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ABSTRACT

This paper develops a noise-robust spatial preprocessing
module which can be used prior to spectral unmixing of re-
motely sensed hyperspectral images. The method first derives
a spatial homogeneity index which is relatively insensitive to
the noise present in the original hyperspectral data. Then, it
fuses this index with a spectral-based classification, obtaining
a set of pure regions which are used to guide the unmix-
ing process. An experimental comparison of the proposed
method with other spatial-spectral unmixing approaches is
conducted using both synthetic and real hyperspectral data
collected by the Airborne Visible Infra-Red Imaging Spec-
trometer (AVIRIS). Our experiments indicate that spectral
unmixing can benefit from the proposed pre-processing ap-
proach, in particular, when the noise level present in the
original hypespectral scene is relatively high.

1. INTRODUCTION

Spectral unmixing is an important task in remotely sensed
hyperspectral data exploitation [1]. Let us assume that a re-
motely sensed hyperspectral scene with n bands is denoted
by X, in which the pixel at the discrete, spatial coordinates
(i, j) of the scene is represented by a feature vector given
by X(i, j) = [x1(i, j), x2(i, j), · · · , xn(i, j)] ∈ �n, and �
denotes the set of real numbers corresponding to the pixel’s
spectral response xk(i, j) at sensor channels k = 1, . . . , n.
Under the linear mixture model assumption, each (possibly
mixed) pixel vector in the original scene can be modeled us-
ing the following expression:

X(i, j) =

p∑

z=1

Φz(i, j) · Ez + n(i, j), (1)

where Ez denotes the spectral response of the z-th pure
spectral signature (endmember) participating in the mixture,
Φz(i, j) is a scalar value designating the fractional abundance
of the z-th endmember at pixel X(i, j), p is the total number
of endmembers, and n(i, j) is a noise vector. Two physical

constrains are generally imposed into the model described in
(1), these are the abundance non-negativity constraint (ANC),
i.e., Φz(i, j) ≥ 0, and the abundance sum-to-one constraint
(ASC), i.e.,

∑p

z=1 Φz(i, j) = 1 [2].

Over the few years, many techniques have been developed
for spectral-based endmember extraction [3] but only a few
methods have been designed under the assumption that spa-
tial information can help in the process of extracting spectral
endmembers. Techniques include automatic morphological
endmember extraction (AMEE) [4], spatial-spectral endmem-
ber extraction (SSEE) [5], spatial preprocessing (SPP) using a
sliding-window approach [6], and a region-based spatial pre-
processing (RBSPP) approach [7]. The first two approaches
are endmember extraction algorithms themselves, while the
latter two approaches are preprocessing modules that can be
combined with any other spectral-based endmember extrac-
tion algorithm. Although these approaches have been shown
in previous work to be effective in spatial-spectral characteri-
zation prior to spectral unmixing, their performance is gener-
ally sensitive to noise.

In this work, we propose a noise-robust spatial prepro-
cessing (NRSPP) module which can be used in combination
with available endmember extraction algorithms. The method
first derives a spatial homogeneity index which is relatively
insensitive to the noise present in the original hyperspectral
data. Then, it fuses this index with a spectral-based classi-
fication, obtaining a set of pure regions which are used to
guide the endmember searching process. The remainder of
the abstract is organized as follows. In section 2, we describe
the proposed method in step-by-step fashion using a synthetic
hyperspectral image to illustrate the outcome of each step. In
section 3, we provide an experimental comparison of the pro-
posed method with other spatial-spectral approaches such as
AMEE, SSEE, SPP and RBSPP using both synthetic and real
hyperspectral data collected by the Airborne Visible Infra-
Red Imaging Spectrometer (AVIRIS) [8]. This section also
includes future research lines.
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Fig. 2. Gaussian filtering of the synthetic hyperspectral image
in Fig. 1

2. NOISE-ROBUST SPATIAL PREPROCESSING
(NRSPP)

In order to describe the proposed approach in step-by-step
fashion, we use a 100 × 100-pixel synthetic hyperspectral
scene. Fig. 1 shows the spectra of the U.S. Geological Sur-
vey (USGS)1 signatures used in the simulation of the syn-
thetic scene. The abundance maps associated to each refer-
ence USGS signature are also displayed in Fig. 1, where black
color indicates 0% abundance of the corresponding mineral,
white color indicates 100% abundance of the mineral. The
fractional abundances in each pixel of the scene sum to unity.
Zero-mean Gaussian noise was added in different signal to
noise ratios (SNRs) –from 30:1 to 110:1– to simulate contri-
butions from ambient and instrumental sources, following the
procedure described in [9]. The proposed NRSPP method can
be described in step-by-step fashion as follows:

1. Multi-scale Gaussian filtering. First, we apply multidi-
mensional Gaussian filtering using different values of
parameter σ, which results in different filtered versions
X1, X2, · · · , Xl of the original hyperspectral image X.
Here, parameter l determines the number of levels, and
higher σ values lead to more spatial smoothing. Fig. 2
shows the outcome of applying Gaussian filtering (with
l = 3) using different values of σ for the synthetic im-
age simulated with SNR=70:1.

2. Spatial homogeneity calculation. Next, we calculate
the root mean square error (RMSE) between the orig-
inal image X and each of the filtered images in the set
{Xi}

l
i=1. Figs. 3(a-c) respectively show the outcome of

calculating Δ1 = RMSE(X, X1), Δ2 = RMSE(X, X2)
and Δ3 = RMSE(X, X3) for the synthetic image with
SNR=70:1. Then, for each pixel at spatial coordi-
nates (i, j) in the hyperspectral image X, we cal-
culate a spatial homogeneity index as the average
value of the corresponding values in {Δi}

l
i=1, i.e.,

1http://speclab.cr.usgs.gov/spectral-lib.html

Table 1. SA scores measured after applying several endmem-
ber extraction algorithms to the synthetic scene in Fig. 1.

Algorithm SNR=30:1 SNR=50:1 SNR=70:1 SNR=90:1 SNR=110:1
OSP 2.001 0.275 0.170 0.166 0.177
SPP+OSP 1.977 0.368 0.237 0.232 0.232
RBSPP+OSP 2.023 0.392 0.378 0.308 0.388
NRSPP+OSP 1.996 0.291 0.181 0.179 0.190
AMEE 6.170 5.133 4.362 4.361 4.361
SSEE 2.002 0.554 0.235 0.850 0.242

S(i, j) = 1
l

∑l

i=1 Δi(i, j). Figs. 3(d-h) respectively
show the spatial homogeneity images obtained for the
synthetic image with SNR values ranging between
30:1 and 110:1. As shown by Figs. 3(d-h), the spatial
homogeneity calculation is robust in the presence of
noise.

3. Spectral classification. In parallel to the first two steps,
we perform a spectral-based unsupervised classifica-
tion of X. Here, we simply used the ISODATA al-
gorithm applied to a transformed version of the orig-
inal image obtained using the minimum noise fraction
(MNF) transform [10], where the number of compo-
nents retained was set to p, the number of endmembers
in the input data, estimated using the virtual dimen-
sionality (VD) concept [11]. For the ISODATA algo-
rithm, the minimum number of classes was set to p and
the maximum number of classes was set to 2p, which
empirically resulted in good results. Fig. 3(i) shows
the spectral classification result for the synthetic image
with SNR=70:1.

4. Fusion. For each cluster in the spectral classification
map, a subset of spatially homogeneous pixels are se-
lected. Parameter α ∈ [0, 100] defines the percentage
of pixels that will be selected per cluster. For selec-
tion, pixels are ranked according to increasing values of
S(i, j). The selected pixels for each cluster are now av-
eraged, then we apply the orthogonal subspace projec-
tion (OSP) algorithm [9] over the averaged signatures
in order to select the most extreme clusters and remove
the clusters with mixed pixels. Fig. 3(j-n) shows the
clusters obtained from the image with SNR=70:1 after
considering values of α from 50 to 90.

Finally, endmember extraction is applied to the retained
pixels after the NRSPP procedure above by assuming that, ev-
ery time an endmember pixel is selected from a certain clus-
ter, all remaining pixels in the same cluster are excluded from
the endmember searching process. The outcome is a set of
p endmembers (extracted in this work using the OSP algo-
rithm).

3. EXPERIMENTAL RESULTS

Two different metrics have been used as performance indica-
tors. The first one is the spectral angle (SA) [1] between each

1288



Fig. 1. USGS signatures (top) and fractional abundances (bottom) considered for generating a synthetic hyperspectral scene.

(a) Δ1 = RMSE(X, X1) (b) Δ2 = RMSE(X, X2) (c) Δ3 = RMSE(X, X3)

(d) SNR=30:1 (e) SNR=50:1 (f) SNR=70:1 (g) SNR=90:1 (h) SNR=110:1

(i) Spectral classification (j) α = 50 (k) α = 60 (l) α = 70 (m) α = 80 (n) α = 90

Fig. 3. (a) RMSE(X,X1) for the image with SNR=70:1. (b) RMSE(X,X2) for the image with SNR=70:1. (c) RMSE(X,X3) for
the image with SNR=70:1. (d-h) Spatial homogeneity scores for different SNR values. (i) Spectral classification of the image
with SNR=70:1. (j-n) Regions obtained after fusing (f) and (i) considering different values of α.

OSP (0.129) SPP+OSP (0.165) RBSPP+OSP (0.085) NRSPP+OSP (0.067) AMEE (0.265) SSEE (0.101)

Fig. 4. Errors measured for various endmember extraction algorithms after reconstructing the AVIRIS Cuprite scene.
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Table 2. RMSE scores measured after applying several end-
member extraction algorithms to the synthetic scene in Fig.
1.

Algorithm SNR=30:1 SNR=50:1 SNR=70:1 SNR=90:1 SNR=110:1
OSP 0.3469 0.0372 0.0084 0.0066 0.0063
SPP+OSP 0.3498 0.0423 0.0149 0.0132 0.0132
RBSPP+OSP 0.3469 0.0372 0.0087 0.0070 0.0059
NRSPP+OSP 0.3464 0.0363 0.0068 0.0050 0.0047
AMEE 0.4767 0.3294 0.3190 0.3187 0.3187
SSEE 0.3472 0.0439 0.0075 0.0282 0.0090

extracted endmember and the set of available USGS ground-
truth spectral signatures. The lower the SA, the better the re-
sult. The second one is the RMSE between the original and a
reconstructed version of the hyperspectral scene [6], obtained
using the ASC and ANC-constrained linear mixture model
in (1). Table 1 shows the SA scores (in degrees) between
the reference USGS mineral spectra and their corresponding
endmember pixels extracted by several endmember extraction
algorithms from the synthetic scene in Fig. 1 simulated with
different SNR values. Parameter values have been carefully
optimized for all considered methods. As shown by Table 1,
the NRSPP does not provide the best SA scores but always
provides very competitive results for all considered SNR val-
ues. On the other hand, Table 2 shows the RMSE scores af-
ter reconstructing the synthetic scene (simulated with differ-
ent SNR values) using the endmembers extracted by several
methods. Table 2 indicates that the NRSPP provides the best
overall results (lower RMSE values) regardless of the con-
sidered SNR. Finally, Fig. 4 shows the error maps obtained
after reconstructing the well-known AVIRIS Cuprite scene2

using p = 19 endmembers extracted by different methods
(this value of p was estimated with the VD concept). Fig.
4 reveals that the application of NRSPP as preprocessing re-
sults in more robust reconstruction results than those found
by using other methods.

4. CONCLUSIONS AND FUTURE RESEARCH

We have developed a new spatial-spectral pre-processing
method which can be used prior to endmember extraction and
spectral unmixing of remotely sensed hyperspectral images.
The proposed method shows some advantages over other ex-
isting approaches, in particular, when the noise level in the
hyperspectral data is relatively high. Additional experiments
exploring the combined use of pre-screening methods to filter
out mixed pixels with the proposed method will be conducted
in future research.
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