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A hyperspectral image endmember extraction algorithm
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Generalized morphological operator can generate less statistical bias in the output than classical morphological opera-
tor. Comprehensive utilization of spectral and spatial information of pixels, an endmember extraction algorithm based
on generalized morphology is proposed. For the limitations of morphological operator in the pixel arrangement rule
and replacement criteria, the reference pixel is introduced. In order to avoid the cross substitution phenomenon at the
boundary of different object categories in the image, an endmember is extracted by calculating the generalized open-
ing-closing (GOC) operator which uses the modified energy function as a distance measure. The algorithm is verified
by using simulated data and real data. Experimental results show that the proposed algorithm can extract endmember

automatically without prior knowledge and achieve relatively high extraction accuracy.
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Hyperspectral imaging technology is widely used for re-
mote sensing to obtain the spatial and spectral domain
information simultaneously by collecting dozens or even
hundreds of bands of spectral data from the same surface
area using spectrometert' ™. Earth’s natural surface is
rarely composed of homogenous materials. When the
same pixel contains different spectral properties of the
material, it can be referred to mixed pixel®. Endmember
extraction is necessary before mixed pixel decomposition
in linear mixed model!”. The endmember as prior knowl-
edge of mixed pixel decomposition is obtained®. End-
member spectrum is used as reference spectrum in the
process of decomposition of mixed pixels and directly
affects the precision of the results of decomposition of
mixed pixels””. The commonly used methods for acquir-
ing endmember spectrum are pure pixel index (PPI),
N-FINDR algorithm, vector component analysis (VCA),
iterative error analysis (IEA), etc. These methods only
consider the spectral information, while ignor the spatial
correlation between pixels'”. Automated morphological
endmember extraction (AMEE)"""'"? is introduced to re-
flect the morphological operator space correlation infor-
mation between pixels in the hyperspectral image proc-
essing, and its endmember extraction performance is
enhanced. Dilation operation in AMEE is applied to the
boundary of different object categories in the image, and
the phenomenon of cross substitution occurs. For the
limitations existing in AMEE algorithm, the calculating

method for the key parameter, i.e., reference pixel, is
presented, and the modified energy function (EF) of the
regularization is introduced. The endmember is extracted by
calculating the generalized morphological opening-closing
operator which uses modified EF as distance measure. The
proposed algorithm is hereafter referred to the generalized
morphological end-member extraction (GMEE). Simula-
tion results demonstrate that the proposed method can
precisely extract the endmember.

The EF, which is used for the energy measurement of
adjacent pixels!'”), contains space comparative information
of image. Considering the N dimensional spectral vectors
S=[si, 825", SiN]T and s=[s;1, 552, S/N]Ts EF of s; and s;
can be represented as

EF(s,,s,) = dist;'(s,,s ) exp[—dist; (s,,5,)] , )
where dist, is the mixed distance, namely dist,(s,,s;) =

N
Z|ka _ka| , and dist, is the Euclidean distance, namely
k=1

=

dist,(5,5,) =13 (s, =5,/

Some of the commonly used measures to characterize
the two spectral similarity distance measures include the
spectral angle distance (SAD), Euclidean minimum dis-
tance (EMD), spectral information divergence (SID),
mahalanobis distance (MD), etc. Modified energy func-
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tion (MEF) is introduced to calculate the distance.
Euclidean distance dist, in the EF is replaced by Maha-
lanobis distance dist; with the regularization term. The
regularization term is added into the covariance matrix,
which can improve the stability of calculation of the in-
verse matrix of covariance matrix and is suitable for
smaller samples!'. There is a complex correlation be-
tween pixel spectral bands. Mahalanobis distance not
only considers the distance between spectra, but also can
eliminate the interference of the correlation between
spectral bands. Therefore, the effect of Mahalanobis dis-
tance as the distance measure is better than that of
Euclidean distance. MEF can be written as

MEF(s,,s,) = dist;'(s,,s,) exp[—dist} (s,,s )] , 2)

where the Mahalanobis distance with the regularization term

1
is dist,(s,,s,)={(s,—s,) [cov(s,,s,)+ AIT"(s,—s,)}>, A
is regularization coefficient, which is a very small posi-
tive number, 7 is a unit matrix, and cov(a, b) is covari-
ance.

Mathematical morphology which was founded by the
French mathematician G. Matheron and J. Serra in the
mid-1960s is a nonlinear image processing technology
based on the lattice theory and topology. The size and
shape of structural elements both affect the spatial in-
formation extraction of morphology image!'”. Compared
with classical morphological operator, the generalized
morphological operator uses two structure elements with
different sizes to generate less statistical bias in the out-
put'® and thus improves endmember extraction per-
formance. Generalized morphological operator can
process the whole spectral vector!'”. The generalized
opening-closing (GOC) operator and the generalized
closing-opening (GCO) operator can be written as!'®!

GOC,- (f (x,¥)) = (foB gB, ), (x,y) , 3)

GCO,y (f (x,)) = (f2B0B,),(x,y) , (4)

where o is morphological opening operation, g is mor-
phological closing operation, f{x, y) is N dimensional
spectral vector, and (x, y) is space coordinates. B; and
B, are structure elements, and space size of B, is big-
ger than that of B;. D(f(x,y),B,)= MEF(f(x,y),C}),

1 . .
C, :ﬁzzf(w)’ V(s,0)e B, i=1, 2, M is the

number of pixels in structure elements B;.

In general, the GOCyr value of pure pixel is the
maximum and GOC,gr is approximately equal to zero,
while the GOC)r value of mixed pixel is the maximum
and GOC,gr is approximately equal to zero.

AMEE algorithm extracts pure pixel and mixed pixel
by dilation and erosion operations. However, the dilation
operation can not guarantee that the pure pixel covers the
mixed pixel, and the erosion operation can not guarantee
that the mixed pixel covers the pure pixel, since the vec-
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tor with the maximum distance in the dilation operation
of structural element is often the most isolated spectral
vector in spectral feature space, rather than pure pixels.
Similarly, the vector with the mininum distance in the
erosion operation of structural element is the central
spectral vector of data cloud in spectral feature space.
Therefore, when the dilation operation is applied on the
boundary of different object categories in the image, the
phenomenon of cross substitution occurs, namely, grat-
ing effect!!”. In order to avoid cross substitution phe-
nomenon, the reference pixel is introduced. The pixel
vector with maximum value of GOC)r is defined as the
reference pixel, which is located in the center of data
cloud in spectral feature space. The substitution rule of
pixel in structure element is modified on the basis of
GOC)gr. The modified GOC' g is expressed as

GOC, (f(x,) = (foBgB,),(x,y), (%)

where D'(f(x,),B)=MEF(f(x,y).e(j.k)), and the
reference pixel e(j, k) can be expressed as

e(J,k) = argmin(( fgB,0B,),(x, ). (6)

Endmember extraction steps are described as follows.
(1) Use the method of virtual dimensionality (VD)?" to
estimate the number of endmembers as the termination
condition of the algorithm. When the number of ex-
tracted endmembers reaches the estimated number of
endmembers, the operation is ended. (2) Set space sizes
of structure elements B; and B,. (3) Compute the refer-
ence pixel e(j, k) in the whole image. (4) Calculate
GOC' i on each pixel in the image used for endmember
extraction. (5) Put the pixel of the maximum value of
GOC' iz as endmember. (6) Set GOC'yr of similar pix-
els of the acquired endmember to zero in order to elimi-
nate the effect of the acquired endmember. (7) Repeat
step (4) if the termination condition of step (1) is not
satisfied.

The SAD is used to measure the accuracy.

For the ith endmember, SAD is defined as

T

S5, )
Is" (IS
where S is the true endmember spectrum, and S is esti-
mated value of S.

Four linearly independent endmember spectra (alunite,
buddingtonite, calcite and kaolinite) are selected from
United States Geological Survey (USGS) mineral spec-
tral library and mixed according to the Dirichlet distribu-
tion and the normalization of sum of endmember abun-
dances. Different white noises are added to generate the
simulation experimental data. The number of bands is 50,
and the image size is 256 pixel x 256 pixel.

Fig.1 shows the performance evaluation of the end-
member extraction by GMEE, AMEE and VCA algo-

SAD, = cos™(

i
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rithms under different signal to noise ratios (SNRs). The
anti-noise experiments are performed at SNR of o
(without noise), 30 dB, 20 dB and 10 dB, respectively.
GMEE algorithm uses the square structure elements of
B(3%x3) and B,(5x5). SAD represents the mathemati-
cal expectation of SAD. It can be seen from Fig.1 that
when the SNR decreases, the results of three kinds of
algorithms get worse. The performance of GMEE algo-
rithm is better than that of the other two algorithms in
terms of endmember extraction.
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Fig.1 Performance of the endmember extraction by
GMEE, AMEE and VCA algorithms at different noise
intensities

The real hyperspectral image data collected by air-
borne visible/infrared imaging spectrometer (AVIRIS) in
1995 for cuprite mining district of Nevada in United
States is used for performance evaluation. As shown in
Fig.2, the image containing 400 pixel X350 pixel and 50
bands (1.99-2.48 um) ranging from 172 to 221. 49 bands
is used in the experiment, and the atmospheric absorption
band of 221 is removed. The actual image size is 13.3
MB.

W

Fig.2 AVIRIS image data in cuprite region (183 band)

GMEE algorithm uses the square structure elements of
B1(3%3) and B,(5%5). Tab.1 gives the similarity between
the endmembers of 5 kinds of common minerals in cu-
prite region and the reference spectra of their actual cor-
responding objects by GMEE, AMEE and VCA algo-
rithms. As can be seen from Tab.1, compared with the
other two algorithms, GMEE algorithm which makes full
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use of the spatial and spectral information further im-
proves the purity of the extracted endmember by using
the generalized morphological methods.

Tab.1 Comparison for the cuprite dataset

Av-
Bud-

Algo- . . . Kao- Mus- erage
. Alunite ding-  Calcite . K o
rithm . linite covite simi-

tonite .
larity

GMEE 0.042 0.121 0.125  0.069  0.068  0.085
AMEE 0.052 0.136 0.145  0.070  0.071 0.094
VCA 0.089 0.108 0.138 0234 0.078  0.142

In this paper, based on the study of AMEE algorithm,
an endmember extraction method of hyperspectral image
is proposed based on generalized morphological operator.
In order to ensure the correct replacement, the reference
pixel is introduced, and the MEF is used as the distance
measure from the pixel arrangement rule and replace-
ment criteria in structural elements. The GMEE algo-
rithm is proposed by combining the spectral and spatial
information, and the correlation of spectral bands is con-
sidered. The experimental analysis by simulated data and
real data indicates that the proposed method can improve
the accuracy of endmember extraction.
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