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Abstract—Many imaging systems are faced with the problem
of estimating a true image from a degraded dataset. In such
systems, the image degradation is translated into a convolution
with a Point Spread Function (PSF) and addition of noise. Often,
the image recovery by inverse filtering is not possible because the
PSF matrix is ill-conditioned. Maximum Entropy (MaxEnt) is an
alternative method, which uses the entropy concept for estimating
the true image. This paper presents MaxEnt method, starting
with the historical references of the entropy concept and
finalizing with its application in image restoration and
reconstruction. The statistical model of MaxEnt for images is
discussed and the connection of MaxEnt with the Bayesian
inference is explained. MaxEnt is evaluated by using a modified
version of Cornwell algorithm. Two cases are considered: images
degraded by various PSF kernels in presence of additive noise
and images resulted from incomplete datasets. The tests show
PSNR gains ranging from 1 to 7dB for the degraded images and
images reconstructed at 25dB from datasets with up to 80%
missing pixels.
Index Terms—image processing, image reconstruction, image
representation, image restoration, image sampling.

I. INTRODUCTION
The origin of the entropy concept is in thermodynamics. It is
linked to the work of Clausius and the formulation of the
second law of thermodynamics. Clausius used the entropy to
express the loss of heat in thermodynamic systems. The
entropy of Clausius is defined as [1]:

S  Q /T

(1)
where Q is the quantity of heat and T the temperature. The
variation of S during a cyclic process represents the loss of
heat. Clausius coined the term of entropy in 1865 and
explained the preference for this word by its etymology. In
Greek, trope means transformation.
Several years later, in 1877, Boltzmann developed a
statistical evaluation of the entropy. He introduced the notion
of probability in the definition of the entropy and expressed it
as [1, 2]:
S B ()  k log W
(2)

normalized by the number of all possible microstates. In
Boltzmann’s entropy, W is actually the number of microstates
corresponding to  .
This number can be counted by using the formula for
permutations [1,2]:

  N !/  N i !

where N is the number of particles and N i is the particles
distribution. This particular calculus for W holds only for the
equilibrium state where all the microstates complying with the
state distribution have the same probability.
Gibbs generalized Boltzmann’s entropy to:
m

S ( p)  k B  pi log( pi )

(4)

i 1

where pi are the probabilities of the microstates
corresponding to  . The expression (4) holds for any
macrostate not only for the equilibrum one. Gibbs entropy
equals Boltzmann’s entropy for pi  ct. In this latter case, the
entropy reaches its maximum.
Based on Boltzmann’s observation that a thermodynamical
system evolves toward the equilibrium state, which is the most
probable one, Gibbs introduced in 1902 the criterion of
maximum entropy.
This criterion states that the macrostate of a system is
determined by the probability distribution that maximizes the
entropy, given some constraints [2].
The entropy has turned the interested of many scientists and
researchers over the century and not only in thermodynamics
or statistical mechanics.
In 1948, Claude Shannon considered a very different
problem. While studying information transmission in noisy
channels, he defined a measure for the uncertainty of a signal
source. He gave the name of entropy to this measure, at the
suggestion of the mathematician John von Neumann, who
remarked the similarity with the formula of entropy in
thermodynamics. Shannon’s entropy is [3]:
n

H ( X )   p( xi ) log p( xi )

where S B () is the system entropy in the macrostate ,  is
Boltzmann’s constant and W is proportional to the macrostate
probability.
Boltzmann asserted the fact that the macrostates supervene
the microstates. A microstate is defined by the states of
the N particles constituting the system. Since many distinct
microstates can correspond to a given macrostate, the
probability of  is given by its number of microstates

(3)

i

(5)

i 1

where X is the signal source generating random variables with
and
probabilities
n
outcomes X  {x1  xn }
.
P( X )  { p ( x1 )  p ( xn )}
In Shannon’s Information Theory, the source with maximum
entropy provides the maximum quantity of information.
After Shannon’s theory publication, Jaynes established the
connection between Information Theory and mechanical
statistics (1957) [4]. He stated that Maximum Entropy
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(MaxEnt) is a general principle in setting up distributions from
incomplete knowledge.
This was used for the first time in image restoration by
Frieden [5]. Six years later, Gull and Daniell were publishing
encouraging results on the restoration of radio astronomy
images by using the same principle [6].
In the beginning of 90s, John Skilling gave a Bayesian
interpretation to this method and stressed the fact that it is the
only generally acceptable procedure for assigning prior
probabilities [7].
By using the Bayesian frame, he also gave a solution for the
reasonable choice of regularizing parameter α in MaxEnt
objective function. Until then, this parameter was traditionally
set such to have the  2 misfit of MAP solution approximately
equal to the number of image pixels.
The Bayesian choice for α (always less or equal to the
traditional choice) revealed a major drawback of maximum
entropy image model, that of no prior information on pixel to
pixel correlation. It has been introduced under the form of an
Intrinsic Correlation Function (ICF) that convolved with the
MaxEnt solution, gives the restored image.
The method evolved as an imaging tool along the years,
especially for space imaging applications.
Since the use of a unique ICF was not satisfactory for the
restoration of images containing both sharp and extended
structures, Weir [8] proposed a multichannel maximum
method (MEM).
In MEM, the restored image is a sum of a set of restored
image channels, each of which with a different ICF. Heuristic
weights are given to the contributing channels.
Bontekoe [9] took the idea further and introduced in 1994
the concept of Pyramid MEM, where the channels are a multiresolution pyramid representation of the restored image.
Compared with MEM, the Pyramid MEM requires lower
computing power. The method was dedicated to the
construction of high-resolution images from the Infrared
Astronomical Satellite (IRAS) survey data.
Pantin and Stark [10] replaced the pyramid representation
by the wavelet transform, a tool that decomposes the signal in
different frequency bands and naturally provides a
multiresolution representation of images. In this frame, they
established a link between the channel weight (until then
heuristically determined) and the standard deviation of the
noise in that channel and removed the problem of determining
of α by preserving only the significant wavelet coefficients
from a regularization. The method was tested on simulated
data.
A recent application of these improvements is presented by
Guan [11] for image restoration of the Hard X-ray Modulation
Telescope (HXMT). A particularity of this application is the
Poisson noise of the sensor.
Zao et al [12] are using the advantages of maximum entropy
criterion for a robust watermarking algorithm.
The paper presents an overview of MaxEnt in image
restoration. In giving some results, two scenarios are taken into
account: images degraded by convolution with a Point Spread
Function (PSF) and additive noise and images resulted from
incomplete measurements.
In this latter case, the available pixels are obtained by
random sampling, in presence of convolution with a Gaussian
PSF and additive noise.
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The paper is structured as follows: Section 2 is an overview
of the MaxEnt theory. It starts with the statistical model of the
image and continues with the models of the imaging system.
Then Gull and Daniell’s view is presented and, in the last part
of the section, it is shown that MaxEnt is a special case of
Bayesian inference. Section 3 describes Cornwell algorithm
that is used in section 4 for giving some experimental results.
Section 5 points our recommendations and conclusions.
II. IMAGE RESTORATION
There is a huge amount of literature describing methods,
which concerns quality improvement of the image information
content through restoration techniques [1-34].
The restoration methods are very strong related with the
image formation model. A frequently used model is (Fig. 1):
d  A * xn
(6)
where x and d are column vectors formed by column
scanning of the true image and observed image, and A is the
Toeplitz convolution matrix corresponding to the 2D PSF of
the imaging system (denoted by h in Fig. 1).
The term n is a random vector representing measurement
errors or additive observation noise.
In the case of stationary additive white Gaussian noise
(AWGN), all the pixels have the same noise variance  n 2
[13].
If A was invertible, the deconvolution would be possible by
inverse filtering of the data. This is the deterministic method.
In real life, A is often ill-conditioned and the presence of noise
prevents (6) to have a stable solution. In these situations, the
deterministic method is replaced by statistical approaches.
The Bayesian inference and MaxEnt are such approaches.
The Bayesian inference assumes the image is a random field
and obtains the solution as the probability distribution of the
field. MaxEnt is also an inference principle but which is based
on specific statistical model of the image.
In the next subsection, we discuss this model, which is a
shift of paradigm comparing with what is usually understood
by image statistical model.

A. The image statistical model in MaxEnt
Suppose that the image has the configuration of
pixel x   x1 , x2 ..., xN  . In conventional statistical methods, the
image is viewed as the particular realization of a random field.
Further, with an ergodicity hypothesis, the image distribution
is estimated from its pixels.
In MaxEnt, the pixels x i themselves are considered
probabilities. This complies with two of Kolmogorov axioms
i.e., x i are non-negative and their sum has a physical meaning:

x

xi  0

i

M

(7)

i

M is the image total luminance. The third axiom is satisfied if
the image is normalized:

xi
M
 pi  1
pi 

i

In MaxEnt, the image normalization is not compulsory.

(8)
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In the absence of normalization, we speak of a Positive
Additive Distribution (PAD) instead of probability
distribution.
Next we derive the image probability p( x) by taking into
account this model. The following rationale is used: let us
consider an experiment where M luminance quanta are
distributed randomly over the N pixels of the image.
Each luminance quantum has the same a priori chance of
being in any pixel. The probability to have at the end of the
experiment the configuration x   x1 , x2 ,..., xN  is proportional
with the number Ω of ways to arrive to it:

The probability p( x) has been derived with no prior
information about the image content. Indeed, each of M
quanta had the same chance to be assigned to anyone of the N
pixels of the image.
J. Skilling showed that if some prior information is available
under the form of an image model m   m1 , m2 ,..., mN  , then
the entropy has the following form:

S   [ xi  mi  xi ln(
i

p ( x)  

(9)
Ω has the same combinatorial expression as in the case of
Boltzmann’s entropy (3)



M!
 xi !

(10)

xi
)]
mi

(15)

J. Skilling interpreted mi as expectations of Poisson
distribution for the number of quanta captured by the pixels in
a fixed delay [14].
The image probability is now conditioned by the model m
and is proportional with the entropy S:

i

where M ! is the number of permutations of all luminance
quanta and xi ! is the number of equivalent quanta reordering
in i -th pixel. By applying the logarithm to both sides of
eq.(10), one obtains:

ln()  ln( M !)   ln( xi !)

(11)

i

Since both M and xi are large, the factorials can be
approximated by using Stirling’s formula:

ln()  Mln( M )  M  ( xi ln( xi )   xi )
i

i

ln()  Mln( M )  M   xi ln( xi )  M
i

ln()  Mln( M )   xi ln( xi )
i

ln()   xi ln(
i

xi
) (12)
M

i

Mpi
)
M

ln()   M  pi lnpi
i

ln()  MH

(16)

The rationale in deriving the image probability p( x) in the
absence of a model is the same as for Boltzmann’s equilibrium
state probability ( , ) .
The model of the thermodynamic system is translated in the
case of images by identifying the particles with photons and
the state with the pixels distribution.
Without measurement constraints, the solution would evolve
towards a flat image, which is the case of maximum entropy.
The model nested in the entropy S forces the solution to
evolve towards the model distribution and not to the flat one.
The measurement constraints prevent the image to reach the
model but the solution will be close to this.
In order to distinguish between the use of S or H (with or
without nested model), some authors use the name MaxEnt for
the algorithms based on H and ME (Maximum relative
Entropy) for those based on S [15].
It is said that MaxEnt assigns the values xi and ME updates
them by starting from mi .

By replacing the pixels luminance with the normalized
values in (8), one obtains:

ln()   M pi ln(

p ( x | m)  exp( S )

(13)

where H is Shannon’s entropy. This result shows that the
image probability p( x) is proportional to the exponential of
the entropy:
p ( x)  exp ( MH )
(14)

B. Image formation models
The image formation model plays a very important role in
image restoration. Historically, in the restoration by entropy
maximization there has been employed two models.
The classic version refers to a forward map imaging system
(Fig. 1), where the true image x is hidden in the observed data
d through a convolution with h, the PSF of the optic system
(geometric blurring) [16], [17].
The blurred image is then corrupted by additive noise n to
produce the observed data d .
Mathematically, the model in Fig. 1 is described by:

d  x *h  n

(17)
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Figure 1. Forward map imaging system model

Figure 2. Forward map imaging system model with ICF

A subsequent model has been the forward map imaging
with Intrinsic Correlation Function (ICF) [18]. The hidden
image x is mapped to the visible space by the ICF c , is blurred
with the system PSF and degraded with additive noise n to
produce the observed data d (Fig. 2). The equation of ICF
model is:

d  x * c* h  n  v * h  n

(18)

The ICF image model has the advantage of postulating pixel
correlation that proved to be very helpful in image restoration
[7].

C. Image restoration by MaxEnt
In their paper from 1978 [6], Gull and Daniell defined for
the first time, the image restoration problem in terms of
entropy maximization with constraints.
They interpreted the normalized image as a distribution of
probabilities and expressed its entropy like Frieden [19] eq.
(5). A set of measurements d i of image pixels, taken in the
presence of noise, represent the constraints.
The actual intensities x i of the image pixels are obtained by
maximizing the entropy with respect to d i . Such problem is
typically solved by Lagrange multiplier method.
An objective function that includes both the entropy and the
constraints is maximized instead of maximizing solely the
entropy. The ingestion of the constraints was done in the
following way. Instead of imposing the perfect match of the
solution with each constraints separately – this would generate
false structures specific to noise and would proliferate the
Lagrange multipliers, Gull and Daniell melted down them into
a single expression:

2 

 (x  d )
i

i

 n2

2

i

(19)

where  n is the standard deviations of the Gaussian noise that
affects the measurements di . The statistics (19) has a  2
distribution. With this formalization, the objective function of
MaxEnt is:

80

Q ( )  H 


2

2

(20)

where  is the Lagrange multiplier. The solution is an image
estimate that maximizes Q():

xˆMaxEnt  arg max( H 
x



2

2)

(21)

For multiplicative noise, the fitting term  2 must be
redefined. A typical solution is to use the I-divergence, also
called generalized Kullback-Liebler divergence [33]:

I  d , i   di log
i

di
 di  xi
xi

(22)

Another possibility is the functional

di

x
i

 logxi

(23)

i

proposed by Aubert and Aujol [34], based on MAP estimator
of multiplicative Gamma noise (speckle in SAR images). A
third option is to work with the logarithm of data. This
operator transforms the multiplicative noise into an additive
term and the fitting can be modeled like for additive noise, as
mean square error:

  logd

i

 logxi 

2

(24)

i

A drawback is a bias in the restored image (the
homomorphic methods do not preserve the image mean) that
can however be corrected.
The equation (21) is solved by optimization algorithms.
The start point in the algorithm is a flat image i.e., the image
of maximum entropy in the case of no constraints.
The choice of is not trivial. In adjusting , Gull and
Daniell started from the observation that the minimum
expected value of  2 is equal to the number of observations
di . It corresponds to the situation when the solution matches

the measurements in the presence of noise  n . This
determined Gull and Daniell to adjust the value of  such to
have  2 equal to data size. It became the traditional way of
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selecting  in MaxEnt algorithms. Several years later, J.
Skilling showed that there is no acceptable criterion for
selecting  only by looking at  2 and proposed a procedure in
the Bayesian framework [7].
He redefined Q by using Lagrange multiplier α instead of λ:

Q S  L

(25)

The term L reduce to  / 2 for independent, Gaussian
2

errors and  is a regularizing parameter that controls the
competition between S and L : if is high, the entropy term
dominates and the measurement  cannot move the
reconstruction far from the flat image.
If  is low, there is little smoothing and the reconstruction
will show wild oscillations as the errors in the measurements
are interpreted as true signal.
The Bayesian choice of  has been not sufficient for a good
reconstruction of the image: the derived  is too low and the
restored image has oscillations.
J. Skilling explained the bad quality of the restored image
by the flatness of the initial model and proposed to introduce
correlation into the model in order to reduce the oscillations in
the resulted image [7].
The new version of MaxEnt uses a correlated model, which
is equivalent to consider an imaging system with ICF
architecture (Fig. 2).
In the new version, the restoration mechanism is handled in
the same way as for classic model.
The difference is that the objective function is now (25) and
the simulated data are:

dˆ  xˆ * c * h

(26)
J. Skilling observed that the shape of the model blur c does
not matter greatly and he arbitrarily restricted it to be a
Gaussian. By the contrary, the width of c is crucial. It has to
be about equal to the size of the correlation-length that is
actually present in the image [7].

D. Relationship between Maximum Entropy and Bayesian
Image Restoration
In Bayesian inference, the MAP estimate of the image x is:

xˆMAP  arg max ln( p ( x | d ))
x

 arg max ln( p (d | x) p ( x))

(27)

x

where p(d | x) is the likelihood of data and p( x) is the prior
that incorporates our knowledge about the expected image.
For Gaussian noise with zero mean and variance  n2 , the
likelihood is:

p(d | x) 

1
N
2 2

exp(

(2 n )

1
2 n 2

ǁ

d  Ax ǁ 2 ) (28)

The exponential includes the statistics  2 defined in (19):

p(d | x)  exp(

 2
)
2

(29)

This equation shows that the likelihood incorporates the
image formation model.

The expression of the prior depends on how the image is
modelled. In subsection II.A, it was shown that, if the MaxEnt
specific model is employed, then the prior is proportional with
the entropy (14). By integrating (14) and (29) in (27), the
posterior probability becomes:

p ( x | d )  exp (

2
2

)exp( MH )

p ( x | d )  exp ( MH 

2
2

)

(30)

The solution xˆMAP is obtained by maximizing this
probability, which is equivalent with maximizing the objective
function:

Q( )   S 

2
2

(31)

The important conclusion of this subsection is that MAP
estimation by Bayesian inference is equivalent to MaxEnt if
the image model in section II.A is used.
III. IMPLEMENTATION OF MAXENT
Classic implementations of MaxEnt restoration [6] was
based on the entropy form in (15) and used a fixed point
method in order to maximize Q( ) while having a fixed
regularization parameter  .
Thus xi was iteratively updated with a relation of the
following form:

xˆi  mi exp[ 2 / xˆi ]

(32)

where   1/  . This method was attractive because
successive iterates are automatically positive but the
exponential introduced instabilities that were difficult to
remedy [7].
A solution that bypasses the use of an exponential is the
method of steepest ascents using [14]:
xˆi  xˆi  pQ / xˆi
(33)
for a sufficiently small step value p . The big disadvantage of
this method is that in the places where the data has a low value
xi tends to become negative and entropy is not defined for
xˆi  0 .
Remedies for this problem are to reset the negative values to
a small positive one, to use a heuristic form of entropy that is
defined for those values like  xi log(| xi |) or to decrease p. In
i

all cases, the algorithm concentrates too much on low values
and convergence towards a maximum is slow.
The standard way of improving on the steepest ascents
method is to use a variation of Newton’s method. But this has
the disadvantage that the Hessian matrix of the objective
function has to be calculated.
The matrix contains N 2 elements so computing the Hessian
for large images is infeasible.
A simple solution devised by Cornwell algorithm [20] is to
neglect the non-diagonal elements of the Hessian. The
approximated Hessian will be the following:
H  S  2 qI
(34)
where q is a scaling factor that should represent the sum of
squares of PDF main lobe. The Hessian of the entropy is
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diagonal and the elements along the diagonal are xi1 .
The update relation is:

xˆi  xˆi  p( xi1  2 q ) 1 Q / xˆi

(35)

If xi is close to zero updates to it will be small, meaning
that negative values are less likely and the algorithm will
concentrate on significant values. The value of p can be
chosen at each iteration by using the backtracking line search

thus insuring that some progress is made with every iteration
[21]. The optimization should stop when the distance between
successive iterates of x is insignificant. The problem that
remains is choosing an appropriate  .
We chose to use a small  at first, run the optimization
algorithm then to increase  by a factor k as long as  2 is
above a threshold, usually N.
The method we used is summarized in Algorithm 1.

Algorithm 1: Maximum Entropy deconvolution with simplified Newton method

IV. EXPERIMENTAL RESULTS
For experiments, we have used a modified version of
Cornwell algorithm. It was coded in the NRAO’s
Astronomical Image Processing System (classic AIPS) as
VTESS. It is an algorithm that works well for many cases and
its code is in the public domain. It is generally faster than
CLEAN for larger images, the break-even point being around
1 million pixels.
Our modification consisted in removing the bisection in the
calculation of  . Instead, we have used the value 2 for k
parameter in Algorithm 1.
A series of simulations are performed in order to
demonstrate the capabilities of MaxEnt image restoration.
A tomographic phantom image is taken as a truth image.
The tomographic image is blurred with a Gaussian kernel with
standard deviation  ker and additive Gaussian noise is added
at various PSNR levels. The model m is flat i.e., all mi are
equal to the average of the blurred image.
The effectiveness of the image restoration is measured by
the PSNR gain defined as:

PSNRgain  PSNRestimate  PSNRdata

Figure 3. Experimental PSNR gain of the proposed algorithm for the phantom
image. The input images were degraded with Gaussian kernels with
1, 2 and 3 and by adding noise.

 ker

of

(36)

Fig. 3 plots the PSNR gain and Fig. 5 illustrates the
examples.
The presence of noise affects the image but to a lesser extent
than for simpler deconvolution method like Wiener
deconvolution. One can also observe that the residual noise is
correlated suggesting that the algorithm denoises the image by
discarding variations that are not consistent with the model
PSF. If the noise is significant, the algorithm performs some
denoising and no deburring effect can be observed. When the
noise is small (PSNR > 40) a good deburring performance can
82

be achieved. Some ringing is present around sharp edges,
particularly if they transit from extreme values to average
ones. This effect can be reduced by setting a higher threshold
for  2 but not without some loss in resolution.
The algorithm is more robust to noise for larger PSFs
because the input images are correlated.

Figure 4. Restored image PSNR for the phantom image with missing data.
The input images were degraded with Gaussian kernels with
3 and by adding noise with a PSNR of 50dB.

 ker

of 1, 2 and
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Figure 5. Top: phantom test image. Up-left: degraded phantom image with

 ker = 2 and noise PSNR = 60 dB. Bottom-left: degraded phantom image


with ker = 2 and noise PSNR = 45 dB. Right: corresponding restored images.
Up-right: The estimate PSNR is 24dB. Bottom-right: The estimate PSNR is
24dB.



Figure 6. Left: degraded image with ker = 2 and noise PSNR = 45 dB. Topleft: 50% of pixels missing. Bottom-left: 80% of pixels missing. Right:
restored images. Top-right: Estimate PSNR is 24dB. Bottom-right: Estimate
PSNR is 23dB.

Volume 18, Number 2, 2018
The  2 constraint can be modified such that the variance
associated with each pixel can be set individually.
Consequently, interpolation of missing data can be done by
setting the variance of the missing pixels to infinity.
This can be used to filter impulse noise after a separate
detection of bad pixels as seen in Fig. 6. In our experiments
the missing data was selected randomly. PSNR values of the
estimate for different proportions of missing data are presented
in Fig.4.
For larger PSF algorithm handles missing data well up to a
point then the performance drops (at about 80 to 90 percent of
pixels missing).
For a small PSF the performance degradation is smoother
and probably more dependent on the individual layout of the
missing pixels. The reason is that the only information
available to interpolate the values of the missing pixels is the
PSF and the MaxEnt criterion.
If missing pixels are further apart from a known pixel
(further than the radius of PSF main lobe), then that pixel will
take the background value. Also, as the number of known
pixels decreases noise will start to affect the estimation more.
In the literature, there are numerous results reported for
deconvolution by Maximum Entropy method. They use
different metrics and the experiments are done in various
conditions [24-31]. Last but not least, the test images may
come from domains like astronomy, spectrometry, tomography
etc. or maybe synthesis images.
In order to compare our results with already existing ones,
we take as reference the paper of Mainsinger et al. [23].
The authors have used similar, although not identical metrics
and parameters and as in our case, simulated data. The test
image is 256x256 pixels gray levels image that was distorted
by convolution with a Gaussian PSF and additive white
Gaussian noise. The differences consist in the fact that the
authors use as metric the root mean square error (rms) instead
of PSNR and characterize the PSF by Full Width of Half
Maximum (FWHM) instead of standard deviation σ ker . FWHM
is approximately 2.335 σ ker . In order to compare the results,
we have converted our PSNR values into rms and the FWHM
in standard deviation. Thus for 2 rms noise, our method
provides a restored image rms of 0.35 at PSF standard
deviation 3, compared with a rms of 0.6 at PSF of 2.35. At the
same noise level, for a PSF standard deviation of 5, our
method gives a rms of 0.43 while the rms of the other method
is 0.49 at a PSF of 4.71. The errors are smaller by our method
in the conditions of high noise.
Concerning the reconstruction from incomplete data, we
have compared MaxEnt with the more recent approach of
Compressive Sensing in [31]. The tests on various images
have shown that CS performs generally better than MaxEnt.
However, for low sparsity images and low number of samples,
CS and MaxEnt reconstructions are equivalent as PSNR. As
complexity, MaxEnt has a clear advantage over Compressive
Sensing, which for higher image sizes becomes quickly
intractable.
Similar to MaxEnt principle, other experiments were made
for image registration by using the maximization of
Normalized Mutual Information and Normalized Cross
Correlation measures [32].
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V. CONCLUSION
The paper focuses on MaxEnt application in image
restoration and reconstruction from incomplete data. To
illustrate the performances of this method, we have selected
from the existing implementations, Cornwell algorithm
known as a good compromise between simplicity and
robustness to noise. In the algorithm, we modified the choice
of parameter  used for updating the solution.
We present the algorithm performances in restoring the true
image from tomographic images blurred by three different
PSFs and corrupted by additive noise. The algorithm performs
both deburring and denoising based on the correlations
introduced by the imaging system PSF. The balance between
these two functions is controlled by supplying the estimated
noise level as a parameter. At noise levels around 40dB PSNR
the method offers good deburring and denoising performance.
For higher noise levels, the algorithm performs mostly
denoising than deburring. Ringing effects are present around
sharp edges, particularly when there are transitions from
extreme values to average ones.
Results for incomplete data are also given. We considered
the case of missing pixels randomly distributed over the
image. The tests show that as long as the PSF provides enough
redundancy in the input image, the estimation of the missing
pixels has low errors. The algorithm performs well up to 50%
of missing data. For the tomographic image, the PSNR of the
reconstruction is about 25dB.
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