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ABSTRACT:

Super resolution-based spectral unmixing (SRSU)é&cantly developed method for spectral unmixingenfiotely sensed imagery,
but it is too complex to implement for common usetw are interested in land cover mapping. Thislstinakes use of spatial
interpolation as an alternative approach to achsyger resolution reconstruction in SRSU. An ASTERgmwith three spectral
bands was used as the test data. The algorithwalsaed using root mean square error (RMSE) condparth linear spectral

unmixing and hard classification. The result shtlva the proposed algorithm has higher unmixingieszy than those of the other

comparative algorithms, and it is proved as arieffit and convenient spectral unmixing tool of reghosensed imagery.

1. INTRODUCTION

Classification of remotely sensed images has lomp la@ issue
in remote sensing community, since it is indispbetes#or land
cover mapping which plays an important role in globhange
studies. Conventional technique of image classificatalso
called hard classification, labels each remoteingrixel with
a single class, and mixed pixels which comprise twanore
classes are not considered. Thus, the problem xdédnpixels
hinders precise land cover
classification, since all mixed pixels are classlifiinto single
classes.

To overcome the problem of mixed pixels, spectranixing
was proposed to decompose mixed pixels into sewmakes
and corresponding abundances, which reflect thd leover
types more accurately. Typical spectral unmixingogthms
can be categorized into two types, linear speatrahixing
(Roberts, Gardner et al.,, 1998; Heinz and Chang, )2@ad
nonlinear spectral unmixing (Huang and Townshef832 Liu,
Seto et al.,, 2004; Lee and Lathrop, 2006). In lingaectral
unmixing, the spectrum of a mixed pixel was viewasd the
weighted summation of spectra of different endmamfire the
pixel, whereas the weight is the proportion of émelmember in
the pixel (Heinz and Chang, 2001). In nonlinear spéc
unmixing, the mechanism of the spectral mixture m@ism is
more nonlinear or unknown, and a variety of alduons,
including support vector machine model (Brown, Gutral.,
1999), neural network model (Liu, Seto et al., 200de and
Lathrop, 2006) and physical model (Kimes and Nels#98),
were proposed to retrieve the proportions of déffier
endmembers. Both existing linear and nonlinear salect
unmixing focus on how to utilize the spectral imf@tion of
pixels, and the spatial neighbourhood informatisnalways
ignored although a small number of algorithms aptero
utilize the spatial information (Roessner, Segllet2®901).
Recently, a new model named super resolution basectral
unmixing (SRSU) was proposed
information in spectral unmixing (Li, Tian et akp11). This
model is totally different from the conventional dats, the
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linear and nonlinear models, since it focuses omtiap
dimension rather than spectral dimension. SRSU hasvrs
good performance in land cover mapping, and is @@l
powerful approach in the spectral unmixing fami{owever,
this model is developed in primary status thatraage database
providing prior knowledge is required, and this quésite
makes the model inconvenient for use. This studysato
propose a simple way to implement SRSU, and evaluitge
performance compared with conventional spectraliximg

mapping when using hard

2. BACKGROUND

In this section, the previously developed supeoltg®n-based
spectral unmixing (SRSU) model is introduced. Theease of
SRSU is that downscaling a remotely sensed images hel
reduce spectral mixing in the image and hence tvendcaled
(super resolution) image can be processed with & ha
classification method to produce the land covepprtion map

in the original resolution. The SRSU has followingps as
following steps 1) Use a super resolution technigioe
downscale a remotely sensed image to a super tiespblmage;

2) Classify the super resolution image with a hdadsification
method; 3) Convert the super resolution classificatinap to
original resolution to produce a set of proportioaps for
different endmembers, which are the product of tspkec
unmixing.

The key technique used in SRSU is super
reconstruction, which refers to reconstruct a higtesolution
image from the original image. Since this recorditan is ill-
posed from a mathematical perspective, prior in&irom
should be introduced to regulate this process. Upes
resolution reconstruction, prior information is pide by a
training database, which reflects the relationsiop low
resolution images and their corresponding high lutiem
images in natural scenes. A number of algorithmee Haeen

to utilize the spatialproposed to merge the training database into thgersu

resolution reconstruction (Freeman et al., 2002; Khd Kwon,
2010), but each algorithm is complex.

resolution
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3. METHODOLOGY

In SRSU, super resolution reconstruction aims torawe the
spatial resolution of images, therefore spatiarpdlation may
be an alternative way to achieve this purposepatih a lot of
detail information in the higher resolution imagancnot be
restored. At a first glance, simple interpolatidran image will
not perform well in downscaling an image. Fortuhatm

SRSU, the super resolution classification map wéliconverted
into the original resolution, and this conversioaynalleviate
the impact of downscaling error on the SRSU. Theeefd is
interesting to evaluate the role of spatial intésion instead of
super resolution reconstruction
alternative technique is particularly simple.

The spatial interpolation based spectral unmixiStSU) has
similar steps as the SRSU, the only difference jigaing the
super resolution reconstruction with spatial intdagion. The
SISU has following steps as

1) Use spatial interpolation to downscale a remotely
sensed image to higher resolution.

2) Classify the obtained higher resolution image.

3) Convert the classification map into the proportioaps

of different endmembers in original resolution, ahd
final spectral unmixing result is derived.
The algorithm is also illustrated in Figure 1. hist study, a
bilinear interpolation method was employed for E&dat
interpolation, since it is the easiest interpolatimethod to
achieve image downscaling.

Remotely
Sensed Imagery

v

Spatial Interpolation

v
Higher Resolution
Imagery
v

Hard Classification

A 4

Classification Map

h 4

Resolution Coversion

v

Abundance Map in
the original resolution

Figure 1. The flowchart of spatial interpolationsbd spectral
unmixing

4. EXPERIMENTS
4.1 Study area and data

The study area and data are the same as the indti&lof super
resolution-based spectral unmixing (Li, Tian et 2aD11). The
study area was located in a lake in Massachudgt&A. An
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in SRSU, becauses thi

ASTER image patch was selected as the study material for
spectral unmixing. To make the image comprise ehauixed
pixel, the ASTER image was resampled to 30 m reiswiut
Finally the ASTER image has 120102 pixels and three
spectral bands (Figure 2).

Besides, an aerial photograph with resolution ofr.&as used
to generate the reference data. At first, the h@timtograph
was visually interpreted to three types, evergtess, bare soil /
deciduous tree and water. Then the high resolutiterpreted
map was converted into 30 m resolution, which wasved as
the reference data for the spectral unmixing ressitshown in
Figure 3.

Figure 2. The ASTER image (Band é) for spectral wimgj, at
42°25' 32"N , 72°16’ 39" W

4.2 Procedure

The procedure of the experiments has followingstep
1) Manually select sample of the three land cover syfpem
the ASTER image.
The ASTER image processed for spectral unmixingygusi
the endmember spectrum in step 1. The image
magnification time varies from 2 to 6, thus there &ve
results for the spectral unmixing.
Linear spectral unmixing method was also used teigde
spectral unmixing result to compare with the praubs
algorithm. The LSU was achieved with fully consted
least square (FCLS) algorithm (Heinz and Chang, 2001)
and multiple endmember spectral mixture analysis
(MESMA) (Roberts, Gardner et al., 1998), which awe t
kinds of widely used spectral unmixing algorithms.
Hard classification was used as another comparative
algorithm. And a support vector machine was emplog®
the classifier.

2)

3)

4)

4.3 Results

Using the proposed spectral unmixing algorithm ahdee
comparative algorithms, the ASTER image was finatynixed
as Figures 4-6 show. For the proposed algorithry, thie result
with magnification factor of four is shown. SinceEAMA has
resulted in some negative values, result of MESM&A i
inconvenient to show.

-

(a)
Figure 3. The fractional abundance map of referataia &)
water, p) bare soil / deciduous tree arg) évergreen tree

(b)
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(a) (b) (0)
Figure 4. The fractional abundance derived fromtiapa
interpolation-based spectral unmixing, where maggiion
factor was set to foura] water, b) bare soil / deciduous tree
and €) evergreen tree

(a) (b)
Figure 5. The fractional abundance derived from FCL&)
water, p) bare soil / deciduous tree arg) évergreen tree

(a)
Figure 6. The fractional
classification &) water, b) bare soil / deciduous tree ang) (
evergreen tree

(b)

As the ASTER image was unmixed, it is necessary#duate
accuracy of different unmixing algorithms. Root mesjuare
error (RMSE) was used as the error index using aHeviing
formula:

)

whereR; is the RMSE value dith endmemberp; is the real

fractional abundance afth endmember ifth pixel, fJ”. is the

estimated fractional abundanceitsf endmember ijth pixel. In
addition, to evaluate the total RMSE value of allimembers,

RMSE values of all endmembers should averaged as thg

abundance derived from dhar

RMSE
Algorithm Evergreen| Deciduous }ree Water |Averagé
tree bare soil
S| (M=2) 0.0599 0.1807 0.1748.1385
S| (M=3) 0.0539 0.1136 0.1084.0920
S| (M=4) 0.0499 0.0826 0.0768.0698
S| (M=5) 0.0542 0.1130 0.1082.0918
S| (M=6) 0.0583 0.1178 0.1119.0960
FCLS 0.0844 0.2025 0.1708.1525
MESMA 0.1560 0.2408 0.2904.2291
Hard | g1 01965 | 0.1909.1563
classification

Table 1. RMSE values of different spectral unmixahgorithms,
where M denotes the magnification factor

From Table 1, it is found that spatial interpolativased
spectral unmixing has higher accuracy than thah@MESMA,
FCLS and hard classification, as the average RMSkesal
show. However, the performance of the proposed righgo
depends on the parameter, the magnification factdre
unmixing error reaches the bottom line when the mifagtion
factor is equal to four, whereas other values @ factor
resulted in different average RMSE values with larggation.
Nevertheless, the proposed algorithm has highasracg than
that of the LSU whatever the magnification facechosen.
The result is interesting because only using a Isingpatial
interpolation is efficient to retrieve endmembeogortion from
mixed pixels, as this study shows. Although the tigpa
interpolation will absolutely ignore some detaifarmation in
the required higher resolution image, it is alsfeaive since
the resolution conversion in SRSU has reduced thmadimof
detail information in higher resolution. Thus sphti
interpolation has great potential for spectral udng of
remotely sensed imagery as this experiment shows.

5. CONCLUSION

SRSU is a new arising method for spectral unmixirfg o
remotely sensed imagery, and has shown good peafarenin
previous studies. However, training database in SS& big
obstacle for convenient use of SRSU. In this stugpatial
interpolation, much easier to implement, is used aas
alternative approach to achieve super resoluticongtruction.
An experiment using ASTER image shows that this Bfieg
version of SRSU also performs better than thatnafdr spectral
unmixing and hard classification, since the RMSE tooé
proposed algorithm is smaller than that of thedmspectral
unmixing. Among the different values of magnificatifactor, it
was discovered that when the image is resamplédutotimes
of the original size, the proposed algorithm shales highest
spectral unmixing accuracy.

This study opens a door to convenient use of SR3iiEhawill
make more scholars to recognize the importancepameer of
SRSU. Admittedly, some important issues, such asftignal
spatial interpolation method and magnification dacshould be
considered carefully in future studies. As a reshk land cover
apping from remotely sensed imagery will be mareugate

average RMSE. Then RMSE values of the proposed Bpatigy use of the improved SISU.

interpolation (SI) algorithm and other algorithmere listed in
Table 1.
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