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ABSTRACT

We present an approach to motion deblurring based on exploiting the informationavailable in two di�erently
exposed images of the same scene. Besides the normal-exposed image of the scene, we assume that a short
exposed image is also available. Due to their di�erent exposures the two images are degraded di�erently: the
short exposed image is a�ected by noise, whereas the normal-exposed image could be a�ected by motion blur.
The method presented in this paper estimates the motion blur point spread function (PSF) that models the
degradation of the normal-exposed image, following to recover the image of the scene by deconvolution. The
main processing steps detailed in the paper are: image registration and motion blur PSF estimation. Image
registration operation includes a preprocessing step meant to cancel the di�erences betweenthe two images
due to their di�erent exposures. Next, the registration parameters are estimated by matching the preprocessed
images based on an image based registration approach. Motion blur PSF estimation is carried out by exploiting
the di�erence between the degradation models of the two images, as well as certain prior assumptions about a
typical motion blur PSF. Experiments and comparisons are presented in order to validate the proposed method.

Keywords: image restoration, motion blur PSF, image exposure

1. INTRODUCTION

A relative motion between the camera and the scene during the image integration time may result in a degradation
of the image quality, known as motion blur. One of the main di�culties in rest oring motion blurred images
consists of the fact that the motion blur is di�erent in any degraded image, depending actually of the camera
motion that took place during the exposure time, as exempli�ed in Fig. 1.

This image degradation dramatically in
uence the user perception of the imaging productperformance, and
hence the manufacturers prioritize their e�orts for developing robust and e�cient soluti ons to this problem. The
main driven factors motivating this work include:

� The need for longer integration times in order to cope with smaller pixel areasthat result from sensor minia-
turization and resolution increase requirements. Thus, the smaller the pixel area the less photons/second
could be captured by the pixel and hence a longer integration time is needed for good results.

� The need for longer integration times in order to acquire better pictures in low light conditions.

� The di�culty to avoid unwanted motion during the integration time when using hi gh zoom, and/or small
hand-held devices.

Various methods for removing or preventing the motion blur degradation have been proposed. The existent
solutions can be divided in two categories based on whether they are aiming to corrector to prevent the motion
blur degradation. In the �rst category are those solutions that are aiming for restoring a single image shot
captured during the exposure time. This is actually the classical case of image capturing, where the acquired
image is typically corrupted by motion blur, caused by the motion that have taken place during the exposure
time. If the point spread function (PSF) of the motion blur is known then the ori ginal image could be restored,
up to some level of accuracy (determined by the lost spatial frequencies), by applying an image restoration
approach.1, 2 However, the main di�culty is that in most practical situations the motion bl ur PSF is not
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Figure 1. Di�erent camera motions cause di�erent blur degradations.

known. Moreover, since the PSF depends of the camera motion during the exposure time, itis rather di�cult to
establish a universal model for the blur process. The lack of knowledge about the blurPSF suggests the use of
blind deconvolution approaches in order to restore the motion blurred images.3, 4 Unfortunately, most of these
methods rely on rather simple motion models, e.g. linear constant speed motion,and hence their potential use in
consumer products is rather limited. Measurements of the camera motion during the exposure time could help
in estimating the motion blur PSF and eventually to restore the original image of the scene. Such an approach
have been introduced in,5 where the authors proposed the use of an extra camera in order to acquire motion
information during the exposure time of the principal camera.

In order to cope with the unknown motion blur process, designers have adopted solutions able to prevent such
blur for happening in the �rst place. In this category are included all optical image stabilization (OIS) solutions
adopted nowadays by many camera manufactures (e.g. Canon, Panasonic, Konika-Minolta, etc.). These solutions
are utilizing inertial senors (gyroscopes) in order to measure the camera motion, following then to cancel the
e�ect of this motion by moving either the image sensor,6 or some optical element7 in the opposite direction.
Apart of cost and size disadvantages associated with these solutions, their are less e�ective for longer exposure
times when the mechanism may drift due to accumulated errors, producing motion blurred images, as shown
in.8

A di�erent method, based on specially designed high-speed CMOS sensors has been proposed in.9 The
method utilizes the possibility to independently control the exposure time of each image pixel. Thus, in order
to prevent motion blur the integration is stopped selectively in those pixels where motion is detected.

In this paper we propose a new method of motion deblurring based on fusing the information available in
two di�erently exposed images of the same scene. The two input images are under- and normal- exposed images
respectively, and hence they are degraded by di�erent factors. Thus, the underexposed image is mainly a�ected
by noise, whereas the normal-exposed image might be a�ected by motion blur if the exposure time is longer, like
it is the case, for instance, in low light conditions. The method presented in this paper estimates the motion



blur point spread function (PSF) that might have been degraded the normal-exposed image, following then to
restore this image by applying an image de-convolution procedure. The main processing steps that are detailed
in the paper are: image registration, and motion blur PSF estimation.

The paper is organize as follows. In section 2 we present an approach to image registration that is speci�cally
designed to cope with di�erent degradations and illumination levels of the two di� erently exposed image shots.
The proposed algorithm of motion blur PSF estimation from the two registered images is presented in section 3.
Experimental results for validating the proposed image registration and PSF estimation approaches are presented
in section 4 of the paper. Finally the conclusions along with a brief summary of the paper are presented in section
5.

2. IMAGE REGISTRATION

Image registration is essential for ensuring an accurate information fusion between the two available images. The
main challenge faced by the registration operation consists of coping withthe signi�cant di�erences between the
two images due to their di�erent degradation models (i.e. noise in the low-exposedimage and motion blur in
the normal-exposed image respectively).

Due to their di�erent exposures the two images exhibit signi�cant di�erence in luminance, t he short exposed
image being much darker than the long exposed image. In order to cancel this di�erence wemultiply the pixel
gray levels of the short exposed image with the ratio between the average intensity levels of the normal and short
exposed images. In doing this we assume that the two images share a large common area, exhibiting similar
average intensities if taken under similar exposure conditions.

The other category of di�erences between the two images consists of image degradations induced by di�erent
exposure times. One image is mainly a�ected by noise whereas the other image maybe blurred due to camera
shake. Both image degradations are mainly a�ecting the high frequency components of an image, destroying the
�ne details present in the original images. On one hand, blurring, caused by various factors like camera motion
during exposure, or out of focus optical system, is a form of bandwidth reduction of the original image. On the
other hand, additive noise present in the image a�ects all frequency bands, but due to high spatial correlation of
natural images, it dominates only at high frequencies. The degradation of high spatial frequencies has a negative
impact on the accuracy achieved by a registration method.

The proposed registration method is using a multi-resolution coarse to �ne strategy. The �nest level though
is limited to a smoothed version of the original image in order to reduce the impact of high spatial frequencies
which are essentially di�erent between the two images.

The levels of the multi-resolution representation are over-sampled, and they are obtained by iteratively
smoothing the original image h, such that to obtain smoother and smoother versions of it. Let~h` denotes the
smoothed image resulted after̀ -th low-pass �ltering iterations ( ~h0 = h). The smoothed image at next iteration
is calculated by applying one-dimensional �ltering along the image rows and columns asfollows:

Tmp( x; y) =
P

c wc
~h`

�
x � 2` c; y

�
;

~h` +1 (x; y) =
P

r wr Tmp
�
x; y � 2` r

�
;

(1)

where wk are the taps of the low-pass �lter.

The registration approach takes advantage of the fact that each decomposition level (~h` ) is over-sampled,
and hence it can be reconstructed by a subset of its pixels. This property allows to enhancethe e�ciency of the
registration process by using only a subset of the pixels in the registration algorithm. The advantage o�ered by
the availability of over-sampled decomposition level, is that the set of pixels that can be used in the registration
is not unique. A broad range of geometrical transformations could be thereby approximated by simply choosing
a di�erent set of pixels to describe the sub-sampled image level. In this way, the over-sampled image level is
regarded as a "reservoir of pixels" for di�erent warped sub-sampled versions of the image, which are needed at
di�erent stages in the registration algorithm.

Let xn;k = [ xn;k yn;k ]t , for n; k integers, denote the coordinates of the selected pixels into the smoothed image
(~h` ). A low-resolution version of the image (̂h` ) can be obtained by collecting the values of the selected pixels:



ĥ` (n; k) = ~h` (xn;k ). Moreover, given an invertible geometrical transformation function t (x ; p), the warping
version of the low resolution image can be obtained more e�ciently by simply selecting another set of pixels
from the area of the smoothed image, rather than warping and interpolating thelow-resolution image ĥ` . This
is: ĥ0

` (n; k) = ~h` (x0
n;k ), where x0

n;k = round
�
t � 1(xn;k ; p)

�
.

The process described above is illustrated in Fig.2, where the images shown onthe bottom row represent two
low-resolutions warped versions of the original image (shown in the top-left corner). The two low-resolution im-
ages are obtained by sampling di�erent pixels from the smoothed image (top-right corner) without interpolation.
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Figure 2. Low-resolution image warping by re-sampling an over-sampled image decomposition level.

The registration method used in our approach is presented in Algorithm 1. The algorithm follows the
framework,10 by taking advantage of the e�ciency improvements proposed there. In addition, the e� ciency
is further improved by simplifying the image warping operations needed in each iteration of the optimization
procedure.

Algorithm 1

Input: the input and reference images denoted byh and g respectively, plus an initial guess of the parameter
vector p = [ p1 p2 � � � pK ]t .

Output: the parameter vector that overlaps the input image (h) over the reference image (g)

1. Calculate the decomposition levels of the two imagesf ~h` ; ~g` j `min � ` � `max g

2. For each level` between`max and `min , do Algorithm 2.



Algorithm 2

Input: The `-th decomposition level of the input and reference images (~h` , ~g` ), plus the last estimate of the
parameter vector p = [ p1 p2 � � � pK ]t .

Output: A new estimate of the parameter vector that overlaps~h` over ~g`

1. Set the initial position of the sampling points xn;k in the vertex of a rectangular lattice of period D = 2 ` ,
over the area of the two smoothed images.

2. Construct the reference image: ^g(n; k) = ~g` (xn;k ).

3. Approximate the gradient ĝx , ĝy of the reference image by applying on ^g the operators:
�

� 1 � 1
1 1

�
, and

�
� 1 1
� 1 1

�
.

4. For each parameterpi of the warping function calculate the image

J i (n; k) = ĝx (n; k)
@tx (x ; 0)

@pi
+ ĝy (n; k)

@ty (x ; 0)
@pi

(2)

5. Calculate the �rst order approximation of the K � K Hessian matrix, whose element (i; j ) is given by:

H (i; j ) =
X

n;k

J i (n; k)J j (n; k) (3)

Iteration:

1. Construct the warped low-resolution input image in accordance to the warping parameters estimated so
far: ĥ(n; k) = ~h` (round

�
t � 1(xn;k ; p)

�
).

2. Calculate the error imageE(n; k) = ĥ(n; k) � ĝ(n; k), and smooth it by applying a 2 � 2 constant mask.

3. Calculate the K � 1 vector of elements:

q(i ) =
X

n;k

E(n; k)J i (n; k); i = 1 ; : : : ; K: (4)

4. Update the parameter vector (p)

There are several possible choices for the iteration stoping criterion in Algorithm 2. In our work we use a
criterion based on the value of the mean absolute error MAE =

P
n;k jE (n; k)j. Thus, in each iteration where

MAE becomes smaller than its minimum value achieved so far, the algorithm stores the parameter vector and
updates the minimum MAE. The iteration process ends when the MAE do not go bellow the last minimum for
a speci�c number of iterations. A maximum number of allowed iterations is also speci�ed in order to ensure
stoping the process in any conditions.

The parameter update procedure (i.e. line 4 in Algorithm 2) depends of the functional form of the geometrical
transformation t (x ; p). For instance, in case of a�ne transformation

t (x ; p) =
�

(1 � p3)x + p4y + p1

p5x + (1 � p6)y + p2

�
; (5)



the parameter update step is accomplished as follows

p = p + diag ( D; D; 1; 1; 1; 1) H � 1q; (6)

whereas in case of a projective transformation

t (x ; p) =
�

(1 � p3)x + p4y + p1

p5x + (1 � p6)y + p2

�
=(p7x + p8y + 1) ; (7)

we have
p = p + diag ( D; D; 1; 1; 1; 1; 1=D; 1=D) H � 1q: (8)

In our implementation of multi-resolution image decomposition (1), we used a symmetric �lter w of size 3,
whose taps are respectivelyw� 1 = 1=4, w0 = 1=2, and w1 = 1=4. Also, in order to reduce the storage space the
�rst level of image decomposition (i.e. ~h1), is sub-sampled by 2, such that any higher decomposition level is half
the size of the original image.

3. MOTION BLUR PSF ESTIMATION

The short and long exposed images obtained after registration are denoted byg1 and g2 respectively. Their
di�erent exposures induces di�erent image formation models, which in our work are assumed as follows

�g 1(x) = f (x) + n1(x);
g2(x) = d(x) � f (x) + n2(x)

(9)

where x = ( x; y) denotes the coordinates of an image pixel,f denotes the original image,� accounts for the
di�erence in illumination between the two observed images,d(x) denotes the motion blur PSF, ni (x), for i = 1 ; 2,
denote zero mean additive noise, and the symbol� stands for the 2D convolution operation. In addition, natural
constraints on PSF like energy conservation and positivity can be also assumed, i.e.:

X

x 2 	

d(x) = 1 ; and d(x) � 0; x 2 	 ; (10)

where 	 denotes the 2D support of the blur PSF.

We note that f can be reduced from the two equations in (9) by convoluting the �rst equation with � d and
adding it to the second equation. Thus, we obtain

g2(x) = �d (x) � g1(x) + n(x); (11)

where
n(x) = n2(x) � d(x) � n1(x); (12)

is colored noise due tod. We assume that the termsn1 and n2 in (9) are white Gaussian noises of variances
� 2

1 and � 2
2 respectively, with � 2

1 � � 2
2 . Consequently, n is a multivariate Gaussian with mean �d � g1 and a

non-diagonal covariance matrix.

At this point we can formulate an initial estimate of the blur PSF in the fo rm of Wiener �lter estimate
derived from equation (11). Thus, under the assumption that � 2

1 � � 2
2 , one can derive the following relation for

the initial estimate d0 of the blur PSF

d0(x) = IFFT
�

� 0G�
1(! )G2(! )

� 2
0jG1(! )j2 + � 2

1

�
; (13)

where capital letters stand for the Fourier transforms of the corresponding signals and IFFT stands for the
inverse fast Fourier transform procedure. This initial estimate captures the most relevant values of the real PSF.
However, due to heavy noise in the short exposed observation, this estimate will be very noisy, often masking in
noise the small values of the PSF which correspond to fast camera motion moments.



To correct this, we propose to re�ne the PSF estimate by including also prior information about the typical
motion blur appearance in the framework of MAP (maximum a posteriori) estimate.

In the following, for tractability of the solution, we will consider only t he diagonal elements of the covariance
matrix of the colored noise term n, which are given by:

� 2(d) = � 2
2 + � 2

1

X

x 2 	

d(x)2 (14)

The posterior probability density function (p.d.f.) of the bur PSF given the two obs erved images can be
expressed by:

p(djg1; g2) =
p(g2jg1; d)p(d)p(g1)

p(g1; g2)
; (15)

from where, retaining only the terms which depend ond, we can write an objective function to be minimized by
the maximum a posteriori (MAP) estimate of the blur PSF:

Q(d; � ) = � logp(g2jg1; d) � logp(d): (16)

The �rst term of the objective function results from equation (11) as follows

� logp(g2jg1; d) �
1

2� 2(d)

X

x 2 


n(x)2 +
N
2

log � 2(d); (17)

where N denotes the number of image pixels andn cane be also expressed as

n(x) = g2(x) � �d (x) � g1(x); (18)

which is equivalent with (12).

The second term in (16) describes the model of the motion blur PSF. Assuming that the camera undergoes
only translational motion during the exposure time we may consider that the PSF is spatial invariant. Thus,
the motion blur PSF can be regarded as the projection of the camera motion trajectory onto the image plane,
resembling thereby the appearance of a ridge that follows a curved trajectory insidethe PSF support (e.g. Fig.
4). In our model of the motion blur PSF we impose this ridge appearance of the PSFby de�ning the prior p.d.f.
as:

� logp(d) �
�
2

X

x 2 	

[1 � m(x)] d(x); (19)

where m(x) denotes the indicator function for the PSF ridge path, i.e. m(x) = 1 if x belongs to the PSF ridge,
and m(x) = 0 otherwise.

Due to physical constraints on camera motion speed and acceleration, the PSF ridge path trajectory can be
assumed continuous and di�erentiable. Consequently, in most of its pointsx, the direction � (x), tangent to the
ridge path is well de�ned. Based on this observation, and aiming for a ridge like appearance of the motion blur
PSF, we de�ne the path function

m(x) =
�

1 if d(x) � d(y ) for any y 2 N (x)
0 otherwise

(20)

whereN (x) denotes a local neighborhood ofx selected along the direction orthogonal to the local ridge orientation
(� (x)).

In practice we do not know the blur PSF in order to calculate m, as shown above. However we can apply
the same approach on an intermediate estimate (e.g. the initial estimate)of the blur PSF, where the local ridge
orientation � (x) in the neighborhood of any point x 2 	 can be calculated using a texture orientation estimator
(e.g.11).



Joining (17) and (19) we obtain the �nal form of the objective function (16) a s follows

Q(d; � ; �; m ) =
1

2� 2(d)

X

x 2 


[g2(x) � �d (x) � g1(x)]2 +
N
2

log � 2(d) +
�
2

X

x 2 	

[1 � m(x)] d(x): (21)

The gradient of the objective function is given by:

r dQ(d; � ; �; m ) =
@Q(d; � ; �; m )

@d

=
� �g 1(� x) � n(x)

� 2(d)
+ � [1 � m(x)] +

N� 2
1

� 4(d)
d(x)

"

� 2(d) �
1
N

X

x 2 


n(x)2

#

; (22)

and

r � Q(d; � ; �; m ) =
@Q(d; � ; �; m )

@�
= �

P
x 2 
 [g1(x) � d(x)] [g2(x) � �d (x) � g1(x)]

� 2(d)
; (23)

where 
 � R2 denotes the image support.

The optimal parameter � can be estimated based on an intermediate estimatêd, by equating with zero the
equation (23). This is:

� (d̂) =

P
x 2 
 g2(x)

h
g1(x) � d̂(x)

i

P
x 2 


h
g1(x) � d̂(x)

i 2 : (24)

and, in the absence of such estimate, a �rst approximation of� could be obtained as the ratio between the means
of the two images:

� 0 =
X

x 2 


g2(x)=
X

x 2 


g1(x): (25)

The objective function (21) is minimized by employing an iterative minimizat ion procedure based on gradient
descent approach, with a variable step size. The prior term (19) is highly dependent ofthe current estimate of
d, and hence the minimization procedure must start with a small prior weight value � = � 0. Next, the value
of the parameter � may increase in order to force the ridge like appearance of the current estimate. The local
orientation in the neighborhood of each pixelx 2 	, is calculated using the the least-square estimator proposed
by Rao.11

4. EXPERIMENTS

We tested the proposed registration algorithm on natural images representing various scenes, as shown in Fig.3.
The images have the same resolution of 512x512 pixels. In order to evaluatethe accuracy of the registration
method we conducted a set of experiments in which a given transformation function,applied on each image,
should be recovered by the algorithm. The transformation parameter vector that we used in this experiments
was p = [10 10 10� ]t , and the initial guess for all tests was the identity transformation (i.e. null parameter
vector). A pair of "input" and "reference" images have been created from each test image by applying the above
transformation. The transformation estimated by a certain algorithm was then evaluated based on its ability to
overlap the corresponding pixels of the two images. In our work, we used as error criterion the distance between
the centers of two most distanced corresponding pixels after registration.

The following registration algorithms have been used for comparison:

a The proposed method, where the coarsest decomposition level of the images is set to `max = 5, and the
�nest level was set to `min = 2. As mentioned also in the text, the images at all levels are sub-sampled by
2, with respect to the original image, and hence the four levels of decomposition employed here require a
total memory space equal with the intensity component of the original image.



Figure 3. The set of various natural images used for evaluation tests.

b A course-to-�ne Gaussian pyramid approach that employs the ICA algorithm10 at each level of the pyramid.
Cubic interpolation was used in order to accomplish the various image warping operations needed at each
level during the iterative optimization procedure. The coarsest level was set to 4 andthe �nest level was
set to 0 level which corresponds to the original image resolution.

We distinguish between two sets of experiments according to the degradations appliedto each pair of "input"
and "reference" images before submitting them to the registration algorithm. These are:

1. Clean image tests: No image degradation have been added to the images before registration. For each
test image, a registration experiment was performed with each one of the registration methods considered
here.

2. Degraded image tests: In these experiments we simulate the real environment in which the registration
approach will be used. The two images are degraded di�erently by noise and motion blur respectively.
The short exposed image is simulated by adding a zero mean Gaussian noise of normalized variance 0.01
(i.e. using Matlab imnoise() method). The long exposed image is simulated by applying a linear motion
blur of length 15 pixels and random orientation. We performed a number of 10 experiments per image. In
each such experiment a new realization of the Gaussian noise and new motion blur orientations have been
randomly generated in the corresponding images.

Clean images Degraded images
Error (pixels)

Method avg.(std.) / above 1 avg.(std.) / above 1
(a) 0.22 (0.07) / 0% 0.23 (0.09) / 0%
(b) 0.10 (0.07) / 0% 0.55 (0.38) / 16.67%

Table 1. Image registration accuracy achieved by the two methods described in the text. The entries of the table show
the average and standard deviation of the errors found in all experiments , as well as the percentage of experiments when
the error was above 1 pixel.

The results in Table 1 show that the proposed approach achieves sub-pixel registration accuracy in all tests.
In contrast the method (b) achieves better registration accuracy in the "clean image tests" but it is outperformed
by the proposed method in the real test when the images are degraded by motion blur and noise respectively. In
addition the proposed method has also the advantage of a much lower computational complexity than (b).

We tested the blur PSF estimation algorithm based on several simulations as well as real image examples.
The motion blur PSFs that are used in this simulations are shown in Fig. 4. These PSFs are more realistic than
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Figure 4. The motion blur PSFs used in the experiments.

a simple linear and uniform motion, including non-uniform power distributions caused byvariable motion speed,
as well as curved trajectories.

In each experiment we create the two input images starting from the original "cameraman" image. The image
g1 is obtained by adding white Gaussian noise of di�erent variances plus Poisson noise. The level of noise in each
example is then measured by means of the signal-to-noise ratio (SNR) with respectto the original image. The
second image (g2) is obtained by applying one of the the motion blur PSFs onto the original image. The SNR is
also used in this case in order to evaluate the degradation of the image in comparison with the original image.
In each experiment, the PSF estimated by the algorithm was used to restore theoriginal image by applying the
Richardson-Lucy algorithm1 onto the image g2.

The ability of the proposed algorithm to estimate the motion blur PSF is evaluated based on the improvement
in SNR achieved after deconvolution. Figure 5 shows the results obtained with various blur PSFs, assuming
various levels of noise in the short exposed image. As one would expect, the improvement in SNR achieved by
the algorithm depend of the motion blur PSF as well as of the level of noise in the short exposed image. The
larger the SNR of the short exposed image the better the result. However, we notethat the algorithm is able to
achieve an improvement in SNR of several decibels even in the case the short exposed mage is very noisy (e.g.
0.1dB SNR). A visual example of motion blur identi�cation is shown in Fig. 6 , where the blur PSF2 was used in
conjunction with a noisy image of SNR 2.8dB. The estimated PSF approximates thereal one su�cient to allow
the restoration of the original image with an SNR of 24dB.
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Figure 5. The improvement in the SNR obtained for di�erent PSFs and di�eren t levels of noise in the short exposed
image.

The proposed algorithm have been also applied on pairs of di�erently exposed real images. One example is
shown in Fig. 7 where the two di�erently exposed images (a) and (b) have been acquired in low-light conditions
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Figure 6. Example of motion blur estimation: (a) the noisy image frame, (b) the blur red image frame, (c) the restored
image based on the estimated PSF, (d) the estimated PSF.

using a digital camera. The exposure times of the two images are speci�ed in the caption of the �gure.
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Figure 7. Example of motion blur PSF estimation and image restoration: (a) the short ex posed image (1/100 sec), (b)
the normal exposed image (1 sec), (c) the estimated PSF, and (d) the restored image.

5. CONCLUSIONS

We presented a method of motion deblurring based on using the information available in two di�erently exposed
image frames of the same scene. The method comprises two steps: image registration and motion blur estimation
which are both detailed in the paper. The main challenge for the image registration operation consists in dealing
with the di�erences between the two images due to their di�erent degradation models. The proposed registration



method includes a preprocessing step that modi�es the two images such that to make them more similar (e.g.
intensity adjustment to correct the exposure di�erence, spatial low pass �ltering to remove the discrepancy
between noisy and motion blurred images). Next the registration parameters are estimated by matching the
preprocessed images based on an image based registration approach. Motion blurPSF estimation is carried out
by exploiting the di�erence in the degradations which a�ect the two images. We incorporate the degradations
into appropriate image formation models for both images. Next, priorassumptions about the motion blur PSF,
like its ridge like appearance, are used in our work to derive a maximum a posteriori (MAP) estimate of the
motion blur PSF. Finally, the restored image of the scene is obtained by applyinga deconvolution procedure
onto the normal-exposed image based on the estimated motion blur PSF. Several experiments and comparisons
have been presented in order to validate the proposed method.
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