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Abstract:

This paper introduces implementation of some image restoration techniques, which can
be applied for satellite images. These techniques are, inverse filter, iterative method, wiener
filter, regularized deconvolution filter and wavelet-based method. The restoration techniques
are applied on several satellite images associated with atmospheric turbulence blur at different
variance of additive noise to check the performance of each technique and its capability to
restore the degraded image as close as possible to the original image. Also, comparison
studies between these techniques are introduced based on measures like Peak Signal-to-Noise
Ratio (PSNR) and Root Mean Square Error (RMSE). The experimental results show that: the
wavelet method is the most suitable restoration technique for satellite images, since it gives
high PSNR and small RMSE with respect to the other restoration techniques.
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1- Introduction

When image data is recorded by sensors on satellites and aircrafts. It may contain some
degradations. The degradation comes in many forms such as motion blur, noise, atmospheric
turbulence and camera misfocus. Thus when an image is to be utilized, it is necessary to make
corrections. These corrections are achieved by image restoration, which is a process that
attempts to recover an image that has been degraded by using some priori knowledge of the
degradation phenomenon. Therefore restoration techniques are oriented toward modeling the
degradation and applying the inverse process in order to recover the original image [1].

The image restoration techniques that are described in this paper in frequency domain
and fall under the class of linear spatially invariant restoration filters. Assuming that the
blurring function acts as a convolution kernel or point-spread function (PSF) that does not
vary spatially. It is also assumed that the statistical properties (mean and correlation function)
of the image and noise do not change spatially. Under these conditions the restoration process
can be carried out by means of a linear filter of which the PSF is spatially invariant, i.e., is
constant throughout the image [2].

This paper is organized as follows: Section 2 presents the problem statement and the
proposed solution of the image degradation / restoration process. Section 3 introduces the
atmospheric turbulence blur model. Section 4 introduces a study analysis on some of
restoration techniques. Section 5 shows the analysis that is performed on the most popular
restoration techniques, and the comparative study between these techniques. Section 6
concludes the work results. Finally, references are given in section 7.
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2- Problem statement

The general problem is the restoration (deconvolution) of a satellite image from blurred
and noisy data. Fig. (1) shows, the degradation model, which is represented in the spatial
domain by [1], [2]:

g0,y =d(x,y) 8f(x,y)+n(x,y) @

Where f (x, y) and g (x, y) denote respectively the original and observed degraded image,
d (x, y) is the impulse response of the degradation function, ®® two-dimensional (2-D)
discrete linear convolution and # (x, y) is the additive noise. Sometimes the noise is assumed
to have a Gaussian probability density function with zero mean and to be white.

Fig. (1) shows the objective of restoration process is to obtain an estimate /' (x, ) to be as
close as possible to the original image f (x, y) given g (x, y) and d (x, y). In general, the more
known about d and # the closer f (x, y) will be to f (x, ).
So the equivalent frequency domain of Eq. (1) is [1], [2]:

G (u,v)=D (u,v) * F (u,v) +N (u, v) (2)

Where (u,v) are the spatial frequency coordinates, and capitals represent Fourier transforms.
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Fig. 1. A model of the image degradation / restoration process

3- Atmospheric Turbulence Blur Model

The PSF d (x, y) describes how the imaging system distributes the radiation field
received from a point source or point scatter and hence governs the resolution that can be
obtained. The PSF also determines the frequency content of the image since high resolution
is associated with high frequency information. The narrower the PSF, the greater the
frequency content of the image and greater its resolution. The result of deconvolving
(deblurring) an image is to increase its spatial frequency content and hence restore its
resolution [3]. For spatially continuous blurs and for spatially discrete blurs the PSF is
constrained to satisfy [2]:

I:ﬁ Ij; d (x , y) dxdy =1 3)

> > d(n;,n,) =1 @)
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The common type of PSF that affect the satellite images is the atmospheric turbulence,
which is a severe limitation in remote sensing. Although the blur introduced by atmospheric
turbulence depends on a variety of factors (such as temperature, wind speed, and exposure
time), for long — term exposures the PSF can be described reasonably well by a Gaussian
function. Here o, determines the amount of spread of the blur, and constant C is to be chosen

so that Eq. (3) is satisfied [2].

d (x.y50 4 )= C exp [——’Cz*yzzJ ®)
20
4- Image Restoration Techniques

In this section the PSF of the blur is satisfactory known. The methods will be introduced
for removing the blur from the recorded image using a linear filter are inverse filter, iterative
method, wiener filter, regularized deconvolution filter and wavelet-based method.

4.1 Inverse Filter

The simplest approach to restoration is direct inverse filtering, where an estimate F (i, v),
of the original image simply is computed by dividing the degraded image, G (u, v), by the
degradation function D (u, v) in the absence of noise. The inverse filtering responds very
badly to any noise in the image because noise tends to be high frequency [4].

G (u,v)

FA(u,v):m (6)

Substituting the right side of Eq. (2) for G (1 v) in Eq. (6) yields

N (u,v)
D (u,v)
In the ideal case, invert all the elements of D to get a high pass filter. However, notice that a
lot of the elements in D have values either at zero or very close to it. Inverting these elements
would give us either infinities or some extremely high values. In this case the ratio
N (u, v) /D (u, v) could easily dominate the estimate F "(, v). In order to avoid these values,
D should be thresholding before taking the inverse, as follows [5]:

F "(u,v)y= F (u,v) + )

)- D (u,v) if D (u,v)> n 8)

D (u Y
n otherwise

Where 7 is a threshold, and set arbitrarily close to zero for noiseless cases, but in case of noise
it higher than zero.

4.2 Iterative Method

The idea behind the iterative procedure is to make some initial guess of f based on g and
to update that guess after every iterations. The basic form of iterative restoration filters is the
one that iteratively approaches the solution of the inverse filter, and it is given by the
following spatial domain iteration:

fo,o(ny,ny,) =241 %*g(n,,n,) )
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Where f, is an initial guess usually in the first iteration is chosen to be identical to zero or
identical to g. Here f; is the restoration result after k iterations. If the number of iterations
becomes very large, then f; approaches the solution of inverse filter. If our f; is a good guess,
eventually f; convolved with d will be close to g. When that happens the second term in the
f “er1 equation will disappear and ﬁf and f “err will converge. A is our convergence factor and it
lets us determine how fast f; and el converge [6], [7].

If we take both of the above equations to the frequency domain, we get
F,) W,v)=1=G (u,v) (11)

FooG@.ov)= 0 G@.v)+ 2 (G @.v)- F, @.v)«D@,v)) (12

The convergence occurs if the convergence parameter 4 satisfies:
| 1-AD (u,v) | <1 forall (u,v) 13)

Where D (u, v) is the 2D discrete Fourier transform (DFT) of d (x, y) and |z| denotes the
magnitude of a complex number z. Using the fact that |D (u, v)| < I, this condition simplifies
to [8]:

0<i<2, D(uv)>0 (14)
4.3 Minimum Mean Square Error (Wiener) Filtering

Wiener deconvolution can be used effectively when the frequency characteristics of the
original image and additive noise are known. The Wiener filtering executes an optimal
tradeoff between inverse filtering and noise smoothing. It removes the additive noise and
inverts the blurring simultaneously. In the absence of noise, the Wiener filter reduces to the
ideal inverse filter. The Wiener filtering is optimal in terms of the mean square error. In other
words, it minimizes the overall mean square error (MSE) between the ideal and restored
image in the process of inverse filtering and noise smoothing [1].

MSE =E(f(n1,n2)—fA(nla"z)J (15)

Where E {.} is the expected value of the argument. The Wiener filter in Fourier domain can
be expressed as follows [1], [9]:

5

W (u,v) = D (u,Sv) ) (16)
|D (u,v)|2+ i ’
S (u ,v)

xx

Where Sy (u, v) = |F (u, v)| 2 Sun (u, v) = |N (u, v)| ? are respectively power spectrum of the
original image and power spectrum of additive noise, D (u, v) is blurring filter and
D" (u, v)is a complex conjugate of D (u, v). It is easy to see that the wiener filter has two
separate parts, an inverse filtering part and a noise smoothing part. It doesn’t only perform the
deconvolution by inverse filtering (high-pass filtering) but also removes the noise with a
compression operation (low-pass filtering). When dealing with spectrally white noise, the
spectrum |N (u, v)| ° is a constant, which simplifies things considerably. However, the power
spectrum of the undegraded image seldom is known.
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An approach used frequently when these quantities are not known or cannot be estimated is to
approximate Eq. (16) by the expression [1], [2]:

D " (u,v)

W (u,v) = |2 7 a7

+ -

(SNR )
Where SNR is a constant represents a Signal-to-Noise ratio. The estimated image can be
obtained by:

|D (u,v)

F (u,v)y=w (,v) G @,v) (18)
4.4 Constrained Least Squares Filtering (Regularized filter)

Regularized filter is another approach for overcoming some of the difficulties of the
inverse filter (excessive noise amplification) and of the Wiener filter (estimation of the power
spectrum of the original image). A regularized filter requires Knowledge of only the mean
and variance of the noise. These parameters usually can be calculated from a given degraded
image, so this is an important advantage than the Wiener filter. A more reasonable
expectation for the restored image is that it satisfies [1], [3], [9]:

N -1 M -1

> Y (e(n,on,)—d(ny,ny)xxf " (n,,n,)) ~ o @19

n;=0n;=20
2 . . . . . . .
Whereo, is noise variance. The regularized filter in Fourier domain can be expressed as

follows: D" (u.v)

|D (u,v)|2 + 7/|P(u,v)|2

H o (u,v) = (20)
Herey is a tuning or regularization parameter that should be chosen such that Eq. (19) is
satisfied, and P(u,v)is the Fourier transform of the PSF of a 2-D high-pass filter .We
recognize this function as a 2-D Laplacian operator as follows [1], [10]:

0 -1 0
p(x,y)=|-1 4 -1 21
0 -1 0
The estimated image can be obtained by:
F " (u,v) = H (u,V)G(u,v) (22)

4.5 Wavelet-Based Method

The Wiener filtering is the optimal tradeoff of inverse filtering and noise smoothing but
in the case when the blurring filter is singular, the Wiener filtering actually amplifies the
noise. Thus a denoising step is needed to remove the amplified noise. Wavelet method is a
successful approach introduced recently by R. Neelamani et al. The idea of wavelet-based
deconvolution technique for ill-conditioned systems is to employ both Fourier-domain
Wiener-like and wavelet-domain regularization. The regularized inverse filter is introduced by
modifying the wiener filter with a new-introduced parameter [11], [12]:

D*(u,v)Sxx (u,v)

G,(u,v)= >
D (u,v)|"S,(u,v)+aS,, (u,v)

(23)
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The parameter (o = 0.27) can be optimally selected to minimize the overall mean-square error.
The block diagram of the Wavelet restoration algorithm is displayed in Fig. (2) [13].

"(x ¥l
f(X, l’;:' *Q‘ ["x 3,«;] Re H I-nf’xJ 3"’;] Redundant fres(xJ V;]
= s gularized
dix, y . o | | Wavelet |
- ™ w inverse G, Transform

Fig. 2. The block diagram of the Wavelet restoration algorithm

The operation start by applying the regularized inverse filter in Fourier domain to cancel
the blurring in the noisy degraded image g to obtain /. Apply the wavelet denosing algorithm

in wavelet domain to reduce (smooth) the noise in /" to obtain the restored image Jfres -

5- Experimental work

The analysis is performed on inverse filter, iterative method, wiener filter, regularized
deconvolution filter and wavelet-based method as the most popular restoration techniques.
The comparative study between these techniques is applied on several satellite images with
atmospheric turbulence blur at three different noise level using PSNR and RMSE as a metric
measures.

To compare between these algorithms a set of 10 satellite sub-images are used namely
imgsat 1, imgsat 2,....imgsat 10 respectively. The images are acquired by the commercial
Remote Sensing satellites SPOT 5 (imgsat 1, imgsat 3, imgsat 5, imgsat 7, imgsat 9) and
LANDSAT 7 (imgsat 2, imgsat 4, imgsat 6, imgsat 8, imgsat 10). The images format is TIF,
gray scale of 8-bit, and the images size is 256X256 pixels. The analysis programs are
performed using MATLAB 6.5 with a PC whose configuration is (Pentium IV, Intel 2.6 GHz
processor, 512 Mbytes cash memory, 256 Mbytes RAM).

To study the effect of the implemented restoration techniques on images with
atmospheric turbulence blur at three different noise variance. Fig. (3) depicts an example of
two original satellite images as shown in Fig. (3.a). Fig. (3.b) shows the noisy degraded image
with atmospheric turbulence (og = 1.2) and noise variance = 0.01. The results of applying the
inverse filter, iterative method, wiener filter, regularized filter and wavelet-based method are
shown in Fig. (3.¢), Fig. (3.d), Fig. (3.e), Fig. (3.f), and Fig. (3.g) respectively.

Imgsatl (d)




Proceedings of the 5™ ICEENG Conference. 16- 18 Mav. 2006 |[RE-1- 7

Imgsat9

(d)

Fig. 3. An example of two satellite images after applying the different image restoration
techniques with atmospheric turbulence (6= 1.2) and noise variance = 0.01.

To evaluate the performance of the implemented restoration techniques and their capabilities
to restore the degraded image as close as possible to the original image. The RMSE and
PSNR are computed for 10 satellite sub-images at noise variance = 0.01, as reported in Table
1. From Table 1, it could be noticed that the wavelet-based method gives high average of
PSNR and small average of RMSE with respect to the other restoration techniques.

Table 1. Comparison of the different image restoration techniques with atmospheric
turbulence (o= 1.2) and noise variance = 0.01.

cat llo Inverse Fifter Tterative Method Wiener Filter | Regularized Filter | Wavelet Method
PSHR | RMSE | PSHR | RWMSE [ PSHR [ RMSE | PSHR | RMSE | PSHE | RMSE |

mgsat 1 5.0653 | 92018 [ 12907 | 63.305 [ 10.713 | 29.321 | 21.062 | 22.500 15.7T47 | 29,451
Tngs&? | 8560 | 95077 | 11824 | ©5.357 [19.750 | 26.242 | 26.580 [ 1.950 | 26.376 | 12.308 |

mgsat3 | 3350 | 07.507 | 11.303 | 69.397 | 11.028 | 35.002 | 18.319 10.913 18.220 | 31.296
Tngs&d | 5.720 | 93.439 [ 12145 | ©2.987 [ 20.000 | 25.499 | 20.787 [ B.7632 [ 29.800 | 8.2510 |
mgsatd [ 10.07 | §0.431 [ 13.19% | 52.003 | 20.029 | 2300 | 22.262 19.653 25457 | 14.087 |
Tngs®© | 9957 | 98849 | 12667 | 59.314 [A9.757 | 26.2227 | 26.580 [ 11.945 [ 26.583 | 11.950 |
mgsak T [ 9.136 | G83.103 | 13.500 | 53.522 | 20.389 | 24.362 | 26.001 | 12.660 | 25.769 [ 9.2913 |
imgs®§ | 9.496 | 85939 [ 1771 [ 58.600 | 19.967 | 28.085 [ 19.050 | 75.045 | 2019 [ 25.087 |

T Tmgsa 9 | 8.625 | 94456 | 12.069 | 63.591 | 19.699 | 25.196 | 26.248 | 12.320 | 25.250 | 13.097

Ingsa& 10 | 5.897 | O9.606 | 12300 | 60.876 [ 19.857 | 25.923 | 24.438 [ 15.297 [ 24595 | 15023
Average | 9.037 | 90243 | 12967 | 60.900 | 19.543 | 27.056 | 24.040 | AT.0T | 24.350 | 17.065 |

To study the effect of increasing the noise variance on images. Fig. (4) depicts an example of
two original satellite images as shown in Fig. (4.a). Fig. (4.b) shows the noisy degraded image
with atmospheric turbulence (o= 1.2) and noise variance = 0.05. The results of applying the
inverse filter, iterative method, wiener filter, regularized filter and wavelet method are shown
in Fig. (4.c), Fig. (4.d), Fig. (4.e), Fig. (4.1), and Fig. (4.g) respectively.

Imagsatl

(d)
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Imgsat9

Fig. 4. An example of two satellite images after applying the different image restoration
techniques with atmospheric turbulence (6= 1.2) and noise variance = 0.05.

Again, The RMSE and PSNR are computed for the same 10 satellite sub-images at noise
variance =0.05, as reported in Table 2. From Table 2, it could be noticed that the wavelet-
based method gives high average of PSNR and small average of RMSE with respect to the
other restoration techniques.

Table 2. Comparison of the different image restoration techniques with atmospheric
turbulence (6= 1.2) and noise variance = 0.05.

. Inverse Filter | Merative Method | Wiener Filter | Regularized Filter | Wavelet Method
PSHR | RMSE | PSHR | RMSE | PSHR | RMSE [ PSHR [ RMSE | PSHR | RWSE |
mgs&1 | 2878 | 193.063 | 1167 | 191.735 | 13.337 | 54913 [16.763 [ 37.008 | 17.584 | 312534
ngs& ? | 2806 | 194590 | 6.080 | 198037 [ 13.200 | 55.500 [ 2290 [ 18.070 | 23499 [ 17652
mgs& 3 | 2921 | 192.165 | 5.888 | 195378 | 12759 | 58.688 [ 16.328 [ 38.014 | 17506 | 13.529
ngsa 4 | 2808 | 194550 | 7000 | 12670 [ 13.307 | 54536 [ 22780 [ 18515 | 24736 | 14.790 |
mgs& 5 | 3.613 | 168.207 | 777 | A01.847 | 14533 | 37851 (4737 [ 36.136 | 21.202 | 22.903 |
mgs& 6 | 2.835 | 193976 | 7.353 | 109.361 | 13.527 | 53.756 [ 20.380 [ 24518 | 3.9 [ 1720
mgs& T | 3007 | 178050 | 7087 | 104550 [ 14050 | 50699 [ATA12 [ 35555 | 23506 [ 16.854
mgs& 8 | 4945 | 152.855 | 8.069 | A00.711 | 14.586 | 47550 [13.261 [ 55.270 | 18.276 | 31.098 |
ngs& 0 | 2080 | 190850 | TA8T | 191478 [ 13.530 | 53.690 [19.895 [ 25.800 | 22647 [ 1881
TEngs®& 10 | 3199 | 178.168 | 7320 | 109.787 | 13.757 | 52319 [ 18.068 [ 31.852 | 22069 | 70.093 |
Kverage | 3150 | 177690 | 7378 | 09.160 | 13.670 | 29.080 [ 18220 [ 33.220 | 21.955 | 72.50% |

Fig. (5) depicts an example of two original satellite images as shown in Fig. (5.a). Fig. (5.b)
shows the noisy degraded image with atmospheric turbulence (6= 1.2) and noise variance =
0.1. The results of applying the inverse filter, iterative method, wiener filter, regularized filter
and wavelet-based method are shown in Fig. (5.c), Fig. (5.d), Fig. (5.e), Fig. (5.f), and Fig.
(5.g) respectively.

Imagsatl

(d)
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Imgsat?

Fig. 5. An example of two satellite images after applying the different image restoration
techniques with atmospheric turbulence (6= 1.2) and noise variance = 0.1.

Again, The RMSE and PSNR are computed for the same 10 satellite sub-images at noise
variance = 0.1, as reported in Table 3. From Table 3, it could be noticed that the wavelet
method gives high average of PSNR and small average of RMSE with respect to the other
restoration techniques.

Table 3. Comparison of the different image restoration techniques with atmospheric
turbulence (6= 1.2) and noise variance = 0.1.

. Inverse Filter | Meraive Method | Wiener Filter ] Regularized Filter | Wavelet Method

PSHR T RMSE [ PSHRE | RMSE [ PSHR | RMSE | PSHR [ RMSE [ PSHE | RMSE |
gsa1 | 0092 | 230.995 | 519 | 181722 | 10097 | 70900 [ 13.060 | 54180 | 17.209 | 35.190 |
ngsa 2 | 0425 | 232900 | 5.153 | 130.882 | 10078 | 72088 [ 21452 | 21513 | 21.678 | 21.020 |
ngs& 3 | 0.637 | 236050 | 5970 | 130.600 | 10.837 | 7518 [ 12563 [ 60.031 | 16.855 | 36.629 |
ngsa 4 | 0.365 | 234087 | 5.088 | 147.048 | 11.000 | 77.120 | 18608 | 29.930 | 22.350 | 19.954
ngs& 5 | 0.047 | 225765 | 5.087 | 135577 | 12066 | 63564 [ 12383 | ©1.286 | 15.520 | 29.200 |
Ingsa© | 0326 | 235590 | 5.075 | 132.155 | 11237 | 69.893 [ 16.152 [ 30.710 | 21.615 | 21472
ngs& 7 | 0527 | Z39.980 | 5.199 | 140.135 | 190794 | ©6.194 [16.730 [ 37914 | 20.860 | 23.095 |
Timgsa 8 | 2199 | 198.063 | G.165 | 125390 | 12403 | 63.297 | 0.447 | 85.088 [ 16.657 [ 37.469
ngs& 9 | 0.631 | 237900 | 5.289 | T38.700 | 11257 | 60.772 [ 14804 | 6377 | 20.999 | 22.07% |
mgs& 10 | 0.6671 | 236.097 | 5.289 | T38.078 [ 11.038 | 68.365 | 12.898 | B7.050 [ 20.253 [ 24.765
Average | 0.720 | 235400 [ 5.305 [ 136.500 [ 11380 [ 65.829 | 94850 | 9391 [19.729 [ 21077 |

Fig. (6) depicts the effect of three different noise levels with atmospheric turbulence blur after
applying the wavelet restoration technique.
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Fig. 6. The effect of increasing the noise levels with atmospheric turbulence blur after
applying the wavelet restoration technique.
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6- Conclusion

The experimental results showed that,

= The inverse filtering and iterative method do not deal well with noise but the
iterative method deals a little better with noise than the inverse filtering. Also, the
regularized filter requires Knowledge of only the mean and variance of the noise.
These parameters usually can be calculated from a given degraded image, so this is
an important advantage than the wiener filter. Finally the wavelet-based method is
the most suitable restoration technique for satellite images, since it gives high PSNR
and small RMSE with respect to the other restoration techniques.

* Increasing the noise level leads to increasing the RMSE and decreasing the PSNR
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