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Università di Verona

cheng@sci.univr.it

Vittorio Murino
Dipartimento di Informatica

Università di Verona
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ABSTRACT
A video surveillance sequence generally contains a lot of
scattered information regarding several objects in cluttered
scenes. Especially in case of use of digital hand-held cam-
eras, the overall quality is very low due to the unstable mo-
tion and the low resolution, even if multiple shots of the
desired target are available.
To overcome these limitations, we propose a novel Bayes-
ian framework based on image super-resolution, that inte-
grates all the informative bits of a target and condenses the
redundancy. We call this process distillation.
In the traditional formulation of the image super-resolu-
tion problem, the observed target is (1) always the same, (2)
acquired using a camera making small movements, and (3)
the number of available images is sufficient for recovering
high-frequency information. These hypotheses obviously do
not hold in the concrete situations described above.
In this paper, we extend and generalize the image super-
resolution task, embedding it in a structured framework that
accurately distills the necessary information. In short, our
approach is composed by two phases. First, a transforma-
tion-invariant video clustering coarsely groups and registers
the frames, also defining a similarity concept among them.
Second, a novel Bayesian super-resolution method uses this
concept in order to combine selectively all the pixels of sim-
ilar frames, whose result consists in a highly informative
super-resolved image of the desired target.
Our approach is first tested on synthetic data, obtain-
ing encouraging comparative results with respect to known
super-resolution techniques and a definite robustness against
noise. Second, real data coming from videos taken by a
hand-held camera are considered, trying to solve the ma-
jor details of a person in motion, a typical setting of video
surveillance applications.
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1. INTRODUCTION
In the emerging field of video surveillance, the quality of
video frames represents the essential source of information
to identify, classify, or recognize targets of interest, like ob-
jects or people. The widespread use of low-cost hand-held
cameras, web-cams, and mobile phones with cameras has
multiplied the sources of videos’ production, but at the cost
of a lower quality. The reasons are several, starting from
careless acquisitions from unexperienced operators to low
resolution cameras with low gains. The analysis of this data
is problematic at best, and useless in many cases, because
the noise and the resolution may not allow any meaningful
processing, even if the target turns out in a bunch of frames.
The problem of obtaining a highly informative image start-
ing from noisy and coarsely resolved input images is known
in literature as image super-resolution. When the input
consists in only one low resolution image, we refer to the
problem as “single-frame super-resolution” [10], when sev-
eral frames are considered, we call it “multi-frame super-
resolution” or simply super-resolution [12, 1]. There are
other kinds of super-resolution currently on study, for ex-
ample, the super-resolution enhancement of video [13, 3]
whose goal consists in improving the quality of each single
frame through the addition of high frequency information.
Recently, the attention devoted to the development of
super-resolution algorithms is sensibly grown, in both the
single image [9], and the multi-frame cases [5, 6, 14]. Clearly,
in the latter case, the information encoded in the resulting
image is considerably larger, giving a more accurate repre-
sentation.
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In video surveillance, several tasks of recognition and de-
tection are in fact based on visual data [11]. For exam-
ple, when the task consists in detecting the identity of a
person captured with some camera device, highly detailed
images are desirable. For this reason, the application of
super-resolution techniques in this field is highly relevant.
In general, all super-resolution algorithms are based on
three basic hypotheses:

1. all the images must portray the same scene, meaning
that they can be compared without being deceived;

2. small movements of the scene should be present across
images, such that each provides a slightly different
“point of view” that can be integrated; in case of
known large movements, this constraint may be re-
laxed by pre-registering the images;

3. the number of available images should be sufficient for
recovering high frequency information.

These constraints are quite hard and penalizing, in partic-
ular for a video sequence, making the super-resolution image
estimation possible only in supervised and controlled condi-
tions, strongly reducing its applicability in wider contexts.
For the sake of clarity, in the following we will use the term
super-resolution as the process of combining several low res-
olution (LR) images in order to produce a higher resolution
(HR) one, only when all the above constraints are satisfied.
Under these circumstances, the super-resolution process in-
verts the generative process model in which the LR frames
are generated from the HR one, when correctly warped, sub-
sampled and blurred by the Point Spread Function (PSF)
of the camera device [1].
The work present in the literature devoted to this problem
are many and various, although it is possible to group the
existing approaches into two subfields: in the first group, the
alignment of the LR images (with known or estimated pa-
rameters) is separated from the fusion step, that estimates
the remaining parameters (like the PSF width) [4]; in the
second group, all the parameters are jointly estimated [8,
14]. In this second category the HR estimation is either
performed by a maximum-likelihood (ML) approach, or in
a Maximum A-Posteriori (MAP) fashion, regularizing the
ill-conditioning of the ML framework using some Bayesian
prior [1, 6]. Lastly, full Bayesian approaches are proposed,
that explicitly take into account the uncertainty in the es-
timation of all the parameters driving the process of super-
resolution [14]. In any case, the effectiveness of the above
methods is based on the satisfaction of the above three basic
constraints. When one of the three hypotheses is missing,
the efficacy of any of the super-resolution methods fails se-
riously, as we see in the following.
In this paper, we show how it is possible to recover these
constraints in arbitrary video sequences, by using a fully
Bayesian framework, in order to acquire highly detailed in-
formation about the target of interest. Basically, with the
term “target” we mean an object, person or, generally, an
entity, present in most of the frames of the sequence. The
idea is that the most frequent an object appears in the scene,
the most presumably the object represents the target of in-
terest whose information should be increased.
Our method is composed of two phases: in the first step,
the clustering step, we exploit the transformed-invariant

video clustering proposed in [7], using the transformed Gaus-
sian model, in which each single frame of a video sequence
is considered as generated by a representative (”mean”) im-
age, subject to a discrete transformation and sensor noise
addition. After the clustering step the following informa-
tion becomes available:

1. a low resolution image of each persistent target, over
which it will be possible to obtain super-resolved in-
formation; such image is the mean of each Gaussian
cluster, normalized with respect to invertible transfor-
mations;

2. the frames representing each target in the sequence,
also normalized with respect to the invertible trans-
formation;

3. the accuracy measure that exploits the goodness with
which the targets are represented in the related frames,
encoded in the covariance of the cluster;

4. a coarse alignment of the target for each frame, due to
the normalization carried out.

This clustering step permits us to recover the three fun-
damental hypotheses required to place our data in a super-
resolution framework, plus a similarity measure between
frames and the mean representation, encoded by the Maha-
lanobis distance. Then, in the second step, the actual super-
resolution task is carried out using the grouped frames of
each cluster and actively embedding the accuracy measure,
in order to build higher resolved images for each cluster,
taking differently into account the value of each pixel of the
frames involved in the process. The idea is that the more
present a value in the normalized versions of the grouped
LR frames, the more probably this pixel holds an important
role in the HR image reconstruction step.
The most related super-resolution structure used as a ba-
sis for the proposed method is presented in [14]. In this
work, a video of a static scene is considered subject to trans-
lation/rotation changes, even if arbitrary transformations
can be dealt as well. The problem is managed in a full
Bayesian approach, by marginalizing over the HR image to
determine the LR images’ registration parameters, and, pos-
sibly, the PSF parameters. Our method actively develops
this structure, introducing a novel likelihood term in the
Bayesian structure that weights differently each pixel in the
estimation of the HR image, proportionally to its accuracy
measure. Unlike the previous approaches and owing to the
generative process applied to the input video sequence, the
proposed probabilistic framework is able to recover super-
resolution images of well defined targets in a fully automatic,
efficient, and flexible manner. This is the main contribution
of the present work.
The rest of the paper is organized as follows. In Sec. (2),
the classical generative process is reported, which consti-
tutes the fundamental basis of the proposed method. Its
extension is described in Sec. (3), by introducing a novel like-
lihood term and its use in the context of the Bayesian frame-
work customised to deal with the super-resolution problem.
In Sec. (4), the method is tested and results are shown,
also in comparative terms with respect to state-of-the-art
algorithms. Finally, in Sec. (5), conclusions are drawn and
future perspectives are envisaged.
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2. THE BAYESIAN SUPER-RESOLUTION
FRAMEWORK

When the three basic constraints are satisfied, we may
conveniently represent a sequence of K LR images as the
vectors yk, k = 1, . . . ,K, obtained by raster-scanning the
images. The pixels intensities in the LR images are con-
strained to lie in the range (−0.5, 0.5). This operation allows
us to simplify some mathematical formulae in the following.
Given M image pixels, we want to produce a HR unrolled
vector x made by N pixels, with N �M depending on the
linear (integer) magnification factor q.

y1 y2

x

yK

W1 W2 WK

Figure 1: Super-resolution generative model.

The generative model is composed by a prior over the HR
image together with an observation model (see Fig. 1) that
explains each observed yk as being generated independently
from x by first applying a shift sk and a rotation θk, then
convolving with a Gaussian PSF with width γ, and finally
downsampling to the lower resolution. All these steps are en-
coded in the downsampling transformation matrixWk, such
that this model may be concisely described by the equation

yk =Wkx+ εk (1)

where εk ∼ N (0,Λ) represents an independent noise term
capturing both camera noise and the uncertainty in the gen-
erative process. Λ is a diagonal covariance matrix with vari-
ance elements equal to λ2, describing the (per pixel) uncer-
tainty. This parameter is usually heuristically set a priori.
The likelihood of observing an image yk in the given
model is described by the density

p(yk|x, sk, θk, γ) ∼ N (yk;Wkx,Λ)

where

N (yk;Wkx,Λ) =

�
1

2πλ

�M
2

exp

�
−‖ yk −Wkx ‖2

2λ2

�
(2)

In the M ×N downsampling transformation matrixWk

the m-th row, m = 1, . . . ,M , produces the m-th LR pixel
value, convolving the N HR pixels with a gaussian mask
centered according to the transformation parameters sk, θk

and whose span is determined by the PSF width parameter
γ. If we denote the matrix element located at the m-th row
and n-th column with the superscript <mn>, we have:

W<mn>
k =

fW<mn>
kPN

n′=1
fW<mn′>

k

(3)

where each m-th row has been normalized from

fW<mn>
k = exp

� ||v<n> − u<m>
k ||2

γ2

�
(4)

The above equation clearly explains why γ is being re-
ferred to as the ‘width’ of the PSF: the larger its value, the
larger the number of neighboring pixels to be weighted, thus,
the resulting image results more blurred.
In Eq. (4) the vector v<n> is the position of the n-th HR
pixel, while the vector u<m>

k is the center of the PSF and
is located according to the following transformation:

u<m>
k = Rk(u

<m> − u) + u+ sk (5)

where u<m> is the position of the m-th LR pixel, rotated
around the center u (coincident for simplicity with the centre
of the image) by the matrix

Rk =

�
cosθk sinθk

−sinθk cosθk

�
(6)

and then shifted by the amount sk. In both Eqs. (4) and
(5) the vectors v<n> and u<m> are chosen once and for all
images on a regular grid based only on the resolution.
The Bayesian approach to the super-resolution estimates
the high resolution image x inverting the ill-posed system
(1), considering all the K LR images:

p(x|{yk, sk, θk}, γ) = p(x)
QK

k=1 p(yk|x, sk, θk, γ)

p({yk}|{sk, θk}, γ) (7)

=
p(x)

QK
k=1 p(yk|x, sk, θk, γ)R

x
p(x)

QK
k=1 p(yk|x, sk, θk, γ)

(8)

where the posterior over the HR image x, given the properly
shifted, rotated LR images and the width of the PSF, is
calculated as the product of the regularizer prior and the K
likelihood terms, as usual in the MAP approach, normalized
by a marginal factor that represents the uncertainty over the
parameters.
The prior over the HR image p(x) provides a more con-
strained solution space fixing the ill-conditioned system of
the likelihood terms. Much effort has been spent in litera-
ture to study case-oriented priors [1, 4], but, to deal with
arbitrary sequences, a Gaussian prior is adopted [14], that
constrains the correlation of nearby pixels:

p(x) ∼ N (x;0,Zx) (9)

with the covariance matrix Zx having the form

Zi,j = A exp

�
−‖ v<i> − v<j> ‖2

r2

�
(10)

Here v<i>, v<j> denote as before the spatial positions
of HR pixels i and j in the two-dimensional image space; A
and r represent the weakness of the prior and the correlation
range, respectively.
Considering the whole term in Eq. (7) as the product be-
tween the prior and the joint likelihood Gaussian terms, nor-
malized by a convolution of Gaussian densities, after some
matrix manipulations (see [15]), it is possible to rewrite the
posterior in the following Gaussian form:

p(x|{yk, sk, θk}, γ) ∼ N (x;�,Σ) (11)

where

Σ =

 
Z−1

x + λ
−2

KX
k=1

WT
kWk

!−1

(12)

� = λ−2Σ

 
KX

k=1

WT
k yk

!
(13)
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This posterior is basically a prior-compensated pseudo in-
verse matrix. The covariance in Eq. (12) encodes the uncer-
tainty over each HR pixel: this uncertainty is mainly driven
by the smallest value between the prior covariance and the
covariance of the likelihood term, weighted with noise vari-
ance λ2.
Our approach generalizes this Bayesian framework, modi-
fying the likelihood terms with additional knowledge, gained
by a previous clustering step. In this way, it becomes possi-
ble to estimate the HR resolution image, taking differently
into account each pixel of the LR images.

3. THE PROPOSED APPROACH
In the Bayesian framework of Sec. (2), the role of the
Gaussian noise additive term is mainly to capture the global
discrepancy between the model and the data. This term acts
equally and indipendently on all image pixels, thanks to the
safe conditions guaranteed by the three strong assumptions.
However, we cannot maintain these hypotheses in a more
general case, in which the targets to be super-resolved may
be more than one (depending on their permanence in the
video sequence), freely moving in cluttered scenes, and also
having entirely distinct appearances. This variability trans-
lates into different confidences for each area of the LR images
and hence different ‘weights’ for the estimation of the HR
representation.
To take into account these uncertainties, the observation
model of Eq. (1) must be changed. Our approach makes
two major modifications by considering several targets to
super-resolve in the scene, and exploiting more suitable noise
processes. In short, (Step 1) we initially perform a clustering
of the video sequence, each cluster containing most shots
of a particular target. In the same process, every frame
is coarsely aligned, inverting its spatial transformation to
maximise the cluster coherence. Subsequently, (Step 2) we
derive a different SR generative model for each cluster. This
integrates the information brought by the LR frames into a
HR image for each target.
In the following subsections, we will see how these steps
can be performed in a statistical fashion, accurately weigh-
ing the large existing uncertainty. We will show how per-
sistent objects in the video sequences scatter precious infor-
mation that can and will be distilled with super-resolution.

3.1 Low-resolution frame clustering and
registration

In order to detect salient targets in the frames we basi-
cally perform clustering among LR images, considering the
appearance of persistent targets captured in the sequence,
invariantly with respect to camera movements. The model
over which the clustering step operates is the one proposed
in [7], in which each single frame of a video sequence is con-
sidered as generated by a representative (”mean”) image,
subject to a discrete transformation and sensor noise addi-
tion. Performing clustering into this space corresponds to
individuate in the M -dimensional pixel space a set of clus-
ters c, c = 1, . . . , C, of LR frames. The c-th cluster is rep-
resentative of a particular set of LR images, that we denote
as {yk}c. This clustering process is possible by modeling
the LR frames of the sequence via a transformed mixture of
Gaussians. In formulae, the generative process captured by
this model is the following (omitting for clarity the index k,

present in each term):

y = T�c +TΦcT
T +Ψ, (14)

in which all the possible invertible discretized transforma-
tions applied at the image y, namely T, are taken into
account, considering the wrap-around effect. Each of the
C cluster is modelled with a Gaussian function N (�c,Φc).
The M -th dimensional �c represents a possible image that
produces y via the probable T transformation, extracted
from all the possible M-dimensional transformation with
probability l. This process is carried out with pixel level
uncertainty proportional to the diagonal covariance matrix
Φc, plus the noise captured with a zero mean Gaussian pro-
cess N (0,Ψ) with Ψ diagonal matrix, with elements equal
to ψ2.
The covariance term Φc in this framework is highly mean-
ingful, because it models the uncertainty with which the
{yk}c frames represent the mean image �c For simplicity,
this covariance matrix is modelled as a diagonal variance ma-
trix, assuming all the LR pixel as independent each other.
This assumption implies that the lower the variance cor-
respondent to the pixel �<m>, the more uncertain is that
pixel value, the lower useful information is brought by the
aligned component images {yk}c.
The likelihood of the image yk with respect to this frame-
work is modelled using the density

p(yk|Tk, c) ∼ N (yk;Tk�c,TkΦcT
T
k +Ψ) (15)

All the necessary parameters of this model are learned in
a Maximum Likelihood fashion using an exact Expectation
Maximization algorithm (for additional details, about both
the model and the learning step, please refer to [2])
Once the model is learned, several useful inferences are
possible. For example, given an image yk, it is possible to
choose the most probable generative cluster ec:ec = argmax

c
p(c|yk)

This operation effectively groups all the K images in C sets
of {yk}c frames, all depicting the same target. In the same
way it is possible to infer, for each LR image, the most

probable transformation eTk that is applied to the cluster
mean �

ec that most probably has generated it:eTk = argmax
Tk

p(Tk|yk,ec)
Therefore, a LR registration is available considering T−1

k yk

for eyk = {yk} ∈ ec, for each cluster c. So, after the cluster-
ing, we register all the LR images belonging to a particular
cluster with a LR pixel precision, obtaining, for each cluster,
a set of {eyk}c.
Therefore, the clustering step allows us to recover nearly
all the necessary constraints of the classical super-resolution
framework. Actually we obtain C groups of aligned LR im-
ages (in the M-dimensional image space) {eyk}c, showing
each one in the center of the image the c-th persistent tar-
get. The mean LR representation of this target is encoded
in the mean of each Gaussian cluster, normalized with re-
spect to invertible transformations. The difference with an
ordinary super-resolution algorithm is that in the classical
formulation all the LR images globally represent the target,
while here all the frame consist in a target part, relevant
in the process of super-resolution, fused with a clutter part,
useless.
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In the following section, we will show how to embed the
clustering results in the super-resolution framework, enrich-
ing the Bayesian structure, and obtaining for each cluster a
precise super-resolved image, via an estimation process that
considers differently the LR images pixels.

3.2 Distilling Information with Super-Resolu-
tion

After the clustering step, we obtain C groups of LR im-
ages, each one formed by Kc = |{eyk}c| LR aligned frames.
Each one of these group of LR frames will produce an high
resolved version of the target represented, and may be con-
sidered independently from the other clusters. Therefore,
we consider the cluster c together with the Kc correspond-
ing LR images omitting for the sake of clarity the cluster
index c. Disregarding the effect of the normalized transfor-
mation Tk, the likelihood term of of Eq. (15) becomes

p(ỹk|c) ∼ N (ỹk;�,Φ+Ψ) (16)

with respect to the generative process:

ỹk = � +Φ+Ψ, (17)

The last two factors of the right hand part of Eq. (17) can

be condensed in a covariance term eΦ, that we call contex-
tual covariance. This covariance term takes into account the
sensor noise, and the uncertainty in the generative model,
and the per pixel uncertainty over the mean image. This co-
variance depends of how well a target is represented in the
M -dimensional pixel space by the frames belonging to the c-
th cluster, from which comes the term “contextual”. At the
same time, the contextual covariance explains how likely the
pixels of each image contains useful information for the mean
image estimation process. We claim that this uncertainty
holds proportionally in the estimation of a super-resolved
version of the mean image. Therefore, we inject this struc-
tured uncertainty directly in the generative process of the
HR image, obtaining the novel LR image generative model:

ỹk =Wkx+ eΦ (18)

taking into account of the carried out LR sub-pixel trans-
formations sk, θk plus the PSF width γ, in the matrixWk.
The corresponding likelihood term becomes:

p(ỹk|x, sk, θk, γ) ∼ N (ỹk;Wkx, eΦ) (19)

Comparing this likelihood with the old LR image appear-
ance model of Eq. (2), we observe that in this case each
pixel of the LR image has a different weight with respect to
the estimation of the HR image. Leaving the other terms
unchanged as for the formulation of [14], we embed this
novel likelihood term in the Bayesian posterior density over
the HR image x. Expanding opportunely the term, we can
obtain the new Gaussian formulation of the posterior in the
form

N (x; �̄, Σ̄) (20)

where

Σ̄ =

 
Z−1

x +
KX

k=1

WT
k
eΦ−1Wk

!−1

(21)

�̄ = Σ̄

 
KX

k=1

WT
k
eΦ−1yk

!
(22)

The process underlying the reconstruction of the HR im-
age is once again the EM procedure. In this case, the LR
images {ỹk} are the visible variables, the HR image x is
considered as a hidden variable, forming together the so
called complete data. In the standard formulation of the
EM framework, the task is to maximize the complete data
likelihood with respect to the hidden parameters, in our case
Ω = {sk, θk, γ}. The EM algorithm essentially operates in
two step: in the E-step it computes the expectation over the
hidden variable of the log of the complete data likelihood,
given an arbitrary set of values for the hidden parameters
Ω(i), and the visible variables. In the M-step, the EM al-
gorithm maximizes the computed expectation with respect
to the hidden parameters Ω(i+1), obtaining the next set of
hidden parameters values. These two steps are iteratively
computed, until a convergence criteria is reached.
In our case, the E-step is equal to

E
h
log p

�
{ỹk},x|Ω(i+1)

����{ỹk},Ω(i)
i

(23)

that expanded givesZ
x

log p
�
{ỹk},x

���Ω(i+1)
�
f
�
x
���{ỹk},Ω(i)

�
(24)

Here, the f function is the marginal distribution of the un-
observed data, dependent on both the LR images {ỹk} and
on the current parameters Ω(i), that in our case represent
the posterior over the high resolution image. So, in the E-
step we calculate this posterior distribution, that holds in
Gaussian form as shown in Eq. (20).
In the M-step, we maximize the expectation of Eq. (23),
taking the delta function approximation

f
�
x
���{ỹk},Ω(i)

�
= p(x|{ỹk, sk, θk}, γ) (25)

= N (x; e�, eΣ) (26)

∼ δ(xMAP ) (27)

= δ(�) (28)

as performed in [15], because the mean of the posterior
Gaussian density corresponds to its Maximum a Posteriori.
Therefore, this step calculates the maximum of the log of
the complete data likelihood, in order to obtain the new pa-
rameters Ω(i+1), calculated in the maximum value assumed
by the hidden variable xMAP i.e. at �. The maximization
can be obtained using some gradient descent technique, as
performed in [14], until a convergence criteria is reached, at
iteration imax. At that final iteration, we have reached the
locally optima hidden parameters values Ω(imax) , that allow
us to build the super-resolved version of the target, simply
injecting them in the Eq. (20), and taking the mean �̄.
In this formulation, we choose to embed only the contex-
tual covariance obtained from the clustering step, ignoring
the mean image information, that would be integrated in the
prior term in some fashion. In this way it is possible to eval-
uate if a more expressive uncertainty information can drive
expressively the SR resolution estimation process, leaving
the task of the building of the HR image completely to the
LR images. The potential advantages are several, and in
the experimental section we justify them with some results.
Actually, rather than trying to estimate from a video se-
quence of frames only one high resolution image, our method
permits to estimate several HR representations, built from
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a reasonable clustering over the entire set of frames, op-
portunely pre-aligned at LR level of pixels. Moreover, the
estimated HR image takes as informative values the ones
present in the LR images associated to a low variance in the
corresponding mean image; in this way, the shift, rotation,
and PSF parameters are estimated referring over “safe” val-
ues, in a statistical sense. Finally, as shown in Eq. (20),
the computation of the huge N ×N covariance Σ̄ is neces-
sary; in the original formulation of [14], a reduced area is
considered, chosen arbitrarily in the image; in our method
instead, we choose that area in a completely automatic fash-
ion, which center corresponds to the lowest contextual vari-
ance obtained after the clustering step.

4. EXPERIMENTAL SESSION
The proposed approach can be considered from one side
as an instance of super-resolution, but starting with differ-
ent initial hypotheses. Actually, as we saw in Sec. (3.2),
after the clustering step the three basic constraints are only
nearly satisfied, because the initial aligned images do not
show exactly the same scene, rather, they depict a local
prominent object immersed in different background scenes.
In this sense, our method compensates this uncertainty, in-
troducing a structured covariance term in the generative
process of the LR images.
Even if our method outperforms all the image super-reso-
lution algorithms (assumed standard initial conditions), we
still try to compare our algorithm with other techniques
considering the following situation: an arbitrary LR frame
sequence {y1,y2, . . . ,yK} is considered, and the clustering
step is applied to get C sets of aligned LR frames. The
cluster number C is easily defined heuristically, in accord
to [7]. A model selection procedure may be embedded in
the process, but this goes beyond the aim of this paper.
Therefore, we obtain C instances of the same problem to
which our algorithm can be applied, and compared with a
standard bi-cubic image interpolation method, and with the
Bayesian image super-resolution algorithm proposed in [14].
In this way we measure the effective robustness and efficacy
of our method, estimating super-resolved targets from dif-
ferent frames, originally unordered in time, and evaluating
the effectiveness of the structured covariance term. In the
following experiments, for convenience sake we consider only
translations, i.e. rotations are not taken into account.

4.1 Synthetic data
The synthetic example we used to test our method is
shown in Fig. 2a: the main target is an image of a low-
ercase black letter ‘r’ on a white background of size 32× 32
pixels. The first sequence of low resolution images were gen-
erated by randomly shifting this image, convolving with a
Gaussian PSF with γ = 2 and finally downsampling to a
resolution of 8 × 8 pixels. The goal of this experiment was
then to reproduce as best as possible the high resolution
image, comparing the results of our method and the other
algorithms. Fig. 2a shows one of the 30 images thus gen-
erated. Fig. 2b (left and right column) show the mean and
covariance diagonal of the cluster resulting after the appli-
cation of the clustering step. Note how the least variance is
expressed by the leg of the letter and the background.
In a second series of experiments we replaced the white
background with a sequence of images coming from a movie
of moving terrains. The goal was to mimick the presence of

a)

b)

Figure 2: Clustering results over synthetical data :
a) example of an original 32 × 32 frame and (right)
subsampled 8 × 8 image; b) mean image(left) and
diagonal structured covariance (right) of the clus-
ter; the darker the pixel value in the covariance, the
lowest the corresponding variance.

a)

b)

c)

Figure 3: Clustering results over synthetical data
with background added: a) example of an original
32× 32 frame and (right) subsampled 8× 8 image; b)
mean image(left) and diagonal structured covariance
(right) of the first cluster; c) mean image(left) and
diagonal structured covariance (right) of the second
cluster; the darker the pixel value in the covariance,
the lowest the corresponding variance.

structured background behind our shaking object. Fig. 3a
shows one HR frame and its corresponding LR image. Since
we wanted to extract meaningful information, the clustering
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RMS= 54.6 RMS= 57

RMS= 39.4 RMS≈ 51

RMS= 34.7 RMS≈ 43

Figure 4: Super-resolved images and RMS values
obtained; at the right column the clean sequence
and respective results at the left, the sequence with
added background and the corresponding obtained
results. From the top row: one of the original
frame 32 × 32; single-image interpolations; Bishop’s
method; our approach.

was trained to recognize two clusters, shown in Fig. 3b-c.
Note how the first cluster seems to be uncertain if expressing
the foreground or the background, since both the leg of the
letter and the background on the right have low variances.
On the other side, the second cluster is confident on the
letter and cares little of the background. We thus decided
to super-resolve the images of this cluster.
Fig. 4 compares the results obtained by interpolating a
single LR image, applying Bishop’s algorithm, and the pre-
sent approach. The left column proves that our method
performs slightly better than Bishop’s provided with perfect
data. The results on the noise-corrupted images are more
interesting (right column). Even if Bishop’s algorithm does
a very good job, sometimes it is deceived by the structured
noise and provides a less-than-perfect result. The most ev-
ident failures are the shrinking of the leg width and the
smaller serifs, whereas our approach consistently reproduces
all the details, showing that it’s not misleaded.

frame 1 frame 18

frame 23 frame 27

frame 34 frame 37

frame 40 frame 43

frame 49 frame 55

frame 58 frame 61

Figure 5: Original high resolution “Indoor se-
quence”.

4.2 Real data
To evaluate the practical effectiveness of our method, we
capture several video sequences using a Sony TRV120E hand-
held camera, at 20 Hz acquisition rate. We report the most
significant sequence, named the “indoor sequence”. The
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b)
0.005

0.01

0.015
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0.045
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Figure 6: Clustering results for the subsampled in-
door sequence: the mean and diagonal covariance
images of the C = 1 (a) and of the C = 3 (b) cluster;
in the covariances, the darker the pixel intensity the
lowest the value.

video sequence consists in a person walking quickly through
an indoor environment, alternating randomly different poses
and expressions, as shown in Fig. 5.
Video data are acquired at 320× 240 pixels, and the sub-
ject captured is about 10 meters away from the camera.
Then, 100 frames of the sequence are initially subsampled
by a linear magnification factor q = 4, with a PSF width
γ = 2. This artificial subsampling provides a sort of ground
truth useful in comparison with the obtained SR results. We
perform the clustering step with C = 4 clusters, obtaining
4 groups of images aligned at LR pixel level, from which we
choose the ones with high certainty information, in order to
perform the HR image estimation. Therefore, we consider
only two clusters for C = 1 and C = 3, with respectively
16 and 14 LR images, which mean and diagonal covariance
images are depicted in Fig. 6.
From that figure, it is possible to evaluate the uncertainty
exploited by the two groups of images, decoded by the cor-
respondent diagonal covariance images; moreover, such im-
ages are rectangular patches of dimensions 19×30 LR pixels,
centered in the lowest covariance pixel, extracted automat-
ically from the full M -dimensional LR images. All the LR
aligned frames are considered in the following using these
dimensions (Fig. 7).
As explained in Sec. (3), we distill the information con-
tained in the several LR images, estimating only one HR
representation per cluster. To this end, we run the EM
procedure as explained in Sec. (3.2) until a reasonable con-
vergence rate is reached. Then, we estimate from the same
images the classical Bayesian image super-resolution. Fi-
nally, we perform bi-cubic interpolation on a random LR
image per cluster.
The results are shown in Fig. 8: in correspondence of low
cluster covariance, our method actively uses the pixel in-
formation contained in the LR images, correctly estimating
the shift parameters and the gamma value and estimating
correctly the face, in both poses. Conversely, the classical
Bayesian framework erroneously takes equally into account
all the LR pixel values and produces bad results.

frame 1 frame 18

frame 23 frame 27

frame 34 frame 37

frame 40 frame 43

frame 49 frame 55

Figure 7: Clustered and aligned LR patches: on the
left column, the patches of the LR images belonging
to the cluster C = 1; on the right the ones relative
to the cluster C = 3.

Therefore, in order to discover the effectiveness and the
robustness of our method, the native images acquired with
the camera are considered as LR frames, composing them
to build an HR image. In this case, the linear magnifica-
tion factor applied is q = 2. Here, the clustering process
considers as prominent one cluster, depicted in Fig. 9.
The obtained results are reported in Fig. 10. In this case,
the high certainty produced by the clustering step provides
good input data to both the super-resolution algorithms,
that estimate similar HR images.

9



Figure 8: High resolution image estimation results:
on the right are the results for the C = 1 cluster,
on the left for the C = 3 cluster; from the top: a
low resolved image, bi-cubic interpolation, classical
Bayesian super-resolution, our approach.

0.005

0.01

0.015

0.02

0.025

0.03

0.035

0.04

0.045

Figure 9: Clustering results for the indoor sequence,
taken at the original 320 × 240 resolution: the mean
and diagonal covariance images of the C = 2 clus-
ter; the darker the pixel value in the covariance, the
lowest the corresponding variance.

5. CONCLUSIONS
In the present paper we propose a novel information-ex-
traction scheme, able to provide informative high resolved
patterns from a sequence captured with an hand-held cam-
era. In this sense our approach performs a sort of super-
resolution, although all the super-resolution algorithms start
from a well constrained hypothesis, here completely missed.

Figure 10: High resolution image estimation results:
on the left are the results for the estimated cluster,
on the right some enlargements; from the top: a
LR image, bi-cubic interpolation, classical Bayesian
super-resolution, our approach.

Our framework is formed from a translation invariant vid-
eo clustering step, in which similar low resolution frames
are clustered together. The clustering rule normalizes and
groups those frames that exhibit recurrent visual patterns,
invariantly respect the transformation. After the grouping,
we obtain a measure of the cluster’s compactness, encoded
in the covariance matrix of the clusters. We actively use this
information in the extraction of high resolution patterns, us-
ing a Bayesian iterative approach. This approach builds for
each cluster an high resolved image, considering differently
each pixel of each low resolution frame, depending on the
covariance of the cluster: the higher the variance of a low
resolution pixel, the lower the contribute of that pixel in the
construction phase of the high resolution one.
The results show that the obtained results are good and
informative for a detection task, even if not completely pho-
to-realistic: this effect is caused primarily from the cluster-
ing step. In facts, the higher the compactness of the cluster,
the higher the contribute of each pixel of each low resolu-
tion image in the high resolved one. Anyway, the growing
diffusion of home-made video data useful for surveillance en-
courages the development of technics capable to increase the
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resolution of the video pattern, not merely using one frame
interpolation.
The future perspectives are to embed the process of clus-
tering in the super-resolution step, using a structured gen-
erative model that clusters and improves the resolution of
the low resolution step in one shot. In this method we can
more compactly consider the uncertainty in the video data,
producing more highly defined information.
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