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Abstract

Compressive imaging and image super-resolution aim at recovering a high-resolution scene from its compressed or low
resolution measurements. The main difficulty lies with the ill-posedness of the problem, and there is no consensus as
to how best to formulate image models that can both impose smoothness and preserve the edges in the image. Here
we develop a new image prior based on the Pearson type VII density integrated with a Markov Random Field model,
which has desirable robustness properties. We develop a fully automated hyperparameter estimation procedure for this
approach, which makes it advantageous in comparison with alternatives. Our recovery algorithm, although very simple to
implement, it achieves statistically significant improvements over previous results in under-determined problem settings,

and it is able to recover images that contain texture.
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1. Introduction

Image restoration and super-resolution aim to recover
a high resolution scene from its low resolution measure-
ments. The loss of resolution is often inevitable due to
limitations of the camera source. In addition, the captur-
ing process introduces additive noise. Depending on the
number of low resolution frames of the scene available, we
may talk about single-frame or multi-frame version of the
problem. In both cases, most often the observed frames
are scarce and noisy, which makes restoration an ill-posed
problem. The single-frame version is necessarily under-
determined too. Therefore, additional information is re-
quired to obtain an adequate solution. In a probabilis-
tic model based framework, this additional information
may be specified in the form of a prior distribution on the
salient statistics that images are known to have. The two
main characteristics are somewhat conflicting ones: local
smoothness and the existence of edges. This makes the
specification of a good image prior challenging.

Many prior models have been proposed in the literature,
with no consensus, however. Gaussian Markov Random
Fields represent a popular choice for its computational
tractability. The Huber-MRF is robust, hence prefer-
able, and it is considered to be a state-of-the-art approach
[7, 12]. However, it requires two parameters to be tuned,
and its performance depends on a good choice for these.
Cross-validation could be a viable approach, but it is im-
practical for it is too time-consuming [12, 8, 10].
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In this paper, we develop and investigate a perhaps less
well-known, but quite convenient robust density, the Pear-
son type VII, formulated as Markov Random Field (MRF)
for image recovery and super-resolution. The Pearson type
VII has been used previously in situations where robust,
heavy tail behaviour is required, such as in stock market
modelling [5] and X-ray measurements [13], and for robust
density estimation [14] as a more convenient and numeri-
cally stable alternative to the t-mixtures. In this work we
exploit the robustness of this density to balance predomi-
nant smoothness of images with some allowance for edges
or discontinuities.

2. The Pearson type VII density

The N-dimensional zero-mean Pearson type VII density
is defined as the following [11]:
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where m is the degree of freedom that controls the degree
of robustness that must satisfy 2m > N, and N is the
dimensionality of z. It subsumes the Gaussian (when m
approaches infinity) and the Student-t. For convenience,
we will denote v := 2m —1, so that the parameter v is sub-
ject to positivity constraint only, and write the univariate
Pearson type VII density (so, N =1, m = (v +1)/2) as:

D(A2)N2 (u? + N)~ 5"
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where the parameter A replaces C' and controls the width
of the density, and v is the degrees of freedom.

p(ulA,v) = (2)
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3. Image Models: Markov Random Fields

The main characteristic of any natural image is a local
smoothness. That is, the intensities of neighbouring pixels
tend to be similar. Any reasonable image model needs to
be able to capture this property. Markov Random Fields
(MRF) are well suited and widely used models that for-
malise this.

A very simple form of 1-st order MRF, previously em-
ployed with success for image recovery in e.g. [6, 7], is to
condition each pixel intensity on its four cardinal neigh-
bours in the following way. For any one pixel z; define:

plzilz—i) = p(zi|z4neighb(i))
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where the notation z_; means all the pixels excluding the
i-th, and the set of four cardinal neighbours of z; was de-
noted as 4neighb(i). These are univariate probability dis-
tributions. We should mention that alternatives include
the so-called total variation model, employed in e.g. [12],
which is based on image gradients. The experimental com-
parison in [7] suggests that the model in eq.(3) and total
variation behave in a very similar manner, the former be-
ing slightly superior though.

Using eq.(3), for an image z of N pixels, the MRF repre-
sents the joint probability over all the pixels on the image
— a multivariate probability distribution:
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where Z = [dz ][, Pr(z — 12 jeancignb(i) %) 1S the
normaliser (or partition function) of the MRF. This is in-
dependent of z but depends on the hyperparameters of the
constituent probability density building blocks.

The simplicity of (4) is also intuitively appealing. One
can think of the difference between a pixel intensity
and the average intensity of its neighbours, ie. z; —
izj@neighb(i) zj, as a feature. However, the partition
function Z is intractable to compute analytically, except
for a very few specific cases. Therefore, approximations
may be employed.

For notational convenience, it is handy to create the
symmetric N x N matrix D to encode the above neigh-
bourhood structure, with the following entries:

1 if i =7
d;j =4 —1/4 ifiand j are neighbours;
0 otherwise.

Then we may write the i-th feature in a vector form, with
the aid of the i-th row of this matrix (denoted D;) as the
following:
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We now turn to instantiate the functional form of the prob-
ability densities that describe the shape of the likely values
of these features. The Gaussian-MRF and the Huber-MRF
represent existing choices, and we then move on to employ
the Pearson type VII density in a similar role.

3.0.1. Gaussian MRF

The Gaussian MRF is frequently employed for conve-
nience — see e.g. [6]. It has the following form:
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where A is the variance parameter. However, its lack of
robustness is a known drawback since it tends to blur the
edges of the image.

1 N
ex
Za(X) 11:[1 Y

3.0.2. Huber MRF

The Huber density is defined with the aid of the Huber
function:

u?, i jul <&
26|u| — 0%, otherwise.
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where J is a threshold parameter that needs to be adjusted.
The Huber-MRF prior is then defined as:

N
w0 = 5y Hew{ g}
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where A is similar to a variance parameter. The Huber-
MRF has state-of-the-art performance, provided that its
parameters are well chosen [12]. However, automating this
choice in a principled way is not straightforward, and al-
though we have been able to develop an approximate solu-
tion to estimating A [10], the determination of the thresh-
old parameter § remains somewhat problematic since the
pdf is not differentiable in §.

4. The Pearson type VII MRF

We now propose to employ the Pearson type VII density
with an MRF to provide a novel robust image model. One
option would be to use its multivariate form as given in
eq.(1) by encoding the neighbourhood structure in C~! =
DT D. However, this multivariate heavy-tail distribution
would then be asserted on whole images (or possibly image
patches) rather than tiny pixel neighbourhoods. We do not
pursue this option here since our goal is to give non-zero
probability to edges in the image, which requires a pixel-
level modelling. Neighbourhood features that correspond
to pixels that are situated at an edge may be thought of
as spikes or outliers that our heavy-tail prior will account
for, and this is what enables us to preserve the edges in
the recovered image. To achieve this, we build up our



MRF prior from univariate PearsonVII densities, as the
following:
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where Zp(\,v) = [dz[[,_, {\+ (D;2)?} is the
partition function, and this multivariate integral does not
have an analytic form.

As with all MRF priors, the partition function may be
neglected as long as we are interested in a mazimum a pos-
teriori estimate of z with some known and fixed hyperpa-
rameters. However, the partition function does depend on
the hyperparameters, hence for an automated estimation
of these based on the model, the partition function must
be approximated and taken into account. Notice that, in
the case of a Pearson type VII MRF, the partition func-
tion is smooth w.r.t. both A\ and v — unlike the Huber
MRF, which is non-smooth in §. Hence, with a suitable
analytic approximation of Zp(A,v) this may be used for
hyperparameter estimation.

4.1. Pseudo-likelihood approximation

We shall employ a pseudo-likelihood approximation to
the partition function Zp(\, v). Besides its simplicity, the
pseudo-likelihood is known to enjoy consistency [2]. It con-
sists of taking each D,z as if it were independent of Dz,
for all j # 7 to break down the intractable multivariate
integral into tractable univariate integrals. Thus, we have
the following:

p(\,v) H/dsz zi|lz—;

i.e. the inverse of the product of the normalising terms of
the univariate Pearson type VII density building blocks.

Replacing this into the definition (9), we have the fol-
lowing approximate image model:

N T N/2(D2)2 + A) ™
E L(v/2)y/x

(11)

We are now ready to employ this in the overall model for
super-resolution, and use this to infer z simultaneously
with estimating our hyperparameters A and v.

5. The overall model for image recovery

5.1. Observation model

Denoting the vectorised high-resolution image by z, as
before, this is now a hidden variable. Instead, some low
resolution version of it is observed. The degradation pro-
cess will be taken as a linear transform, and we should
note that, although this is a simplifying assumption, it

has worked well in many super-resolution application so
far [6, 7, 12].
y=Wz+n (12)

where n ~ N(0,0%1) is an additive noise. Equivalently,
we can write p(y|z) = N(Wz,02I), where y is the ob-
served version of the image, with M < N pixels, and o2
is the observation noise variance. In single-frame super-
resolution, the transform W typically contains blur and
down-sampling. In the multi-frame case we also have shift
that varies between the observed frames and in that case
y is a concatenation of all the vectorised low resolution
frames observed from the scene of interest. The single-
frame problem is more challenging in that the system is
under-determined (i.e. there are less observed pixel inten-
sities than there are unknown ones).

5.2. Joint model

The overall working model consists of the observation
model and the image prior model, so we have the pseudo-
joint likelihood, assuming 0-mean o2-variance i.i.d. Gaus-
sian additive noise:

p(y,z|lW,0” A\, v) = p(ylz, W,o”)p(z|\,v)  (13)
6. MAP-based estimation in the model with Pear-
son type VII MRF

We will use the joint probability (13) as the objective to
be maximised. Maximising this w.r.t. z is also equivalent
to finding the most probable image z, i.e. the maximum
a posteriori (MAP) estimate, since (13) is proportional to
the posterior p(z|y). Equivalently, the negative log of this
expression will be defined as our minimisation objective:

Obj(z,0?,\,v) = —log[p(y|z, 0%)] — log[p(z|\,v)] (14)

Plugging in the functional forms of the two density func-
tions, we then minimise this w.r.t. z and the hyperparam-
eters in turn.

6.1. Estimating the most probable z
The terms of the objective (14) that depend on z are
the following:

Obj.(2) = — (y — W2)? + L&

iz)%}
(15)
The optimisation of (15) w.r.t. z may be done employ-
ing any nonlinear optimiser, the objective is differentiable.
We employed a conjugate gradient type method!, which
requires gradient information. The gradient is the follow-
ing.
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IWe made use of the efficient implementation available from
http://www.kyb.tuebingen.mpg.de/bs/people/carl/code/minimize/



6.2. Estimation of o®

Similarly writing out the terms of (14) that depend on
0?2, taking derivative and solving, we get a closed form
estimate for o?:

(17)
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6.3. Estimation of A and v
The terms that depend on A and v:
. 1
Objr, = ;”

NlogF< )—Nlogf(u/2)+%log)\

Both of these hyperparameters need to be positive val-
ued. To ensure our estimates are actually non-negative,
we parametrise the log probability objective (18) such as
to optimise for the (4) square root of these parameters.

Taking derivatives w.r.t. v/A and /v, we get:

(18)

N

d V(D,z)? — A
an ; 2)? +A)ﬁ 19)
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where (-) is the digamma function. The zeros of these
functions give us the estimates of +v/A and #+/v. Al-
though there is no closed-form solution, these can be ob-
tained numerically using any unconstrained nonlinear op-
timisation method. The square of these estimates give us
the estimates of A\ and v respectively.

6.4. The algorithm

e Initialise the estimate 2z, e.g. as some combination of
the solution of a Gaussian MRF and random noise.

e [terate until convergence:

— Estimate 02 using (17).
— Perform iterations to update A and v in turn,

using (19) and (20), keeping the current estimate
Zz fixed.

— Perform iterations to update Z using (16)

Note that, the inner loops need not completely converge.
It is sufficient to increase, not necessarily to minimise
the objective at each intermediate step. However,
we observed faster overall convergence by letting the
inner iterations make more progress. The reason is
probably that the overall objective is complex, with
multiple local optima, while the individual updates
break it down into simpler objectives in a greedy
manner. Our MatLab implementation is available from
http://wuw.cs.bham.ac.uk/~axk/Sakinah/PearsonMRF_code/

7. Experiments and results

We conducted experiments with both classical super-
resolution (SR) matrices where W comprises blur and
down-sampling, as well as with random Gaussian compres-
sive sensing (CS) matrices where W has random entries
sampled i.i.d. from a standard Gaussian. The latter is of
interest in the light of new research in compressed sensing
and signal processing [1, 3] directed towards devising hard-
ware that can exploit some good theoretical properties of
certain random matrices.

The observation data was generated starting from a
ground truth real image via the matrix W and additive
noise. Working on synthetic data allows us to compare the
recovered image against the ground truth, so that we can
measure our recovery performance quantitatively.

7.1. Illustrative experiments

We start by demonstrating the working of our algo-
rithm. Figure 1 shows an example of under-determined
case, where we recover a 80 x 70 ’cameraman’ image (that
is, N = 5600 pixels) from its M = 4000 randomly com-
pressed measurements and additive noise of o = 0.5.

Ground truth

Initial guess

Obj: -log(y,z)

500 1000 1500 2000 2500 3000
Iterations

Figure 1: Example recovery of ’cameraman’ (5600 pixels) from ran-
dom linear mapping to 4000 pixels and additive noise with o = 0.5.

We will be concerned with under-determined systems in
this paper, however for the sake of completeness, we next
show an overdetermined case as well, derived from a classi-
cal multi-frame super-resolution task, i.e. the transforma-
tion (or measurement) matrix consists of random shifts,
Gaussian blur with point spread function set to 0.4 and
down-sampling. Here we generated 18 low resolution im-
ages with a zoom factor of 3, so the overall system is over-
determined in this case. Figure 2 shows the ground truth,
a straw-man recovery by averaged bi-cubic interpolation
from the individual low resolution frames (which we use



as an initial guess to seed our algorithm in this experi-
ment), and the obtained recovered image, along with the
evolution of the objective over the iterations. It is easy to

Ground truth

Avg Bicubic Interp

Objective: - log p(y,z)

0 200 400 600 800 1000
Iterations

Figure 2: Example recovery from multiple (18) low resolution (zoom
factor of 3) frames, which together represent an over-determined sys-
tem.

see from the evolution of the objective function over the
iterations (and the quality of recovered image) that having
access to more observation frames makes the recovery task
much easier.

In the remainder of the paper we will focus on recov-
ery from a single frame, i.e. under-determined systems —
such as recovering a 5600 pixels (80 x 70) image from a
single M < 4000-pixel frame. Quite obviously, without
the specification of a prior, such a system would have in-
finitely many solutions, hence under-determined systems
are much more reliant on the prior image model. In ad-
dition, the observations are subject to Gaussian additive
noise, and this makes the recovery problem even harder.

In the case of CS-type W, the noise standard devia-
tions that we tested were o € {4 x 1075, 0.5, 1, 2 }. In the
case of SR-type W these values were divided by 0.8v/N
to make the signal-to-noise ratios roughly the same for the
two matrix types. This is still relatively high noise, consid-
ering that we scaled the pixel intensities in the generating
ground truth image to the interval [—0.5,0.5].

From each low-resolution data set, we then try to re-
cover the ground truth image, and we assess the perfor-
mance by measuring the mean square error between the
recovered image z and the ground truth z — that is,
MSE = mean((z — 2)?).

7.1.1. Initialisation

Given that we optimise a non-convex objective, the ini-
tialisation scheme may impact the solution and the speed
of convergence. Empirically we found that using CS-type
matrices W the quality of the solution is much less sen-
sitive to initialisation than it is in the case of SR-type

matrices. The main issue, for SR-type, is to avoid starting
it off from a neighbourhood of a local optimum. There-
fore, in the case of under-determined problems we need
to avoid using the output of a simpler superresolution re-
covery method as an initial guess, as it often turns out to
lead to an unwanted local optimum. On the other hand,
a completely random initialisation would take longer to
converge. Based on these considerations, in all our exper-
iments we adopted the following scheme. In experiments
with SR-type matrices we initialise z with the average be-
tween the minimum energy estimate (WTy) and a random
guess drawn from standard Gaussians. For CS-type ma-
trices, since we did not experience any local optima issues,
we opted to use a ridge regression to produce the initial
guess (although other schemes that we tried did not make
any noticeable difference). In both cases, we initialised the
hyperparameters with v = 10, A = 1,02 = 0.001.

7.2. Assessment of the modelling power of the Pearson-
type- VII image prior

Before diving into the assessment of our full algorithm,
we switch off the automated hyperparameter estimation
in this subsection. Here we assess the Pearson type VII
based image model by comparing it with state-of-the-art
alternative image priors when each of the competing prior
models is supplied their best hyperparameters. For this
purpose we select the best hyperparameters for each com-
peting model based on the MSE with the ground truth.
This, of course is not feasible in practice since the ground
truth is not available, but it provides us information on
what each model can achieve at its best. We will then
move on to assess our automated hyperparameter estima-
tion procedure against these idealised best results in sec-
tion 7.3. We used CS-type matrices W in this set of ex-
periments. The competing methods are: Gaussian-MRF,
a multivariate-Student-t based MRF that we also experi-
mented with, and the Huber-MRF.

Figure 3 summarises the results obtained for the 'church’
image? against varying noise conditions. Figure 4 shows
the best recovery for the setting with o = 0.5.

We see from the Figure 3 that the Pearson type VII
based MRF model can achieve state-of-the-art perfor-
mance in all noise levels tested, comparable to that of
Huber-MRF, while the other priors tested perform worse.
However, as already mentioned, for the Huber-MRF, a
principled determination of both of its hyperparameters
would not be straightforward. The next question is then,
how does the automated hyperparameter estimation of our
Pearson type VII based MRF prior compare to these hand-
picked best results?

7.8. Assessment of the automated hyperparameter estima-
tion procedure

Keeping the same experimental conditions set out in

the previous section, Figure 5 shows the MSE achieved by

2http:/ /www.robots.ox.ac.uk/~vgg/research /SR /synthdata.html
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Figure 3: Comparative MSE performance for the under-determined
system in progressively increasing noise conditions, using the best
hyperparameter values (i.e. the value that produces the smallest
MSE).

Figure 4: Left: Best recovered with manual tuning; Right: Ground
truth.

our recovery algorithm that includes automated hyperpa-
rameter estimation, superimposed with the best manually
picked results (of the same prior) from Figure 3 for ref-
erence. We see that, except for very high levels of noise,
the agreement is remarkable. In fact, the MSE at the
highest of the noise levels is still comparable with that of
the best manual tuning of Huber MRF. Hence, we can
conclude that, in these experiments the Pearson type VII
based MRF is preferable as a fully automatic method.

In addition, it is notable the good agreement between
the MSE and the values taken by the objective function.
Note that the calculation of the MSE requires access to
the ground truth image, while the Objective does not.
Hence, the agreement between these two quantities rep-
resent further evidence for the appropriateness of our pro-
posed model and automated estimation procedure. In
other words, the best (or close to best) results in terms
of agreement with the ground truth can be found by ac-
cessing the objective function independently of the ground
truth. Indeed, the MSE of the recovered image selected
solely on the basis of the objective function (MSE=0.0036)
is not far off from the best MSE across the 10 repeats
(MSE=0.0034).
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Figure 5: Comparing the performance of the fully automated Pearson
type VII based MRF approach with the best result found by manual
tuning of the hyperparameters. Top left: The distribution of MSE;
Top right: The distribution of the values of the objective function;
The boxplots represent 10 independent repeats where in each trial
the additive noise and the transform W were randomly drawn anew.
Bottom left: Best result out of the 10 repeats with o = 0.5, picked by
lowest MSE. Bottom right: Best result out of the 10 repeats, picked
by lowest values of the objective function. We see the MSE of the
latter is very close to that of the former.

7.4. Comparison with Bayesian Compressed Sensing
(BCS)

A recent technique that is also fully automated has been
proposed in the field of compressed sensing [3], called
Bayesian Compressed Sensing (BCS), which is based on
the Automatic Relevance Determination (ARD) principle.
It is interesting to compare our results with those of this
method, since modelling-wise BCS is somewhat related to
our approach in that it targets the solution of an under-
determined linear system with the use of a probabilistic
model and a prior. The prior they employ is the improper
uninformative limit of a Student-t prior. To make the link,
we note that the Pearson type VII density subsumes the
Student-t if we set A to Av. However, the algorithmic so-
lution of BCS differs from ours, and so does the authors
choice to use the non-informative limit of the prior in [3, 4].
Hence, it is of interest to see the effect of these differences
comparatively?. Unless stated otherwise, we will use the
authors improved version of BCS from [4].

Figure 6 shows results obtained with BCS on the same
data and experimental setup as we used in Figure 5. Al-
though the performance seems to be not hugely different,
it is still worse than what we had achieved. From the
figure we see the MSE values over 10 repeats are higher,
and the best MSE (0.0081) is still worse than the MSE
of our choice based solely on our objective function in
Figure 5 (MSE=0.0036). Looking at the recovered im-

3We used the authors implementation that is available from
http://people.ee.duke.edu/~1lcarin/BCS.html
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Figure 6: Results obtained with the Bayesian Compressed Sensing
(BCS) algorithm of [3], to be compared with Figure 5 and 4. Left:
The distribution of MSE over 10 independent repeats; Right: The
best recovery across all these repeats. Observe the best MSE is still
higher than the MSE of the Pearson-VII result picked cf. the best
value of the objective function.

age (Fig.6) we notice that BCS tends to discard part of
the edges in favour of more homogeneous areas, and this
degrades performance when there is insufficient data. It
should be pointed out that the same over-sparsifying prob-
lem associated with the use of the non-informative limit
of Student-t priors in under-determined systems has been
also reported in [15] in the context of logistic regression
based classification problems. A general theory that ex-
plains the behaviour of promoting local strong homogene-
ity by log-priors that are non-smooth at zero can be found
in [16]. It may be interesting to note that our log Pear-
son prior is actually smooth everywhere, but may exhibit
a sharp curvature at zero when v is small. Hence it is
flexible enough to be able to promote local homogeneity
without over-emphasising it.

We observed similar results on several different images in
our experiments, with both CS-type and SR-type instan-
tiations of W. In Figures 7-8 we give results on another
image (’castle’) where we used SR-type W and the same
noise conditions as before. The observations made earlier
are apparent again. From these results it seems that our
algorithm is indeed able to recover a good quality high res-
olution image even when the image contains more texture.

7.4.1. Systematic experimental validation

Next we validate our findings by performing a battery
of comparative experiments between our Pearson-type-VII
based recovery algorithm and BCS. Before doing this on
image data, we find it instructive to take the one dimen-
sional sparse spiky signal used as a first test benchmark
for compressed sensing algorithms (e.g. in [3] and [4]). It
is known that the less sparse the signal is and the less
observation measurements we have the more difficult the
recovery problem. Asin [4] (Fig.2 in [4]), we take signals of
length N = 512 having 20 non-zero entries of +1, random
Gaussian compressive transform, we vary the number of
observations, and measure the reconstruction error of the
two recovery algorithms.

Figure 9 shows an example of recovery, where the num-
ber of observations are too few for BCS to cope with. In
turn, our algorithm manages to recover the signal to a
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Figure 7: Top left: The distribution of MSE for our Pearson-VII
based approach; Top right: The distribution of the objective func-
tions values for our Pearson-VII based approach; The boxplots repre-
sent 10 independent repeats. Bottom left: Best result with Pearson-
VII, out of the 10 repeats, picked by lowest MSE at noise level
o = 0.5. Bottom right: Best result with Pearson-VII, out of the
10 repeats, picked by lowest values of the objective function at noise
level o = 0.5.
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Figure 8: Left: The distribution of MSE for the BCS approach.
Right: Best result with BCS, out of the 10 repeats, picked by
lowest MSE at noise level 0 = 0.5. The best recovery from BCS
(MSE=0.0028) is higher than the pick that only uses the Objective
(MSE=0.0018). BCS tends to discard part of the edges in favour of
strong local homogeneity.

great extent.

In Figure 10 we give the full picture of this comparison
for the recovery of the spike signal. As before, BC'S refers
to the improved version of BCS described in [4], and we
also tried the previous version of this method, described
in [3], which is referred to as BC'S, in the legend of our
figure. We did not consider multi-task settings in this work
though.

We see that our Pearson-VII is able to recover the sig-
nal from fewer measurements than BCS can. This also
means that given the same number of measurements it
can recover signals up to a larger number of spikes. This
in turn implies in an image-reconstruction context that it
can recover more edges, i.e. it can deal with more textured
images.
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Figure 11: Comparative results on four different images, when W is CS-type (upper row) and when W consists of blur & downsampling
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see the Pearson-based algorithm performs better than BCS in the under-determined regime.
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Figure 9: Reconstruction of the ‘spikes’ signal of length N = 512
having 20 non-zero entries from only M = 90 random compressive
measurements. The first two subplots are reproduced from Fig.2 of
[4] whereas the last subplot shows our recovery result.

Returning to image recovery, we now conduct experi-
ments varying the number of measurements, and fixing
the noise level to o = 0.005. Figure 11 shows the compar-
ative results obtained on four different natural images* for
both types of W (CS-type, and SR-type). The images are:
‘cameraman’ (104 x 94 pixels), ’castle’, face’, and "flower’
(90 x 90 pixels each). We vary the number of compressive
/ low resolution observations down to 300 pixels. From

4http://www.cs.bham.ac.uk/~axk/Sakinah/PearsonMRF_code/
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Figure 10: Comparison of recovering the ‘spikes’ signal from its CS
measurements and additive noise of o = 0.005 (the same setting as
in Fig.2 of [4]). The error bars represent one standard error about
the mean, from 25 independent repeats. We see that PearsonVII can
recover the signal from fewer measurements than BCS.

these figures, in each experiment our algorithm achieves a
statistically significant improvement over BCS in severely
under-determined problem settings.

8. Conclusions

In this paper we formulated a new image prior based
on Pearson type VII densities integrated with a MRF.
Our main motivation has been to exploit the heavy tail
property of this density, which indeed seems to be a good



way of preserving edges while imposing smoothness. The
form of this prior has the additional advantage of allowing
us to perform a fully automated hyperparameter estima-
tion. Our recovery algorithm, although very simple to im-
plement, it achieves statistically significant improvements
over BCS in under-determined problem settings, and is
able to recover more textured images than BCS can. Fu-
ture work inludes multi-task extensions of this approach,
where the hyperparameters would be shared accross tasks
while other similarities may or may not be present.
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