects the time required
to run the second SVD. For the Cuprite data this difference is mini-
mal  and requires only 1 additional second.

The remaining results for the Cuprite data are given for only the
500 × 500 image region. The number of subsets for this image size
is 1444. Table 1 shows the number of local eigenvectors retained
for all subsets using different tEV

%. Using tSVD
99 up to 4 vectors

per subset were retained, but with the majority being 1–3 vectors.
This decreases for tEV

98 and tEV
95, where for tEV

95 essentially only
1 vector per subset is retained.

Fig. 5 shows the difference in percent variance for the top ranked
eigenvectors derived from SSEVD and FI. In this figure, and for
subsequent figures, the eigenvector with the highest rank have an
x-axis label of 1. For FI the variance drops off very quickly before
leveling off. For SSEVD, using tSVD

95, shows a similar profile as FI,
whereas for tEV

98 and tEV
99 a more gradual decrease is observed.

Table 1 and Fig. 5 emphasize two  key points: (1) as fewer eigen-
vectors per subset are retained, SSEVD gives similar results, with
2  Eigenvector 1125 542 20
3  Eigenvector 443 35 0
4  Eigenvector 19 0 0

Total Eigenvectors 3031 2021 1464
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Fig. 5. Eigenvector percent variance as a function of eigenvector rank for FI and
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Fig. 11 shows eigenvector percent variance as a function of rank for

F
f

SEVD approaches using Cuprite data. Only eigenvectors with greater than 99%
ariance are shown.

Fig. 6 shows the complete set of eigenvectors for SSEVD (tEV
99)

nd FI, with Fig. 7 showing the spectral angle (Price, 1994) and
oot mean squared error (RMS) difference between them. Fig. 8
ives a visual of the profiles for the top 10 eigenvectors. These three
gures demonstrate that the top few eigenvectors are similar, but

his similarity decreases with rank. Closer examination of Fig. 6
hows that the lower rank vectors show different characteristics
ith respect to noise, where for FI specific band ranges have high

ig. 6. Eigenvectors derived for the FI (left) and SSEVD (right) (tEV
99) for the Cuprite data. E

rom  top to bottom.

Fig. 7. Spectral angle and RMS  differences between eigenvecto
servation and Geoinformation 26 (2014) 387–398

noise, whereas for SSEVD this is less evident and the noise appears
more uniform across the bands.

The transformed data for the top 10 FI and SSEVD (tEV
99) eigen-

vectors is shown in Fig. 9. As with the vector profiles in Figs. 7 and 8,
there are strong similarities for the first few vector transformations
(1–5) with differences appearing more obvious with increasing
rank (6–10). To better assess the differences we make use of spa-
tial correlation indexes calculated for the FI and SSEVD (tEV

99, tEV
98

and tEV
95) transformed data (Fig. 10). It is evident from Fig. 10 that

the lower ranked transformed bands for SSEVD using tEV
95, tEV

98

and tEV
99 have index values closer to zero and negative compared

with FI. In addition, the FI values show a higher degree of fluctu-
ation. The implication here is that lower ranked eigenvectors for
SSEVD appear to have minimal spatial correlation and are domi-
nated by noise, whereas FI has a higher degree of spatial correlation
suggesting potential signal.

5.2. Sokolov results

SSEVD was successfully run on the 7 flight-line Sokolov HyMap
image data (15,962,624 total pixels), where the processing times
required using tEV

98, tEV
95 and tEV

90 were 1384, 1337 and 1299 s,
respectively. As the total number of compiled subset eigenvec-
tors for the Sokolov data is significantly higher compared to the
Cuprite example, there is a more noticeable time difference for
each threshold value. However, this difference is within about 6%.
the two  512 × 512 test regions (see Fig. 3) and for all 7 flight-lines
(SSEVD only). The results in each plot show similar characteristics
between the pixel regions and for all 7 flight-lines. In addition, the

ach row is an eigenvector (brightness reflects higher values), where rank decreases

rs derived from FI and SSEVD (tEV
99) for the Cuprite data.



D. Rogge et al. / International Journal of Applied Earth Observation and Geoinformation 26 (2014) 387–398 393

Fig. 8. Top 10 eigenvector profiles for the 500 × 500 Cuprite image size showing comparison of results from the FI versus SSEVD (tEV
99) approaches.

Fig. 9. Top 10 eigenvector transformation images comparing results from the FI versus SSEVD (tEV
9) approaches for the Cuprite data.
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Fig. 10. Cuprite (500 × 500 pixel region) Geary’s (top) and Moran’s (bottom) spatial
correlation indexes for FI and SSEVD (tEV

95, tEV
98, and tEV

99) versus eigenvector rank
transformed images (every 10th rank shown). Insets show values for transformed
i
n

r
w
w
a

t
i
h
l
b
t
t
r
f
t
r

T
S

mages with rank 50–167. Degree of spatial correlation: Geary’s – positive = 0, no = 1,
egative = 2; Moran’s – positive = 1, no = 0, −1 negative (Griffith, 1987).

esults are also similar to that observed with the Cuprite example,
ith respect to FI and SSEVD using different threshold values. Thus,
e can assume that FI would show similar characteristics if it was

pplied to the 7 flight-lines.
For the Sokolov data the top eigenvectors derived using each

EV
% are similar, with differences increasing with rank (Fig. 12). This

ndicates that using different tEV
% (and SSEVD as a whole) does not

ave a large impact on the top eigenvectors. The main difference
ies in those eigenvectors that contain more subtle signal and may
e intermixed with those that represent noise variance. To assess
his we must again consider the spatial correlation results for the
wo test regions and for all 7 flight-lines (Fig. 13). For A and B test
egions FI shows higher spatial correlation and more fluctuation

or the lower ranked eigenvectors (>40) compared with SSEVD at
EV

90 and tEV
95. On the other hand tEV

98 shows only slightly better
esults than compared to the FI results. Based on the results given in

able 2
okolov eigenvectors retained for all subsets for tEV

99, tEV
98, tEV

95.

# of subsets retaining SSEVD tEV
99 SSEVD tEV

98 SSEVD tEV
95

1 Eigenvector 130,226 130,226 130,226
2  Eigenvector 122,907 77,679 1503
3  Eigenvector 29,214 26,646 20
4  Eigenvector 1635 0 0
5  Eigenvector 13 0 0

Total Eigenvectors 546,995 234,551 131,749
Fig. 11. Sokolov data eigenvector percent variance as a function of eigenvector rank
for FI and SSEVD approaches. Top 10 eigenvectors shown.

Table 2 and Figs. 11 and 13, a threshold less than tEV
98, but greater

than tEV
95 may  be more optimal for this data.

Fig. 14 shows a section crosscutting 6 of the 7 flight-lines
(see Fig. 3) and demonstrates how SSEVD can effectively work on
multiple flight-lines where spatial correlation of the transformed
flight-lines continues across all lines. This figure includes a true
color RGB reflectance image for reference (Fig. 14, left) with three
other RGB combinations representing the top 9 eigenvector trans-
formations. These combinations highlight a high level of spectral
variability within forested, agricultural, mine, and urban areas.
However, bidirectional reflectance distribution function (BRDF)
effects visible in the reflectance image also show up to some extent
in the transformed data, which is not unexpected.

6. Discussion

6.1. Input parameters

%
For SSEVD there are two input parameters, subset size and tEV .
For the subset size, as noted above, the minimum number of sam-
ples must be greater than p + 1. In this paper the minimum subset
size was  use for both data sets (13 × 13, 11 × 11), both of which
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ing c
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Fig. 12. Top 10 eigenvector profiles for the 7 flight-line Sokolov data show

roduced good results. However, subset size could also reflect the
patial characteristics and the distribution of the various materi-
ls in the scene. For example, a larger subset size could be used
n the analysis of images characterized by large homogeneous pat-
erns (e.g. agricultural region). On the other hand, more spatially
omplex images (e.g. urban regions) may  benefit from using the

inimum subset size. In our two examples we use hyperspectral

ata, which results in a large minimum subset size compared with
maging systems with a limited number of bands. For multispectral
ata it is likely that using the minimum size may  not be appropriate

ig. 13. Sokolov (pixel regions A, B and for all 7 flight-lines) Geary’s and Moran’s spati
ank  transformed images (every 5th rank shown). Insets show values for transformed im
egative  = 2; Moran’s – positive = 1, no = 0, −1 negative (Griffith, 1987).
omparison of results for the SSEVD approach using tEV
95, tEV

98, and tEV
99.

(e.g. 3 × 3) as the limited number of pixels may not allow for a large
enough statistical distribution to obtain representative local eigen-
vectors. This, and other aspects of applying SSEVD to multispectral
systems, is an avenue of future research. However, it is noted that
the spatial implementation of the SSEVD approach makes it partic-
ularly attractive to process spatially large multispectral scenes.

100
The maximum eigenvector cutoff threshold (tEV ) will retain
as many vectors as bands per subset. However, this is not physically
realistic as the number of surface material within the given subset
size is likely much smaller. Thus, the majority of the vectors can be

al correlation indexes for FI and SSEVD (tEV
90, tEV

95, and tEV
8) versus eigenvector

ages with rank 40–110. Degree of spatial correlation: Geary’s – positive = 0, no = 1,
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ig. 14. Sokolov SSEVD eigenvector transformation (tEV
95) RGB combinations for a 

ttributed to noise and will have an adverse effect on the process. A
inimum threshold will result in only one vector per subset. This
as essentially the case for tEV

95 and tEV
90 used for the Cuprite and

okolov data, respectively. In both cases the results showed similar
haracteristics as FI, with respect to the percent spectral variance
ttributed to each eigenvector. This is attributed to the fact that
he first eigenvector for each subset region is commonly related to
he relative albedo of the dominant surface component. In addition,
ith this type of data the first eigenvector commonly has a similar

hape to the average spectra for the same subset region. Thus, in
he case where only the first eigenvector is retained in each sub-
et, the dominant characteristic of the compiled eigenvector space
s controlled by albedo, which is also the case for the reflectance
mage.

With respect to spatial correlation in the transformed images,
etaining one eigenvector per subset did result in lower and more
onsistent spatial correlation index for lower rank bands. This indi-
ates a good separation between eigenvectors dominated by signal
nd those with by noise. However, retaining only one vector per
ubset may  result in the loss of less dominant surface materials.
hus, the use of higher tEV

% will improve the prospect of retaining
ll surface materials, yet is still effective at separating signal and
oise as shown in the given experiments.

In the case of the Cuprite and Sokolov data sets the optimal
EV

% were not the same. For Cuprite a value of tEV
99 or tEV

98

howed better results, whereas for Sokolov the value was  tEV
95.

his may  reflect the characteristics of the images, such as the spa-
ial distribution and spectral variability of the surface materials.
owever, to note, in each case the more optimal tEV

% resulted
n about the same number of eigenvectors per subset retained
1–3) for subset sizes of 13 × 13 and 11 × 11. This may  indicate
hat given a small subset window it is likely that only a small
umber of eigenvectors is required to explain the local spectral

ariability, which was an initial assumption of SSEVD. Determining
he optimal tEV

% for each data set can be accomplished through
he use of initial tests, where applying SSEVD on a selection of
mall test regions, as was  done with the Sokolov example, can
 region of 6 of the 7 flight-lines (see Fig. 3) with left image showing true color RGB.

give the user a quick idea of an appropriate tEV
%. In this demon-

stration we choose to use percent of spectral variance, which is
quite a simple approach. Other, more advanced methods, such as
older, but well known Akaike information criteria (AIC) (Akaike,
1974) and minimum description length (MDL) (Rissanen, 1978),
or the more recent Harsanyi–Farrand–Chang (HFC) (Chang and Du,
2004) and eigenvalue likelihood maximization (ELM) (Andreou and
Karathanassi, 2013) could also be used and may  further improve
the results of SSEVD. However, integration must consider a bal-
ance between increased complexity and computational load versus
improvement.

6.2. Implications on estimating dimensionality and endmembers

The final set of eigenvectors derived from SSEVD are similar to
those derived using FI, specifically for those with high rank, even
though the associated percent variance attributed to the vectors
are different. This has implications for methods such as endmem-
ber extraction or estimating dimensionality. For example, if one
makes use of the percent variance attributed to each eigenvec-
tor to determine the number of endmembers or dimensionality
within a given scene, SSEVD will result in a higher dimensionality
or number of endmembers (assuming more than one eigenvector
per subset is retained). This may  indicate that the existing methods
that use percent variance may be underestimating the dimension-
ality or the number of endmembers in a given image. If this is the
case one may  also speculate that SSEVD will result in a better rep-
resentation of the various surface materials in the scene. If more
advanced dimensionality estimation methods are used (e.g. HFC
or ELM) this may  or may  not be the case, and thus, this is avenue
for further research. One endmember extraction method has addi-
tional implications based on the work presented in this paper. The
spatial spectral endmember extraction tool (SSEE), developed by

similar authors, uses the same approach to derive subset eigen-
vectors, which are used to project the data and select candidate
endmembers (Rogge et al., 2007, 2012). Thus, the derivation of sub-
set eigenvectors shows that the inherent design of SSEE makes it
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ess susceptible to noise, which was not discussed in the two earlier
apers on SSEE.

.3. Processing load

Overall SSEVD was shown to be significantly faster than FI,
here this difference increases with larger images. For SSEVD the

otal time required is controlled by the derivation of local eigen-
ectors. If tEV

% is increased, the number of compiled local vectors
ncreases as well. However, even in this case deriving the final set of
igenvectors requires minimal additional time. We  did not demon-
trate the effect of using larger subset sizes in this paper. However,
ased on earlier work with SSEE (Rogge et al., 2007, 2012), which
enerates local vectors in the same fashion, subsets up to twice the
inimum size have minimal effect on processing time. If signifi-

antly larger subsets are used then processing time can increase
ubstantially, but as subset size increases, the advantages of the
patial approach are lost.

The design of SSEVD allows it to run easily on data sets that
nclude multiple images. This was demonstrated with the 7 flight-
ine Sokolov data set. As noted in Du and Fowler (2008) subsampling
f an image needs to be relatively small in order to significantly
educe computational load, but must also be sufficiently large so
s to adequately capture the statistical variation in the data set.
ethods that use partial sampling (e.g. random, stratified, system-

tic, cluster (Congalton, 1991)) physically remove data and run the
isk of not having a statistical representation of the data or even
issing materials altogether that have a limited distribution in a

iven scene. With the SSEVD approach the input data is still the full
ata set, where subsampling uses instead contiguous spatial sub-
ets that are represented by a limited number of eigenvectors. This
patial and spectral subsampling approach also has implications
ith respect to temporal data sets where images may  be constantly

dded over time. In this case SSEVD can archive the existing subset
igenvectors and if new images are acquired, new subset vectors
an simply be generated and added to the archive to derive a new
et of final eigenvectors. This significantly minimizes the need to
eprocess data as new data is acquired. In addition, comparing the
pdated eigenvector set to the old set may  be particularly useful
or applications related to change detection.

The implementation of SSEVD given here did not include parallel
rocessing. However, the spatial design of SSEVD makes it partic-
larly suited for parallel processing, where processing speed can
e further improved. Combining the SSEVD approach with parallel
rocessing will be particularly advantageous for processing very

arge quantities of data from more commonly available airborne or
paceborne surveys. Implementation of the SSEVD approach using
arallel processing techniques is being investigated.

. Conclusions

This paper has presented a spatial–spectral approach to gener-
ting high quality eigenvectors (SSEVD) for image transformations.
he spatial–spectral approach was shown to be significantly faster
han running the same process on the full image data simulta-
eously. This improved processing speed is accomplished without

oss of quality of data and the approach is well suited to work with
ery large spatial and/or temporal data sets. The results shown here
lso demonstrated that the approach possesses an inherent ability
o reduce the effects of noise from image data, such that the result-
ng orthogonal eigenvectors are better separated into those that

epresent signal, including rare signal sources, as opposed to noise.
his is accomplished without the need to estimate noise, or con-
ider the mean value of the subset eigenspaces. This approach also
as important implications for estimating intrinsic dimensionality
servation and Geoinformation 26 (2014) 387–398 397

and the number of endmembers within a scene. Lastly the approach
is well suited to make use of parallel processing method so that it
can work effectively with increasingly large data sets, such as those
that will become available with the launch of new hyperspectral
satellites.
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