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ABSTRACT:

Sub-pixel mapping technique can specify the location of each class within the pixels based on the assumption of spatial dependence.
Traditional sub-pixel mapping algorithms only consider the spatial dependence at the pixel level. The spatial dependence of each
sub-pixel is ignored and sub-pixel spatial relation is lost. In this paper, a novel multi-objective sub-pixel mapping framework based
on memetic algorithm, namely MSMF, is proposed. In MSMF, the sub-pixel mapping is transformed to a multi-objective
optimization problem, which maximizing the spatial dependence index (SDI) and Moran’s I, synchronously. Memetic algorithm is
utilized to solve the multi-objective problem, which combines global search strategies with local search heuristics. In this framework,
the sub-pixel mapping problem can be solved using different evolutionary algorithms and local algorithms. In this paper, memetic
algorithm based on clonal selection algorithm (CSA) and random swapping as an example is designed and applied simultaneously in
the proposed MSMF. In MSMF, CSA inherits the biologic properties of human immune systems, i.e. clone, mutation, memory, to
search the possible sub-pixel mapping solution in the global space. After the exploration based on CSA, the local search based on
random swapping is employed to dynamically decide which neighbourhood should be selected to stress exploitation in each
generation. In addition, a solution set is used in MSMF to hold and update the obtained non-dominated solutions for multi-objective
problem. Experimental results demonstrate that the proposed approach outperform traditional sub-pixel mapping algorithms, and
hence provide an effective option for sub-pixel mapping of hyperspectral remote sensing imagery.

1. INTRODUCTION mapping algorithms with calculation at pixel level ignore the
spatial dependence of each sub-pixel and they can be further
The mixed pixel is a common phenomenon in remote sensing improved by using the spatial information at sub-pixel level.
image because the sensor’s instantaneous field-of-view (IFOV)
often includes more than one land cover class on the ground In this paper, to consider the spatial dependence between pixels
(Chang, 2003). The Land-cover classification accuracy may be and sub-pixels together, a new search strategy inspired by
severely compromised by the presence of mixed pixels. multi-objective memetic algorithm (Ong et al., 2010), namely
Although spectral unmixing technique (Chang, 2003) and fuzzy =~ multi-objective memetic  sub-pixel mapping framework
classifiers can obtain the fraction image indicating the (MSMF), is proposed. In MSMF, the sub-pixel mapping
percentage of each class in the mixed pixel, they do not provide  problem becomes a multi-objective optimization problem,
any indication about the sub-pixel spatial distribution of the  which one of objective function using spatial dependence index
classes within the coarse pixel. Sub-pixel mapping techniques (SDI) describes the spatial dependence between pixels
can be used to specify the sub-pixel spatial distribution of each  (Verhoeye and Wulf, 2002), and another function with Moran’s
class, based on the fraction image, by dividing pixels into I considers the spatial dependence between sub-pixels (Moran,
smaller ~sub-pixels based on the spatial dependence  1950). Memetic algorithm (Ong et al., 2010), a union of a
phenomenon (Atkinson, 1997) in which observations close  population-based global search and local improvements,
together are more alike than those further apart. The key  provides a power and effective algorithm for multi-objective
problem of sub-pixel mapping is determining the most likely optimization problem. MSMF utilizes memetic algorithm to
locations of the fractions of each land cover class within the construct a multi_objective sub_pixel mapplng Optimizaﬁon
pixel (Verhoeye and Wulf, 2002). framework with global and local search. In this opening
framework, global search may be carried out using different
Different potential techniques have been proposed for sub-pixel evolutionary algorithms, such as artificial immune systems
mapping based on the assumption of the spatial dependence, (Dasgupta et al., 2011), differential evolution (Zhong and
such as sub-pixel mapping algorithms based on direct Zhang, 2012). Local search for sub-pixel mapping may be
neighboring  algorithm (DNSM), spatial attraction model designed by random algorithm or pixel swapping algorithm. In
(SASM) (Mertens et al., 2006), BP neural network (BPSM) this paper, MSMF utilizes artificial immune systems for global
(Zhang, et al., 2008), Lincar optimization techniques (Verhoeye search, and random algorithm for local search to perform the
and Wulf, 2002), Genetic algorithm (GASM) (Mertens et al.,  task of the sub-pixel mapping for hyperspectral remote sensing
2003). These current sub-pixel mapping algorithms may obtain imagery as follows. (1) In MSMF, each candidate individual
the classification result with a finer resolution, but they only  represents the possible sub-pixel configuration of the pixel, and
consider the spatial dependence at the pixel level by utilizing  Pareto dominated individuals based upon multi-objective
the neighbour pixels of the mixed pixel. These sub-pixel function evaluations are removed by Pareto ranking. (2)
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Evolutionary operations are performed to generate new
individuals by the adaptive evolution operators, such as clonal,
selection, mutation. These operators can draw the evolutionary
process closer to the goal, i.e. the optimal sub-pixel distribution
and these parameters can be adaptively calculated without user-
defined. For example, the mutation rate is determined according
to the value of objective function, which better individual will
have smaller mutation rate. (3) After evolution, Pareto
dominated and infeasible individuals are removed and good
individuals are retained for the next generation by using ranking
and elitism selection. (4) In addition, to avoid stagnation in
global search, MSMF explores the local neighbourhood regions
in objective space to find a more feasible solution. The
proposed method was tested using the synthetic and degraded
real imagery, and experimental results demonstrate that the
proposed approach has better results.

The remainder of this paper is organized as follows. Section 2
provides the mathematical formulation of the sub-pixel
mapping algorithm, and Section 3 deals with the multi-objective
memetic algorithm. Section 4 presents the proposed adaptive
multi-objective  sub-pixel mapping framework based on
memetic algorithm for remote sensing imagery, namely MSMF.
In Section 5, the experimental results are provided. Finally, the
conclusion is given in Section 6.

2. MULTI-OBJECTIVE OPTIMIZATION PROBLEM
DEFINITION FOR SUB-PIXEL MAPPING

Sub-pixel mapping is a technique designed to specify the
assumption of spatial dependence. The assumption is based on
the tendency for spatially proximate observations of a given
property to be more alike than more distant observations. The
basic principle of sub-pixel mapping is illustrated in Figure 1 by
a simple example with two classes (class 1 and class 2), which
each pixels is divided into 4 (2x2) sub-pixels. The fraction
image of land-cover class 1 is shown in Figure 1 (a), and the
proportion of another class, class 2, may be obtained by
subtracting 1 from the fraction of the corresponding class 1 in
the same pixel. Figure 2 (b) and Figure 2 (c) are two possible
sub-pixel mapping solutions for Figure 2 (a). According to the
assumption of spatial dependence, the solution of Figure 2 (b) is
better than Figure 2 (c)

0.5 0.25 0
1.0 0.5 0
0.5 0 0

(a) The fraction image
of class 1 (3x3)

M classl

Figure 1. An example of sub-pixel mapping (3x3 sub-pixels)

(b) A possible
result (6x6)
class2

(c) Another possible
result (6x6)

Scale s=2

It is assumed that the land cover is spatially dependent between
pixels and sub-pixels. The sub-pixel mapping problem needs
the spatial dependence model between pixels and sub-pixels,
respectively, to determine the most likely locations of the
fractions of each land cover class. In this paper, the spatial
dependence index (SDI) and Moran’s I are utilized to evaluate
the spatial dependence of the sub-pixel mapping result between
pixels and sub-pixels. Without the loss of generality, sub-pixel
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mapping can be formulated a multi-objective optimization
problem.

Max Y = f(X)=(f,(X), £,(X), -, £, (X)),

s.1.g(X)=(g(X),g,(X), -+, g, (X)) (1)

where the decision vector X =(x,x,,--,x,)eQ , the
objective vector Y € A, g, (%) is the constrain condition, €2

denotes the decision space, A is called as the objective space.

2.1 Spatial dependence Index (SDI)

Let us suppose the linear pixel unmixing model yields the
fraction images for C land cover classes and the coarse
resolution pixels are to be divided into D sub-pixels. To
construct the mathematical model, the attribute of each sub-

pixel can be defined by X ;j as follows

@)

X

1, if sub - pixel jis assigned to land cover class i
0,otherwise

where j=12,....D, i=12,---,C . The spatial dependence

mathematical model z is computed by the following equation
(Verhoeye and Wulf, 2002):

c D
Maximize f(x)=z= z z x; *SDI,
i=1 j=1

D
Y x, = NC, &)
=1

where NC, is the number of sub-pixels that have to assigned to

land cover class i.

The method uses fraction values of neighboring pixels to find
the sub-pixel location of the fractions inside the pixel under
consideration. The neighboring pixels are considered to have an
influence attracting the sub-pixels of the same class in
neighboring pixels. So, SD]U can be calculated as follows:

N
SDI; = Zwk * Fraction, )

k=1

where , is the weight of each neighboring pixel, N is the
number of neighboring pixels, Fraction . is the fraction of the

kth neighboring pixel for the i-th land cover class. Thus, the
sub-pixel mapping problem of D sub-pixels with C land cover
classes can be suitably formulated as an optimization problem
to find the global maximum of the criterion function z (See also
equation (3)).

2.2 Moran’s 1

In statistics, Moran’s I is a measure of spatial autocorrelation
developed by Moran (Moran, 1950). Spatial autocorrelation is
characterized by a correlation in a signal among nearby
locations in space. So, in this paper, Moran’s I is used to
estimate the spatial dependence between sub-pixels as follows.
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N 23wy D), =T) (s
(Zi Zj Wi/')zi(xi - f)z

where N, is the number of cases, X, is the variable value at a

Maximize f,(x) =1 =

particular location, X, is the variable value at another location,
X is the mean of the variable, and W, is a weight applied to the

comparison between location i and location j.

Negative (positive) values indicate negative (positive) spatial
autocorrelation. The value of Moran’s I varies between -1.0
(indicating perfect dispersion) and +1.0 (perfect correlation). A
zero value indicates a random spatial pattern.

So, sub-pixel mapping can be formulated a multi-objective
optimal problem, while maximizing the spatial dependence
index (SDI) and Moran’s I, simultaneity using the following
equations from equation (1).

Max Y = f(x) = (/,(X), £,(X))

s.t. chle/ =1 ixij =NC, (6)
= J=

3. MULTI-OBJECTIVE MEMETIC ALGORITHM

3.1 General framework memetic

algorithm (MOMA)

of multi-objective

For a multi-objective optimization problem, max f(X) ,
related definitions are as follows.

Definition 1 (Pareto dominance): For the arbitrary decision
vector X, X, € Q, it is called that X, Pareto dominates X )
namely X =X, if f[i(X)> fi(X,) it is called that X,
Pareto weakly dominates X, namely X =X, if
[(X) = fi(X),i=1,2,...m.

Definition 2 (Pareto-optimal): For a decision vector X~ e Q, if
there not exist X €() which satisfies f,(X)> f/(X ") and

fj(X) <f,»(X*) ,where j is an arbitrary value in the range [1,

m), it is called that X~ is Pareto-optimal solution or Pareto non-
dominated solution.

Definition 3 (Pareto-optimal front): For a Pareto-optimal
solution set { X *} , it is called that PF is Pareto-optimal front if

PF ={f(X)=(f,(X). LX), [, (X)) | X e {X}}-

To solve the multi-objective problem, Memetic algorithm (MA)
is utilized as a form of population-based Evolutionary
algorithms hybridized with individual learning procedure that
are capable of performing local refinements. Without loss of
generality, the framework of multi-objective memetic
algorithms (MOMAs) can be summarized by Figure 2.

1 Initialization: Generate an initial population
2 while stopping criteria are not satisfied do
3 Evaluate all individuals in the population
Evolve a new population using evolutionary operators and Pareto ranking
for each individual do
Perform local search around it with probability Py
end

4
5
6
7
8 end

Figure 2 General framework for MOMAs
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As shown in Figure 2, one major difference between MAs and
conventional EAs is that the local search operator is added in
addition to the evolutionary operators. Hence, the success of
MAs is largely due to the appropriate adoption of local search
operators. Unlike the evolutionary operators, which are usually
very general and applicable to various problems, MOMAs
provide the general framework, which the global search and the
local search operators are usually expected to incorporate some
domain specific heuristics, so that MAs can balance well
between generality and problem specificity. In this paper,
artificial immune algorithm is selected as the global search
algorithm.

3.2 Artificial immune algorithms for global search

De Castro and Von zuben developed the Clonal Selection
Algorithm on the basis of clonal selection theory of the immune
system (De Castro and Von zuben, 2002). It was proved that
can perform pattern recognition and adapt to solve multi-modal
optimization tasks. The CLONALG algorithm can be described
as follows:

Step 1: Randomly initialize a population of individual (M);

Step 2: For each pattern of P, present it to the population M and
determine its affinity with each element of the population M;

Step 3: Select n of the best highest affinity elements of M and
generate copies of these individuals proportionally to their
affinity with the antigen. The higher the affinity, the higher the
number of copies, and vice-versa;

Step 4: Mutate all these copies with a rate proportional to their
affinity with the input pattern: the higher the affinity, the
smaller the mutation rate;

Step 5: Add these mutated individuals to the population M and
reselect m of these maturated individuals to be kept as
memories of the systems;

Step 6: Repeat steps 2 to 5 until a certain criterion is met.

4. ADAPTIVE MULTI-OBJECTIVE SUB-PIXEL

MAPPING FRAMEWORK BASED ON MEMETIC

ALGORITHM FOR HYPERSPECTRAL REMOTE
SENSING IMAGERY

Based on the multi-objective sub-pixel mapping problem, the
adaptive multi-objective sub-pixel mapping framework based
on memetic algorithm, namely MSMF, is proposed. In contrast
to the previous single-objective optimization for sub-pixel
mapping, such as genetic sub-pixel mapping algorithm (GASM)
(Mertens et al., 2003), MSMF has no single global solution, and
it is often necessary to determine a set of points that all fit a
predetermined definition for an optimum using the concept of
Pareto optimality (Coello et al., 2007). As shown in Figure 3,
MSMF provides the framework, and the evolutionary
algorithms and local search may be selected using different
algorithms according to the real problem. In this paper, clonal
selection algorithm and random swapping algorithm are
selected.
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Adaptive Multi-objective Sub-pixel Mapping
Framework based on Memetic algorithm (MSMF)

Al pixel has been

Initialize population

Calculation of Multi-
objective function

Non-dominated sorting and
find the best population dominated sorting

i i

Evolutionary algorithms H Local search |

Figure 3 Adaptive multi-objective sub-pixel mapping framewok
based on memetic algorithm (MSMF)

P

Input image

Re-Selection using non-

Sup-pixel mapping
image

The MSMF is completed according to the following steps.

4.1 Initialization

In the initial step, each individual gb, in MSMF represents the

possible sub-pixel configuration of the pixel and is directly
described by a string consisting of integer numbers, which the
length of each antibody string is equal to the number of sub-
pixels. ab, ={b,,b,,,b,}> where the value of each bit in the

string gb, represents the class of each sub-pixel. Because the
number of sub-pixels for each class NC, has been calculated by

fraction images in adavance, the algorithm should satisfy the
limition of equation (3). The initial process is as follows: for
each class i, selecting NC, sub-pixels using the following

equation until all sub-pixels have been assigned to the land
cover class

Jj =1Irandom(1, D)
b, =i i=12,---,C

0
®)

where D is the number of sub-pixels, C is the number of land
cover classes, and funciton Irandom(1, D) returns a random
integer value with the range [1, D]. After initialization, the
simulation of the clonal selection process begins.

4.2 Calculation of affinity

According to the initial antibody population, the affinity of all
M Ab’s in the antibody population 4B are calculated using the

criterion function f,(ab) and f,(ab)using equation (3) and (5).

4.3 Selection using non-dominated sorting

(1)Identify the non-dominated solutions in the population and
store them in a set Pf; representing Pareto Front according to
the definition 1-3, setting front count k=1;

(2)Remove the non-dominated individuals from the temporary.

(3)k=k+1, identify the non-dominated solutions in the remaining
population and store them in a set Pf;,

(4)Repeat (3) and (4) until all individuals are separated into
different fronts.

‘n’ higher affinity antibodies are selected to compose a new set
AB,, of high-affinity antibodies according to the order of the
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set of Pareto Front. The memory cell set is selected using Pareto
Front 1.

4.4 Clone

After receiving antibody individuals closer to the solution,
the next generation should mainly be derived from the better-
fitting individuals. Thus, the # selected ab’s are cloned based on
their antigenic affinities, generating the clone set C. The total
number of clones-generated N, is defined as follows:

N, :iround(ﬂ-M) ©)

where /£ is a multiplication factor, M is the total number of
antibodies, round(-) is the operator that rounds its argument.

4.5 Mutation

Provide each ab in the clone set C with the opportunity to
produce mutated offspring C*. The higher the affinity, the
smaller the mutation rate. The mutation process utilizes the
non-uniform mutation operator, and exchanges the position of
the sub-pixels. To improve the intelligence of MSMF, the
mutation rate of each cloned antibody, pm, is adaptively
determined according to its affinity.

4.6 Local search

There is always a possibility of stagnation in MSMF. To move
away from the point of stagnation, a feasible operation is a
neighborhood or local search, which can be applied to a
solution to find a more feasible solution in the local
neighborhood. In this paper, the values in the individual
indexed by i and j are then swapped. The objective function of
the new individual is calculated, and only if there is an
improvement is the new solution accepted. In addition, the
pixel-swapping algorithm is also utilized in the local search.

4.7 Re-calculation of affinity

Calculate the affinity £"(ab) and f;(ab) using equation (9)
and (5) of the matured clones C".

4.8 Re-selection

After cloning and mutation, the new offspring combines C*
with the parent population to form a temporary population. The
new population AB is obtained by the non-dominated sorting
and selection (See also 4.3).

4.9 Updating the memory cell set
Select the solutions in Pareto front 1 to form memory set.
4.10 Stopping condition

If the generation, G, does not meet the maximum generation
number, G, go to step 4.3. Otherwise, output the best
individuals as the sub-pixels of the pixel X, - The above process

is repeated from Step 4.1 until the sub-pixels of all pixels in the
fraction image are located. Finally, the proposed algorithm
outputs the sub-pixel mapping image.

5. EXPERIMENTS AND ANALYSIS

5.1 Experiment 1-HJ-1A hyperspectral imagery
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The synthetic real hyperspectral remote sensing image based on
Chinese HJ-1A image with 115 bands (0.45-0.95 pm) was used
to test the performance of the proposed sub-pixel mapping
algorithm by comparing it with the DNSM, SASM, BPSM, and
GASM algorithms. The HJ-1A satellite is a small Chinese
environmental satellite. The HJ-1A image (256x256), shown in
Figure 4 (a), was acquired on August 19, 2009 (Path: 01, Raw:
79) and was used as the original image for the experimental
results. The study site is located in Hanchuan city, Hubei
province, central China, and its surrounding area. Four land-
cover classes, i.e., city, agricultural land, water, and vegetation,
characterize this image. Figure 4 (b) shows the hard
classification result for the Hanchuan HJ-1A image obtained by
a support vector machine (SVM), an effective classifier for
hyperspectral remote sensing image, in ENVI software. The
fraction images of the four classes were obtained, as shown in
Figure 4 (c), by resampling with a scale of 2. Figure 4 (d)—(h)
show the sub-pixel mapping results obtained by using DNSM,
SASM, BPSM, GASM, and the proposed algorithm MSMF. To
quantitatively evaluate the sub-pixel mapping accuracy, the
original hard classification result, as the real sub-pixel mapping
result, was used to test the performance of the five algorithms.
Two small images of S1 and S2 areas were zoomed and are
shown in Figure 4 (i) to evaluate all the sub-pixel mapping
algorithms from the visual results.

As shown in Figure 4 (d)—(i), DNSM and BPSM did not
provide satisfactory visual results, as there is blurring and many
structural data are lost. In addition, the sawtooth phenomenon
can be observed in the BPSM result. By contrast, SASM,
GASM, and MSMF have obtained better visual results, being
smoother and with most classes’ structural information
preserved. A quantitative comparison of the five algorithms is
shown in Table 1 using the overall accuracy (OA), Kappa
coefficient (Kappa). In addition, an adjusted confusion matrix
was utilized, which it is calculated only for mixed pixels. Based
on the adjusted confusion matrix, we adjust OA (OA*), Kappa
coefficient (Kappa*), the average of the producer’s accuracy
(APA), and the average of the user’s accuracy (AUA). As with
the visual results, the sub-pixel mapping accuracy of DNSM
and BPSM are lower than that of the other algorithms. For
instance, one can see from Table I that the average producer’s
accuracies of DNSM and BPSM are equal to 61.34% and
68.72%, respectively. SASM and GASM improves the sub-
pixel mapping accuracy and locates the sub-pixels’ position
better than the aforementioned algorithms, resulting in a
producer’s accuracy of 72.89% and 72.61%. It was MSMEF,
however, that obtained the highest overall accuracy, Kappa
coefficient, adjusted overall accuracy, and adjusted Kappa
coefficient, which are 79.97%, 0.7282, 74.22%, and 0.6504,
respectively. One reason may be that MSMF considers not only
the spatial dependence between pixels but also within pixels.
Experimental results demonstrate that the proposed approach
outperform the other four algorithms for this data set.

‘ 'Eaj HJ-1A image ' (b) Classification result

ey

Agricultural land Ve getation

(c) The fraction images
R

[ A
Zoom (b)

Zoom (d)  Zoom (e) Zoom Zoom (g
(i) Zoom images for all sub-pixel mapping results
| City | Agricultural land I W acer Vegetation
Figure 4. The sub-pixel mapping results in the experiment 1

Scale=4 | DNSM | SASM | BPSM | GASM | MSMF
OA(%) 70.11 78.88 75.80 78.69 79.97
Kappa 0.5944 | 0.7134 | 0.6713 | 0.7109 | 0.7282

OA*(%) | 61.53 72.82 68.80 72.57 74.22
Kappa* [ 0.4782 | 0.6313 | 0.5766 | 0.6280 | 0.6504

APA(%) | 6134 | 72.89 68.72 72.61 74.31

AUA(%) | 61.34 | 72.89 68.72 72.61 74.31
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Table 1. Comparison of five sub-pixel mapping algorithm
performances for the synthetic HJ-1A hyperspectral remote
sensing image

5.2 Experiment 2-Washington D. C. HYDICE imagery

In experiment 2, a part of Hyperspectral Digital Imagery
Collection Experiment (HYDICE) airborne hyperspectral data
over the Washington, D. C. Mall with 192 bands was used,
which it comprised 300 lines and 240 columns as shown in
Figure 5 (a). Figure 5 (b) shows the reference image classified
by the Support Vector Machine (SVM) method, as the truth
data. The observed image was expected to fall into six classes:
roof, road, trail, grass, shadow, and tree. Figure 5 (d)—(g) show

i
Zoom (h)



ISPRS Annals of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume I-7, 2012
XXII' ISPRS Congress, 25 August — 01 September 2012, Melbourne, Australia

the sub-pixel mapping results obtained by using DNSM, SASM,
BPSM, GASM, and the proposed algorithm MSMEF.

™ : - - 5

A 3
(b) Classi

o

S
(f) GASM
B Roof

I Road

B 1l

Grass

Shadow

Tree

(2) MSMF
Figure 5. The sub-pixel mapping results in the experiment 2

Scale=4 | DNSM | SASM [ BPSM | GASM | MSMF
OA(%) 64.82 | 74.05 70.08 73.21 75.22
Kappa 0.5490 | 0.6673 [ 0.6171 | 0.6565 | 0.6824

OA*(%) | 55.28 67.01 61.93 65.94 68.50
Kappa* | 0.4372 | 0.5849 | 0.5217 | 0.5714 | 0.6037

Table 2. Comparison of five sub-pixel mapping algorithm
performances for the synthetic Washington D. C. hyperspectral
remote sensing imagery

As shown in Figure 5 and Table 2, MSMF obtains smoother
results with most classes’ structural information preserved and
has the highest overall accuracy, Kappa coefficient, adjusted
overall accuracy, and adjusted Kappa coefficient, which are
75.22%, 0.6824, 68.50%, and 0.6037, respectively. Compared
to conventional EAs, for example, genetic algorithm, there are
two possible key issues for the success of MSMF. One is an
appropriate balance between global and local search, and other
is a cost effective coordination of local search. Based on the
above results, MSMF can obtain better sub-pixel mapping
results for the complex hyperspectral remote sensing image
with more classes and higher spatial resolution.

6. CONCLUSION

Based on memetic algorithm, this paper proposed an adaptive
multi-objective sub-pixel mapping framework, namely MSMF,
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for hyperspectral remote sensing images. The proposed MSMF
defines two objective function to describe the spatial
dependence between pixels and sub-pixels. The sub-pixel
mapping problem is transformed to a multi-objective problem.
MSMEF utilizes the memetic algorithm to solve this problem by
combining the global search and local search. The experimental
result shows that MSMF algorithm consistently outperforms the
previous sub-pixel mapping algorithms, and hence provides an
effective method for remote sensing image sub-pixel mapping.

ACKNOWLEDGEMENTS

This work was supported by National Basic Research Program
of China (973 Program) under Grant No. 2011CB707105, the
National Natural Science Foundation of China under Grant Nos.
40901213, 40930532, A Foundation for the Author of National
Excellent Doctoral Dissertation of P.R. China (FANEDD)
under Grant No. 201052, Program for New Century Excellent
Talents in University under Grant No.NECT-10-0624, and the
Fundamental Research Funds for the Central Universities under
Grant No0.3103006.

REFERENCES

Atkinson, P. M., 1997. Mapping sub-pixel boundaries from
remotely sensed images. in Innovations in GIS 4, Z. Kemp, Ed.,
pp. 166—-180.

Chang, C.-1., 2003, Hyperspectral Imaging: Spectral Detection
and Classification. New York: Plenum.

Coello, C. A. C., Lamont, G. B., and Veldhuizen, D. A. V.,
2007. Evolutionary algorithms for solving multi-objective
problems (Second Edition) vol. 5: Springer-Verlag New York
Inc.

Dasgupta, D., Yu, S. and Nino, F., 2011. Recent Advances in
Artificial Immune Systems: Models and Applications. Applied
Soft Computing, 11(2), pp. 1574-1587.

De Castro, L. N., and F. J. Von Zuben, 2002. Learning and
optimization using the clonal selection principle. [/EEE
Transactions on Evolutionary Computation, 6, pp. 239-250.

Mertens, K. C., Baets, B. D., Verbeke, L. P. C., and Wulf, R. R.
D., 2006. A sub-pixel mapping algorithm based on sub-
pixel/pixel spatial attraction models. International Journal of
Remote Sensing, 27(15), pp. 3293-3310.

Mertens, K. C., Verbeke, L. P. C., Westra, T., and Wulf, R. R.
D., 2003. Using genetic algorithms in sub-pixel mapping.
International Journal of Remote sensing, 24(21), pp. 4241—
4247.

Moran, P. A. P., 1950. Notes on Continuous Stochastic
Phenomena. Biometrika, 37 (1), pp. 17-23.

Ong, Y.-S.,, Lim, M., and Chen, X., 2010. Memetic
Computation—Past, Present & Future. IEEE Computational
Intelligence Magazine, 5(2), pp. 24-31.

Verhoeye, J. and Wulf, R. De., 2002. Land cover mapping at
sub-pixel scales using linear optimization techniques. Remote
Sensing of Environment, 79(1), pp. 96-104.

Zhang, L., Wu, K., Zhong, Y., and Li, P., 2008. A new sub-
pixel mapping algorithm based on a BP neural network with an
observation model. Neurocomputing, 71(10-12), pp. 2062—
2054.

Zhong, Y. and Zhang, L., 2012. Remote sensing image sub-
pixel mapping based on adaptive differential evolution. /EEE
Transactions on Systems, Man, and Cybernetics Part B, DOI :
10.1109/TSMCB.2012.2189561.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


