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Abstract 6

Recently, an emerging method called image spa resen n as attracted more
attentions. The method has been proved to @

ctive s image processing
applications. It is important to note that few sparse Teprese )3} methods fail to analyze
the aliasing in satellite image restoration '%address oblem, firstly, we employ
adaptive reciprocal cell as a image qual1 atlon t hICh can analyze the satellite
image degradation factors including alj ise. Then, with the help of the
powerful tool, the estimation about llite uallty is introduced into the sparse
representation model . Experim ts show%our method can produce good quality

restored results.
Keywords: Image Restora@1 Spar éentation,Aliasing

1. Introductlon
In earth obse met ‘é{e are no other images about the scene of interest but a
eﬁ f:? usua

single satellit ed by aliasing, blur and noise. Therefore, the image
needs to be pr d to reflect its radiometric and geometric quality. This process is
called satellite image r on Its goal is reconstruction or recovery of the degraded image

Regularly, the di degradation model can be represented by

\%, l=A_-(h*f)+n (1)

wher e observed (measured) image. f is the natural scene, defined on a continuous

sup@ bounded set included in R *). n is the additive Gaussian white noise. (h = f ) is the
convolution product of f by the point-spread functionh , which is normalized, positive and

symmetric with respect to the x and y axes. The Fourier transform of h is called the MTF
(Modulation Transfer Function). Actually, The effect of the imperfect optical system is

characterized by MTF, which is similar to a low-pass filter leading to blurred appearance. A .

using a prior knowle ; image degradation process [1-3].

is the sampling comb composed of delta-functions &, ,

= z 5ij (2)

(i.j)er
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where 1 is the sampling grid. It represents the geometry of the array of sensors, which are
assumed to be distributed on a regular grid:

I ={ne +n,e,:n,n, ez} (3)

where {e, e, }is a basis of R*. For square sampling grid ', ,e, = (1,0)" ,ande, = (0,1)" .
since < > j f(x),dx = f,,sampling on T, can be expressed as simply multiplying by

A

r, .

The restoration of satellite image is an ill-posed inverse problem. It’s well-kigown ¢hat

direct inversion of (1) leads to unacceptable noise amplification. Therefore it 'wal to

address the limitations of direct methods by using advanced nonline n@ﬂrization

techniques which regularize the inversion problem so that the observéd 0e can be

recovered without amplifying the noise. Some rela\S’é aVeIet- ellite image
1.

restoration methods have been suggested in the literatur summarized by

the following two steps: deblurring by a pseudo-in er, an enoising done in a
wavelet basis, by thresholding the noisy coeffici ainl w ferences between the
tion algorithms [7-9]. Even

if the two-step methods can resolve the denoj roblem, they would be impractical. Since
the optical system would be moving durf ture, so twould produce motion blurs
which is invertible. It means that we en rr@ut the first step actually, otherwise
ringing artifacts would arise.

F. Malgouyre and F. Guichar ﬁ& ve also EVed the limitations of the wavelet-based
methods and suggested to deb tellite,i sing variational methods. The variational

image resoration methods haye been wid died. Among them, the total variation (TV)
regularization [11, 121 h&hme a

two-step methods centered on the denoising @frse represe

method known for preserving discontinuities.
Recently, an emerng;h?6 od call d rse representation of image has attracted lots of
0

attention [15, 16]. T, ry a proved to be effective in various application, such as
image super-re 17] |n [19], classification and image compression [13, 14].
In this wor present ptlve reciprocal cell based image restoration which uses the

advanced spare and red
employed to analyze t
introduce the analysi

2. Proposef&@tethod

2.1. Ad Reciprocal Cell
M'@O to signal sampling theory, (1) can be rewritten by Fourier transform:

|Zf -U k)

representation technology. The adaptive reciprocal cell is
radation factors, such as blurring, noise and aliasing. Then, we
It into the sparse representation model.

et v @

[U WV, =E
where u _ is the reciprocal cell which reflects the sampling period of satellite imaging

system.

Based on the (4), [18] proposed the adaptive reciprocal cell method and used it to analyze
the efficiency of various imaging system. This method can describe the aliasing in various
imaging system, and is a new way of measuring the effective resolution of an image
acquisition system.
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2.2. Adaptive Reciprocal Cell based Sparse Representation Model

The traditional TV regularization model [20, 21] is effective in filtering the noise but tends
to smooth the image, especially the image structure. This is due to the piecewise smoothing
constraint. In recent years, the sparse representation related methods have achieved promising
restoration results [22-24].Because of the high dimensionality of image, sparse representation
method focuses on small patches of natural images. So the whole image is usually divided
into image patches. Each image patch is processed independently, and the final result image is
produced by stitching and averaging the patches.

The sparse representation model assume that an image patch f ° can be approximately
represented via a vector « over a dictionaryg < R"™* (each column ing is cal%&tom)

Image patch can be approximately represented as: 6

P epa, st e, ,@ @
where || || is a pseudo norm that counts the number@%o mmsMor a . (5) indicates

that the sparse coding of f ” can be calculated by solwing the ﬂ ization problem.
te

As the 1, minimization problem is an N; blem | n resolved by I, problem

which is convex. The related formulatlon Ilow

qev %ﬂ"a"
where constant g is the regularization® eter and the second term is sparse coding

on pro w f ”. In the view of image restoration, based on
the (1), to recover f an be sparsely represented by solving the problem:

QQ @mm P L (h*ga)

It is expected that d be close enough to « . But due to the degradation factors,
especially the aliasig e restoration task is very challenging. Few sparse representation

which is the sparse appro i

2

"+ el ™

methods fully co d the aliasing, or rather analyzed the aliasing during their processing.
Here, we e y the aliasing analysis tool, i.e., adaptive reciprocal cell, to enhance the
performanc arse representation for image recovery.

We ¢ ite the (7) as follow:

@ a = arg min {HF (f7)-F(h*gpa )H; + '3”0‘ ”1} ®)

where F (-) stands for Fourier Transform. In(8), the data-fitting term is defined on the
support region of adaptive reciprocal cell so that the model can effectively describe the

aliasing.
3. Experimental Results

We applied restoration method to both simulated corrupted image and real CBERS-02B
satellite image. In the simulated image restoration, a blur kernel, i.e. Gaussian function with
standard deviation 2 is used. Then, Additive Gaussian noise with level 2 is added to the
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blurred image. After this, we the processed image is down sampling. The basic parameter
setting of our proposed method is as follows: the patch size is 9 x 9 and K = 120 .

In the experiment, the proposed method is compared with the TV model. As show in
Figure 1.

Figure 1(a) is original image,(b) is degraded image, (c) is the image which is record by
adaptive Reciprocal Cell, (d) is the restoration result of TV model and (e) is our method. We
can see that the result of our method is clear and natural. We can also see the good
performance of our method in Figure 2. In Figure 3, we use our method to process the real
image, i.e. the CBERS-2B Satellite Image. We can see that our method can achieve good

resotred image. w o

N EF

ptive Reciprocal Cell (d) TV model

<a>°§j

(e) Proposed method
Figure 1. Simulated Image Restoration
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(a) Original Image

(d) TV model

(e) Proposed method

Figure 2. Simulated Image Restoration
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(a)Real satellite image

(b) Propgsed method ‘
Figure 3. CBERS-2B Satellit@}? st@@
4. Discussions \)

In imaging process, high resolution satellj ges af }y unavoidably corrupted by
three degradation factors including blur, neise=and aliasingNThe satellite image restoration is
an ill-posed inverse problem, which r % regu i@on to avoid unstable solutions. We
have proposed a new sparse repre er&ﬂ meth atellite image restoration by using the
adaptive reciprocal cell to estim%/ uality o degraded image and then introducing it
to restoration process in order to“avoid am%ging noise. Experiment results show that our

method can produce appealir@esults ir%
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