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Hyperspectral subpixel target detection based on extended

mathematical morphology

Liu Chang, Li Junwei
(Science and Technology on Optical Radiation Laboratory, Beijing 100854, China)

Abstract: A hyperspectral subpixel target detection algorithm was proposed based on extended
mathematical morphology and spectral angle mapping. The spectral and spatial information had been used
to locate and detect targets under the condition that prior knowledge of targets and background was
unknown. Then hyperspectral subpixel targets was detected and recognized. The extended mathematical
morphological erosion and dilation operations were performed respectively to extract endmembers. The
spectral angle mapping method was used to detect and recognize interested targets. The hyperspectral
image collected by AVIRIS was applied to evaluate the proposed algorithm. The proposed algorithm was
compared with SAM algorithm and RX algorithm by a specifically designed experiment. From the results
of the experiments, it is illuminated that the proposed algorithm can detect subpixel targets with low false
alarm rate and its performance is better than that of the other algorithms under the same condition.
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0 Introduction

The rising of hyperspectral remote sensing is one
of the greatest achievements in 1980 s. Hyperspectral
target detection technology is the most important
application direction of hyperspectral remote sensing.
Popularly based on that assumed data obeys some
statistical or geometrical model, traditional target
detection algorithms structure detection operator and
estimate the statistical parameters of the operator
according to the prior information, such as Adaptive
(ACE),

Subspace Projector (OSP) algorithm™! etc. But in the

Cosine/Coherence  Estimator Orthogonal
practical application, the prior information of targets is
not easy to get.

Under the

background are unknown, the target detection can

condition that the target and
complicate using two methods. One is anomaly target
detection directly according to the distribution of the
information, such as Reed —x Detection (RXD)
algorithm, Uniform Target Detection (UTD) algorithm
etc. The other is unsupervised subpixel detection using
endmember  extraction

algorithms in  unmixing

technology to get the target and background
information. Usually, because of the limit of spatial
resolution in remote images and the complexity of
land objects, some interested targets mostly exist in
the image in the form of mixed pixels. So, it is very
important to study the subpixel target detection and
recognition technology based on endmember extraction
algorithm™.

Traditional subpixel target detection algorithms
based on endmember extraction algorithm only
consider data’ s spectral information and ignore the
spatial correlation between pixels. For the more
accurate analysis of hyperspectral remote images, it is
very necessary to consider the spectral and spatial
information comprehensively. So, we proposed a
subpixel target detection algorithm using the extended

mathematical morphology algorithm and the Spectral

Angle Mapping (SAM) algorithm. This algorithm uses
extended morphology erosion and dilation operations
to extract endmembers. It effectively combines spectral
and spatial information. Then use the spectral angle
mapping algorithm to extract interested targets. This
algorithm overcomes the disadvantage that the SAM
algorithm is sensitive to spectral signature and when
unmixed pixels widely exist, classification accuracy
will be very low. And it effectively inhibits the effects
of background and noise and reduces false alarm rate.
To validate the algorithm performance, we conducted
experiments remote

using real sensing data and

analyzed the results.

1 Hyperspectral subpixel target
detection based on extended

mathematical morphology

1.1 Basic operations of mathematical morphology

Dilation and erosion is the two basic operations
of mathematical morphology. They were first defined
for binary image and extended to grayscale image
afterward. The dilation and erosion operation for the
image f(x,y) using K is shown as follows:

d(x,)=(fOK)(x,y)=Sup(f(x,y),K)=
Max ) e c{ f(x+s,y+1)+k(s,1) } (D)
e(x,y)=(fRK)(x,y)=Inf(f(x,y),K)=
Ming, el frtsy+0-k(s.))  (2)

where k(s,t) means corresponding weight of different
elements in structure elements.
1.2 Extended mathematical morphology operation

in hyperspectral image

In grayscale morphology, we can calculate
maximum or minimum gray value directly based on
the numerical size of pixels as ordering relation. But
in hyperspectral image, this operation is not feasible.
Because any pixel in hyperspectral image is
multidimensional and we cannot use a direct method
to simply compare the size of different pixels. So the
biggest problem extending mathematical morphology

operation to hyperspectral image is how to sort the
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pixels in the multi-dimensional space according to a
specific comparison relationship™.

Because every pixel in hyperspectral image is
multi-dimensional, the basis of selecting pixels is the
purity of pixels. According to convex geometry
theory, the hyperspectral data corresponds to a convex
simplex in the feature space. Pure pixels usually exists
on the edge of the convex simplex, and the most
spectrally mixed pixels exist in the center of the
convex simplex. So we can infer their positions in the
convex simplex by comparing the space distance
between pixels. And then we can get the purity
information.

In 2002, Plaza proposed a endmember extraction
algorithm™. This algorithm has realized the automated
endmember extraction of the hyperspectral images
using extended mathematical morphology operation.
definition of

This algorithm has extended the

traditional ~mathematical morphology theory and
combined the spatial information and the spectral
information of the hyperspectral image effectively. In
history, he first applied the traditional morphological
operations(dilation and erosion) based on binary image
to hyperspectral image. In China, Guo Rui et al. also
studied this algorithm™, On the basis of this, the algorithm
is further studied in this paper and the performance of
the algorithm is improved.

We use Spectral Angle Distance (SAD) in this

paper to calculate the distance between multi-
dimensional vectors. Assume a group of multi-
dimensional  vectors of one pixel’ s spatial

neighborhood is V(x,y;,w) i=1,2,---,b,w=1,2,--- n(x
and y represent the spatial coordinates of the point, axb
is the size of the spatial neighborhood, n is the band
dimension). Then the SAD of any two vectors V(x;,
Yi,w), V(xp,y2,w) can represent in radian as follows:

dist(V(xu,yp,w), V(Xz,yp,w))=

V(xiyn.w) * V(xp,yp.w) | (3)

ACCOS IV ey - TV Gy W)

At the basis of this distance definition, we can

expand the definition of the dilation and erosion

operation. In order to determine the ordering relation
of the multi-dimensional vectors, Plaza introduced a
metric operator of the multi-dimensional vector into
hyperspectral image processing. This metric operator
calculate the cumulative distance from one pixel to
other pixels in the structure element. If the size of the
structure element is too big, the computational
algorithm will be quite large and the computational
complexity has reached o(n'). In order to improve the
algorithm efficiency, we calculate the distance between
one pixel to the centroid instead. The computation has
been significantly reduced and the computational
complexity is only o(n?).

In the structure element K, the centroid defines

as follows:

CK=]1W7 2 z.f(s,t,W), V (S,t,W) S K, W=1,2,"',n (4)

where M represents the number of pixels in the

structure element. The distance of one pixel f(x,y,w),

w=1,2,---,n in the structure element K to the centroid
defines as follows:

D(f(x,y,w), K)=dist(f(x,y,w),cx) )

Then, the dilation and erosion operation can be

expressed as follows:
d(x,y,w)=(fEK)(x,y,w)=

arg_Max, ., cx{ D(f(x+s,y+t,w),K) } (6)
arg_Ming ) cx{ D(f(x—=s,y-1,w),K) } (7)

where arg Max and arg_Min represent the pixel
vectors that make the distance D to the centroid max
and min and correspond to the most spectrally singular
and the most spectrally mixed pixels within a kernel
K, as shown in Fig.1.

Then, wuse Morphological Eccentricity Index
(MEI) to express the pixel purity in the structure
element™. MEI is the SAD between the most spectrally
singular and the most spectrally mixed pixels. It
defines as follows:

MEI(x,y,w)=dist(d(x,y,w),e(x,y,w)), w=1,2,---.n (8)

MEI image characterizes the purity information
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of the original hyperspectral image. The greater gray
value the pixel has, the corresponding pixel in the

original image is more likely to be endmember.

d
Centroid

Fig.1 Calculation of the most spectrally singular (a) and the most
spectrally mixed (b) pixels within a kernel K by using the

distance to the centroid D

1.3 Hyperspectral subpixel target detection based
on extended mathematical morphology
For the target detection in hyperspectral image,
although the extended dilation operation effectively
uses spectral and spatial information, it also artificially
adds noise or background and limits the false alarm

rate of the algorithm. So in order to effectively

suppress background effect, and quantifying the
difference between target and background, and
overcoming the disadvantage that when unmixed

pixels widely exist, the classification accuracy of the
SAM algorithm will be very low, we proposed a
subpixel target detection algorithm using the extended
mathematical morphology algorithm and the spectral
angle mapping algorithm. The specific implementation
steps are as follows (as shown in Fig.2):

(1) Read the original hyperspectral image, use
the minimum structure element K,;,, carry out dilation
and erosion operation based on centroid in structure
element to each pixel in target hyperspectral image.
Find the purest pixel d (x,y,w) and the most mixed
pixel e(x,y,w), and calculate the corresponding MEI;

(2) Increase the size of the structure element,
repeat step (1) until the maximum structure element
K. Calculate MEI value repeatedly and record them.
Take the average value of the corresponding pixels at
the same coordinate point. Then we can get the final

MEI image;

(3) Carry out threshold judgment, get the average
of all the pixels’ gray value in the MEI image as the
set threshold. The pixel in the MEI image whose
value is bigger than the threshold will be labeled as
pure pixel (endmember);

(4) Carry out image segmentation and region
growing'®! in the final endmember image to complete
automatic selection of endmembers;

(5) Using the endmember spectra we get, carry
out the SAM algorithm to complete the detection and

recognition of the interested targets.

I Hyperspectral image I
I

—

Set initial structure ‘
element as K .

Gradually increase L
Morphology dilation and
Stm‘;'gll{ﬁ %lement | erosion operation
ALES I

Calculate MEI I

| Calculate average value |

| MEI image I

| Threshold evaluation I

Bigger than
average value of
EI image

| Endmember images I

T Image

Automatic endmember segmentation
extraction and region

growing

| Spectral angle mapping I

T
Detection and recognition
of interested targets

Fig.2 Flow chart of the hyperspectral subpixel target detection

algorithm based on extended mathematical morphology

2 Experiment and analysis
2.1 Experiment data
The hyperspectral image used in this article is

the Navy airfield data which is acquired in San

Diego, California, United States by the AVIRIS
sensor. This image has applied ENVI FLAASH
module to conduct atmospheric correction and

generated a reflectance image. This data set contains
224 bands and the wavelength range is from 0.37 pm
to 2.51 wm. As shown in Fig.3, it is AVIRIS data’s
used for

false color composite

processing (Band 28,19,10).

image which is
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Fig.3 Navy airfield AVIRIS data’s false color composite image
in San Diego, California, United States(Band 28,19,10)

2.2 Experiment analysis

There are some kinds of planes in the image that
we use. The ones at(232,136) and (244,144) are the
most striking, and at around (89,11), there are also
some other planes. First, use the extended mathematical
morphology algorithm to extract endmembers of the
image, and we can get the endmember spectra of the

planes at the three coordinates as shown in Fig.4.
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Fig.4 Image of three planes’ spectra extracted by extended

mathematical morphology endmember extraction algorithm

Then, for the three planes’ spectra extracted, use
the spectral angle mapping algorithm to detect and
recognize the plane targets. The spectra are seen as
multidimensional vectors in the spectral angle mapping
algorithm and calculate the generalized angle between
the two spectrum (pixel spectrum and reference
spectrum) vectors. The smaller the angle, the more
similar the spectra. And classify the unknown spectra
according to a given similarity threshold "*!. The

detection result is shown in Fig.5.

Fig.5 Plane targets’ detection result image using the proposed

algorithm

To validate the algorithm performance, use the
spectral angle mapping algorithm, the RX anomaly
ACE
adaptive matched filter (AMF) algorithm to detect and

detection algorithm, the algorithm and the

recognize the plane targets as comparison and
analysis. The RX anomaly detection algorithm is
developed by the Reed and Yu™. The form of the RX
detection operator is

S (r)=(r—u)'K™'(r—u) 9
where r is anyone of the pixel vectors in the image;
o is the sample mean vector; K is the sample
covariance matrix of the image.

See the details of the ACE algorithm and the
AMF algorithm in references [8—10].

The detection result images of the plane targets
using the two algorithms are shown in Fig.6. Compare
Fig.5 and Fig.6 and we can conclude that the
algorithm we proposed can detect and recognize
subpixel targets effectively. And the algorithm has low
false alarm rate 0.024 6% and high detection rate
97.32% ; The false alarm rate using SAM algorithm
(as shown in Fig.6 (a)) is 0.0428% and the detection
rate is 94.6%; the false alarm rate using RX algorithm
(as shown in Fig.6 (b)) is 0.1236% and the detection
rate is 89.6% ; the false alarm rate using ACE
algorithm (as shown in Fig.6 (c)) is 0.061 4% and the
detection rate is 92.2% ; the false alarm rate using
AMF algorithm (as shown in Fig.6(d)) is 0.052 8%

and the detection rate is 93.1%. The detection results

(as shown in Tab.l) prove that compared with the
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SAM algorithm, the RX algorithm, the ACE algorithm
and the AMF algorithm, the performance of the
subpixel target detection and recognition algorithm we
proposed using spectral and spatial information has

improved significantly.

(a) Using SAM algorithm (b) Using RX algorithm

(c) Using ACE algorithm

(d) Using AMF algorithm
Fig.6 Plane targets’ detection result images using the other four

algorithms

Tab.1 Results of different algorithms

Algorithm False alarm rate Detection rate
This paper’s 0.024 6% 97.32%
SAM 0.042 8% 94.6%
RX 0.123 6% 89.6%
ACE 0.061 4% 92.2%
AMF 0.052 8% 93.1%

3 Conclusion

Hyperspectral target detection technology is the
most important application direction of hyperspectral
remote sensing. Traditional subpixel target detection

algorithms based on endmember extraction algorithm

only consider data’s spectral information and ignore
the spatial correlation between pixels. Based on this,
we proposed a subpixel target detection algorithm
using the extended mathematical morphology algorithm
and the

spectral angle mapping algorithm. This

algorithm uses extended morphology erosion and

dilation operations to extract endmembers. It
effectively combines spectral and spatial information.
Then use the spectral angle mapping algorithm to
extract interested targets. This algorithm overcomes
the disadvantage that the SAM algorithm is sensitive
to spectral signature and when unmixed pixels widely
exist, classification accuracy will be very low. And it
effectively inhibits the effects of background and noise
and reduces false alarm rate.

To validate the algorithm performance, apply the
proposed algorithm to a real hyperspectral image and
use SAM, RX, ACE and AMF

comparison and analysis. The results show that the

algorithm as

algorithm we proposed can detect and recognize
hyperspectral subpixel targets effectively. Compared
with the other algorithms, this algorithm has low false
alarm rate and high detection rate. The false alarm
rate of our algorithm is 0.024 6% and the detection
rate is 97.32% ; the false alarm rate using SAM
algorithm is 0.042 8% and the detection rate is 94.6%;
the false alarm rate using RX algorithm is 0.123 6%
and the detection rate is 89.6%; the false alarm rate
using ACE algorithm is 0.061 4% and the detection
rate is 92.2%; the false alarm rate using AMF algorithm
is 0.0528% and the detection rate is 93.1%. It proved
that the algorithm we proposed reduced the false
alarm rate and increased the detection rate of subpixel

targets.
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