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Abstract - In this paper we will present some methods to
improve the quality of a given pictures. In particular blind
deconvolution will be applied to deblurr the images. The
deconvolution tries to invert the blurring of an image that is
modeled by the convolution g = f∗h. Blind deconvolution tries
to do this without knowledge of the point spread function
that blurred the image. In this paper first the degredation
model is described as well as problems that have to be
addressed when applying deconvolution i.e. the extreme ill
posedness of the deconvolution and the singularity of the
blind deconvolution. A simple iterative technique has been
developed for blind deconvolution using Richardson Lucy
Algorithm of two convolved functions. The method is
described as follows. The goal of this paper is to study the
Blind Deconvolution using Richardson Lucy algorithm.

Keywords - PSF, Motion Blur, Spatially Varying Motion
Blur, Ego Motion.

I. INTRODUCTION

A. What is an Image?
An image is nothing but a huge collection of numbers

known as pixels. In particular a gray image is an image in
which the value of each pixel is a single sample i.e. it
carries only intensity information. So a pixel in a given
image is just the intensity at that particular point. The pixel
value is a number between 0 and 1 (both inclusive). 0
denotes the total absence (i.e. black) and 1 denotes the
total presence (i.e. white).
B. Point Spread Function:

The Point Spread Function describes the response of an
imaging system to a point source or point object.
Following is an example of a PSF:

Fig.1. Image formation in a Confocal Microscope: Central
longitudinal (XZ) slice, the 3D acquired distribution arises

from the convolution of the real light sources with the
PSF.

C. Poisson Distribution
The Poisson Distribution is a discrete probability

distribution that expresses the probability of a given
number of events occurring in a fixed interval of time
and/or space if these events occur with a known average
rate and independently of the time since the last event.
Poisson Distribution can also be used for the number of
events in other specified intervals such as distance, area
and volume.

Blind deconvolution is the term given to an image
restoration technique in which complete knowledge of
both the point-spread function (PSF) and the object are not
available. Ayers and Dainty (1) proposed a scheme that
essentially generalized the Feinup phase retrieval
algorithm (2) The technique is iterative, and a priori
knowledge is limited to the nonnegativity of images. In
each iteration one obtains estimates of the object and the
PSF by simple inverse filtering. Davey et al. proposed a
similar scheme, but their algorithm assumed further a
priori knowledge, i.e.,the object support was known. In
their study a Weiner-type filter was used to obtain
estimates of the object and the PSF. This method thus
permitted better noise compensation. In this paper blind
deconvolution algorithm based on the Richardson Lucy
(4,5) deconvolution.

The Richardson Lucy algorithm has proved to be robust
in the presence of noise; therefore we thought that a blind
deconvolution algorithm based on this technique might
have advantages over the Ayers Dainty and the
Davey±Lane±Bates algorithms. The results shown here
confirm the high noise tolerance of our new algorithm. To
improve further the performance of this type of algorithm,
we incorporated extra a priori knowledge by assuming a
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functional form for the PSF. It was thought that this
method would produce better results because the number
of unknowns is reduced from thousands of pixel values to
a small number of parameters that describe the PSF. It is
likely that blind deconvolution performed in this manner
would find use in many areas in which it (3) is not
possible to know exactly how an optical system is
aberrated but which could be characterized by a few free
parameters. One example of such an application is in
telescopes in space, where unknown fluctuations of
mirrors, which are due to time-varying gravitational fields,
do not permit exact knowledge of the PSF.

There are two approaches of Blind deconvolution of
images:
1. Identifying the PSF separately from the true image, in

order to use it later with one of the known classical
image restoration methods. Estimating the PSF and the
true image are disjoint procedures. This approach leads
to computationally simple algorithms.

2. Incorporating the identification procedure with the
restoration algorithm. This merge involves
simultaneously estimating  the PSF and true image,
which leads to the developementof more complex
algorithms.

II. BLIND DECONVOLUTION BY RICHARDSON

LUCY ALGORITHM

The Richardson Lucy deconvolution algorithm has
become popular in the fields of astronomy and medical
imaging. Initially it was derived from Bayes's theorem in
the early 1970's by Richardson and Lucy. In the early
1980's it was rederived by Shepp and Vardi as an
algorithm to solve positron emission tomography imaging
problems, in which Poissonian statistics are dominant.
Their method used a maximum-likelihood solution, which
was found by use of the expectation maximization
algorithm of Dempster et al. The reason for the popularity
of the Richardson Lucy algorithm is its implementation of
maximum likelihood and its apparent ability to produce
reconstructed images of good quality in the presence of
high noise levels. We therefore assumed that a blind form
of this algorithm would have the same characteristics. A
blind deconvolution algorithm similar to the one shown
here was also developed by Holmes by use of the
expectation maximization algorithm of Dempster et al. We
begin with a brief review of the Richardson Lucy
deconvolution method and then present the blind form of
the algorithm. The Richardson Lucy algorithm was
developed from Bayes's theorem. Because it relates
conditional probabilities the algorithm takes into account
statistical fluctuations in the signal and therefore has the
ability to reconstruct noisy images. Bayes's theorem is
given by( | ) = ( | ) ( )∫ ( | ) ( )  (1)

Where P(y|x) is the conditional probability of an event
y, given event x. Pis the probability of an event x, and
P(x|y) is the inverse conditional probability, i.e., the
probability of event x, given event y. The probability
P(x)can be identified as the object distribution f(x) the
conditional probability P(y|x)can be identified as the PSF
centered at x, i.e., g p(y) can be
identified as the degraded image or convolution C(y). This
inverse relation permits the derivation of the iterative
algorithm

Fig. Blind deconvolution based on the Richardson Lucy
algorithm.( ) = ∫ ( , ) ( )∫ ( , ) ( ) ( ) (2)

where i is the iteration number. If an isoplanatic condition
exists, then Eq. (2) can be written in terms of
convolutions:( ) = ( )( )⊗ ( ) ⊗ (− ) ( ) (3)

where ⊗ is the convolution operation. The PSF g(x) is
known, so one finds the object f(x) by iterating Eq. (3)
until convergence. An initial guess is required for the
object ( ) to start the algorithm. Then, in subsequent
iterations, because of the form of the algorithm, large
deviations in the guess from the true object are lost rapidly
in initial iterations, whereas detail is added more slowly in
subsequent iterations. Advantages of this algorithm
include a nonnegativity constraint if the initial
guess (x)≥0 Also, energy is conserved as the iteration
proceeds, which is easily seen by integration of both sides
of Eq. (2) over x.

In the blind form of this algorithm two of these
deconvolution steps are required. At the kth blind iteration
it is assumed that the object is known from the k 1
iteration. The PSF ( ) is then calculated for a specified
number of Richardson Lucy iterations, as in Eq. (4) below,
where the i index represents the Richardson Lucy iteration.

This equation is essentially an inverse of Eq. (3),
inasmuch as the object and the PSF have reverse roles, and
it calculates the PSF from the object. Then ( ) is
calculated for the same number of Richardson Lucy
iterations.
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This is done with the PSF evaluated from the full
iteration of Eq. (4). In this case the iteration is performed
in the normal manner of Eq. (3), as shown in Eq. (5)
below. The degraded image is again given as c in both
Eqs. (4) and (5). The loop is repeated as required. One
writes( ) = ( )( )⊗ ( ) ⊗ (− ) (4)

(x)=
( )( )⊗ ( ) ⊗ ( ) ( ) (5)

The above equations are shown in one dimension; the
extension for two-dimensional images is straightforward.

Initial guesses are made for the object ( ) and the
PSF ( ) , and an algorithm loop of the form shown in
Fig. 1 is performed. No positivity constraints are required
because the above equations always ensure positivity. The
algorithm is different from the Holmes algorithm, as only
two Richardson±Lucy iterations are performed within one
blind iteration, one for an object evaluation and one for the
PSF evaluation. It was found that the simulated images
used did not perform well with this type of iteration but
that when the number of Richardson±Lucy iterations
within one blind iteration was increased to approximately
ten a much better performance was obtained.

III. CONCLUSION

A blind deconvolution algorithm has been presented
here that is based on the Richardson Lucy algorithm. The
algorithm presented is similar to that presented by Holmes
(8) The noise tolerance of the present algorithm is also far
better than that of algorithms such as the Ayers Dainty and
the Weiner filter algorithms. In many real situations it may
be the case that some knowledge of the PSF can be
obtained. Therefore functional forms for the PSF's were
chosen with a number of unknown variables. It was found
that accurate deconvolutions of a quality near that of a
deconvolution with full knowledge of the PSF can be
made. It is hoped that this research can be extended to real
images with PSF's containing unknown amounts of
aberration, with the algorithm evaluating both the
aberration coefficients and the object.
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