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Blur estimation and restoration of remote sensing images
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Abstract:

Remote sensing images are sometimes corrupted by blur and noise. To solve this problem, a novel blur estimation

and restoration approach is presented in this paper. The approach uses a high quality image of the same scene as a reference.
Such a reference image is usually available, given the increasing popularity of remote sensing applications. With the reference
image, the point spread function (PSF) of another more blurry image can be less difficultly and more accurately estimated in the
Bayesian framework. Once the PSF is known, many deconvolution approaches can be employed such as the total variation
minimization method, which was used in this paper. Experiments with real remote sensing images show that the proposed
method can effectively estimate the PSF and restore the blurred image.
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1 INTRODUCTION

Remote sensing images are inevitably degraded to some extent
by noises and blurs in the acquisition stage. The blurs can be
caused by out-of-focus, relative movement between an image
sensor and the scene, atmospheric turbulence and so on. Image
restoration theory and techniques build mathematical model for
the degradation in the acquisition stage and reconstruct the
original un-degraded image. A pure restoration problem assu-
mes the point spread function (PSF) is already known and has a
variety of algorithms to achieve satisfactory results (Starck &
Pantin, 2002). However, the PSF is difficult to obtain and need
to be estimated either in advance or in the meantime of the
restoration process (Kundur & Hatzinakos, 1996), which is still
a difficult task.

With the technological advances in remote sensing and its
expanding use, it is usually effortless to obtain a series of images
of the same scene, probably, with blurs of varied degree. Such
images may come from the same sensor and be blurred differ-
ently due to well or ill focusing and/or diverse atmospheric
circumstances among other reasons. They may also be acquired
by different sensors and differ from each other in blur level
because of the intrinsic performance of the sensors.

Two images of the same scene, one assumed without noise
and the other with no blur, were used to estimate the PSF with
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Tikhonov regularization and Landweber method and recon-
struct the original scene with R-L (Richard-Lucy) algorithm
(Yuan, 2007). The inspiring approach, which is designed for
consumer cameras, has two shortcomings when being applied
to remote sensing images. For one thing, the need of an image
without noise can be hardly satisfied. For another, the iterative
algorithms are too complex for images of large size.

In this paper, we propose an approach to estimate the PSF
and restore the original scene for a blurred image with the aid
of another blur free image of the same scene. The PSF estima-
tion is performed in Bayes framework and the restoration is
done with total variation minimization method (Rudin et al.,
1992). No assumption about noise is needed, nor the iterative
algorithms.

2 METHOD

2.1 Using reference image

The degradation model of 2-dimensional images is shown in
Fig. 1, where x is the undistorted image of a certain scene, h
denotes the degradation function, y stands for the observed
noisy and blurred image of the same scene, n is assumed to be
Gaussian white noise of zero mean and (m, n) is the 2-dimen-

sional coordinates.
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Fig. 1 Degradation model in image acquisition

From the model, we can get the degradation equation
y=x®h+ng, Q)
where ® denotes the convolution operation and n, is used ins-
tead of n only for the convenience of later use.

Now let X be a blur free image of the same scene, i.e.,
ho=1, then the following equation holds.

X=X®hy+n, =x+n,, (2)
where we also assume n, to be Gaussian white noise of zero
mean.

We then obtain from Eq. (1) and Eq. (2) that

y=X®h+n;. 3)

Note n; is Gaussian noise of zero mean, for Gaussian noise
always remain Gaussian when it passes a linear system. But n3
does not necessarily remain white, which fortunately has no
effect on our following discussion.

We can see from Eq. (3) that the task of blind PSF estima-
tion is converted to a deconvolution problem, thanks to a blur
free image of the same scene (no requirement on noise), that is,
the estimation of h, giveny and X .

After the estimation of h is completed, the restoration of x
becomes a similar deconvolution task, i.e., to estimate x, known
y and h, according to Eq. (1).

2.2 PSF estimation

If we estimate PSF with regularization method, we have to
deal with an iterative optimization procedure, owing to the
restrictions on h such as non-negative, normalized and finite
supported (Yuan et al., 2007). That is what we try to avoid,
considering the large data size of remote sensing images.
Non-iterative estimation can be done in Bayesian framework.
Taking h and o, the standard deviation of noise ns, as parame-
ters to be estimated, their estimates should maximize the joint

probability density of y and X , which are supposed to be known.

See the following equation.
{ﬁ,c}}zargmaxhygln p(y,%h,o). 4)
By Bayes’ formula, the joint probability density can be ex-
pressed as
p(y.%:h,0) = p(y | X:h,o) p(X) . )
Because the original image is irrelevant to blur and noise,
the pdf of X is independent on h and o Thus, to solve Eq. (4),
we only need to solve the equation below

{h,6} = argmaxy, , In p(y | %;h, o). (6)
We can obtain from Eq. (3) that p(y| X;h,o) = p(n3) , where

n; is zero-mean Gaussian noise, so we have

p(y|%h,o) ~ N(n3|0,0), (7
or
1

p(y|%h,0)=——=
,,27T‘O'2|‘

AT o
eXp[_(y— MY (y - Hx)],
20 (8)
where H is the degradation function in the form of circular mat-
rix. Take logarithm operation to both sides of the above equa-
tion, and we have

- 1 -
Inp(y| %:h,0) = -—=5(y-HR)"-
20

~ M 2
—HRX)——Ino“ +C,
(y ) > o (9)
where M is the image size and C is a constant. We can get ano-
ther estimation expression by substitute Eq. (6) to Eq. (9), i.e.,

{h,6} =argmin,, 0{%@ ~H)"-
" 20

(y- HX)+MIn02}.

2 (20)

The equation above can be induced to a linear system about

h; and o, whose solution is unique, on the condition that the

degradation function is symmetric and h;=0, Z;h;=1 and h has
finite support (Zou, 2001).

2.3 Restoration

After having finished the PSF estimation, we can use the
Total Variation (TV) regularization method (Zou, 2001) to res-
tore the original image. This method can better preserve the
detail information on the image and suppress the noise. The
cost function is

J(f):%Hg—KfHH%j./\Vf\Hﬂ, (11)

where f and g are the functional of the undistorted image and
the observed noisy and blurred image, respectively, K is the
blur operator, V is the gradient operator, >0 is the regulariza-
tion constant, the integral item is the TV of f and £ is the small
positive integer to avoid non-differentiability of the TV of f at
zero.

The minimization of Eq. (11) with variational method is
equivalent to solve the following Euler-Lagrange equation with
Neumann condition

K™ (Kf —g)+aV~7Vf =0, (12

Ny
where K" is the adjoint operator of K.

As the equation is non-linear, we linearize it with a fixed-
point iterative method (Vogal & Oman, 1998). From an initial
fo, we solve the fixed-point iterative equation below for every
iterative step

\%

KK +av - fMY K", (13)

1/‘Vf (m)‘z +p
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Discrete the iterative equation and we get the following
equation in vector form

(HTH +aDTQ;D)x(M = H Ty, (14)
where H is the non-periodic convolution kernel matrix formed

by the degradation function, x and y are the vector expression of
the undistorted image and the observed noisy and blurred image,

respectively, and DTQ;,lD is the discrete form of the partial

\%

,/‘Vf (m)‘z +p

EQ. (14) can be solved with conventional numerical methods.

differential operatorV - (Zou, 2001). The matrix

3 EXPERIMENTS

We used two high-resolution Quickbird-2 images taken at
different time (See Fig. 2) to verify the proposed approach. Fig.
2(a) is an image of Haihe river mouth, Tianjin, China, shot on
Jan. 9, 2008 and (b) is an image of same scene acquired on Feb.
20, 2009. (e) and (f) are the local zooms of (a) and (b), respec-
tively. It can be seen from (e) and (f) that where is a noticeable
degree of blur on the image shown as Fig. 2(a), while on image
(b) there is not. Therefore, we could estimate the PSF of image
(a) and make the restoration using image (b) as a blur free ref-
erence.

Tl

Fig. 2 Restoration Results (Source: ©DigitalGlobe)
(a) Image to be restored; (b) High quality reference image; (c) Image Restored by IBD; (d) Image restored by the proposed method; (e)—(h) are the zoomed

version of part of (a)—(d), respectively
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First of all, relative radiometric calibration was conducted to
gain a better result. In fact, image (a) had already been cali-
brated with histogram matching method. The method behaves
well for images from the same sensor and taken at different
time (Yang & Lo, 2000).

We also restored image (a) with iterative blind deconvolu-
tion (IBD) method to compare the results. The restored image
and its local zoom are shown in Fig. 2(c) and (g). The IBD
method highly depends on the initiative value of PSF, improper
choice of which frequently make the method end up with appa-
rent ringing effect. If we made a proper estimation of PSF first,
the restoration result could be greatly improved.

The restoration result using the proposed approach and the
local zoom are shown in Fig. 2(d) and (h), respectively. It can
be seen by comparing (h) with the original (e) that the edges
between the ground objects became clearer and the blur was
reduced.

We also applied objective assessment to the comparison of
the images. As we known, the mean of DN values of an image
indicates the overall brightness and the average gradient implies
the sharpness of the details on the image such as edges and
textures. So the two values can be used to evaluate the restora-
tion results (Li & Zhu, 2005). We listed the means and average
gradients in Table 1. The means show that there was no notice-
able loss in brightness after the restoration process with the
proposed method, and the average gradient values indicate that
the sharpness was increased, both of which are in accord with
the visualized judgments.

Table 1 Assessment of restoration results

Image Mean Average gradient
Observed 122.7761 0.0138
Reference 123.1693 0.0553

IBD restored 122.6815 0.0148
Restored with the pro- 122.7673 0.0467

posed approach

4 CONCLUSION

We proposed in this paper a PSF estimation and image res-
toration approach based on a relatively blur free reference im-
age of the same scene. The approach does not need iterative
process and therefore reduces the calculation complexity, which

is desirable in remote sensing applications. Experiments with
genuine remote sensing images showed that we can gain satis-
factory restoration results using the proposed approach.

Restoration methods based on IBD greatly depend on the
choice of initiative value of PSF (Zou et al., 1996). If we made
a proper estimation of PSF first using the proposed method, the
following IBD restoration could avoid apparent ringing effect
caused by an improper choice of PSF initiative values.

Compared with PSF estimation methods based on sharp
edges, the proposed approach does not need to choose edges
interactively and therefore has potential applications in auto-
matic restoration process. For example, in automatic spatial
change detection based on multitemporal remote sensing im-
ages of the same scene, the proposed approach can be used as a
preprocess step to improve the detection accuracy.
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