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Abstract—Super-resolution (SR) is the term used to define the
process of estimating a high-resolution (HR) image or a set of HR
images from a set of low-resolution (LR) observations. In this paper
we propose a class of SR algorithms based on the maximum a pos-
teriori (MAP) framework. These algorithms utilize a new multi-
channel image prior model, along with the state-of-the-art single
channel image prior and observation models. A hierarchical (two-
level) Gaussian nonstationary version of the multichannel prior
is also defined and utilized within the same framework. Numer-
ical experiments comparing the proposed algorithms among them-
selves and with other algorithms in the literature, demonstrate the
advantages of the adopted multichannel approach.

Index Terms—Image restoration, maximum a posteriori (MAP)
framework, motion field estimation, multichannel prior, ob-
servation model, parameter estimation, super-resolution, video
applications.

I. INTRODUCTION

R ESOLUTION enhancement of an image or a frame
of a video sequence based on multiple LR observed

frames, which is also referred to in the literature as super-
resolution (SR), is of critical importance in signal processing
applications, such as video surveillance, remote sensing and
medical imaging (e.g., X-rays). It has also been implemented
in various consumer electronic products, such as, cell phones,
digital video cameras, portable digital versatile disks (DVD),
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portable global positioning systems (GPSs), and high definition
televisions (HDTVs) [1]–[5]. In each of these systems, the
image resolution can be increased by using a higher-resolu-
tion sensor. However, in addition to cost considerations, the
noise increases as the charge-coupled device (CCD) cell size
decreases. Therefore, one must turn to algorithmic techniques
to achieve resolution as well as quality enhancement [6].

A recent review of the SR field can be found in [4] and the
references therein. The idea of SR was first formulated in the fre-
quency domain [7], and it was extended in [8] and [9]. Some of
the most recently proposed frequency domain methods are those
in [10]–[12]. Although such methods are theoretically simple
and computationally efficient, their use is limited by the fact that
they are sensitive to modeling nonglobal translational motion,
and they are not able to incorporate any spatial domain prior
knowledge in their formulation [13].

In addition to these methods, another popular class of SR
methods has been developed in the spatial domain, in order
to overcome the aforementioned drawbacks. Typical examples
of such approaches are based on iterative planar motion esti-
mation algorithms [14], back-projection algorithms (IBP) [15],
projection onto convex sets (POCS) [16], [17], maximum-like-
lihood (ML) [18] and maximum a posteriori (MAP) [19], [20].
However, the spatial domain methods are in general computa-
tionally expensive. Finally, wavelet based SR methods have also
been proposed which are very robust to noise [21].

The SR problem is an ill-posed inverse problem that requires
regularization. The Bayesian framework, used in this work, of-
fers many advantages (see [4], for example). In most of the
Bayesian formulations which have been used for developing
SR algorithms so far, single channel (frame) image priors have
been adopted, based on a Gaussian stationary assumption for the
local image differences [22], [23] whereas there have also been
proposed both non Bayesian [24]–[26] and Bayesian [27] total
variation (TV) regularization techniques. As far as the imaging
models are concerned, many techniques are incorporating the
motion field (MF) information [22], [24], [25], [28], whereas
others do not use this information at all.

The term multichannel [29] in the context of video recovery
implies the use of the between frames correlation. Multichannel
approaches have been used successfully in the past for video
restoration [28]–[30] and compressed video reconstruction ap-
plications [31]. However, most of these approaches were deter-
ministic and the multichannel idea was basically imposed by
using between frame regularization.

In this paper, we address the video SR problem utilizing a
MAP approach. One of the main contributions of this work is

1057-7149/$26.00 © 2010 IEEE
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the introduction of a new multichannel prior that incorporates
registration information between frames. Accurate registration
of each pixel (dense MF) of adjacent frames is critical for the
video SR reconstruction. An additional novelty factor of our
work, consists in using the nonstationary image prior which
was introduced in [32], in the SR problem. Consequently, a new
single frame MAP SR algorithm is derived. Furthermore, this
prior was also incorporated in the video resolution enhancement
algorithm which was proposed in [22] and [23], resulting in a
new proposed MAP SR technique for uncompressed video.

Moreover, we also introduce a nonstationary version of the
aforementioned new multichannel prior within the MAP frame-
work. In particular, we propose a novel SR algorithm that uti-
lizes a hierarchical (two-level) Gaussian type prior which as-
sumes that the residuals of first order differences (FODs) within
each frame in two directions are Gaussian random variables
(RVs) with zero mean and variance that is spatially varying [32].
The same modeling assumption is made for each motion com-
pensation error between every two frames which are used in the
proposed prior. In order to deal with the resulting overparam-
eterization, the spatially varying variances (at each pixel loca-
tion) are considered RVs and a Gamma hyperprior is imposed
on each of them (whose mean and variance is controlled by the
shape and scale parameters). Comparison among all these three
proposed algorithms also indicates the relative advantage of the
MF utilization in the prior term with respect to its use in the ob-
servation term.

The paper is organized as follows. In the next section, we
present the appropriate mathematical background on all ob-
servation models and image priors used. In Section III, we
introduce a general MAP problem formulation for the SR of
uncompressed video regarding the proposed models, along
with the corresponding algorithms. In Section IV, we provide
numerical experiments that test the proposed methods. Finally,
Section V presents the conclusions along with future work
recommendations.

II. MATHEMATICAL BACKGROUND

A. Observation Models

In this paper, we use two different observation models. In the
first one the relationship between the LR observation
frame and its ( denotes the resolution enhance-
ment factor) HR counterpart is given in matrix-vector form by
(all images have been lexicographically ordered)

(1)

where is the down-sampling matrix, is the
known blurring matrix, of size ,

represents the additive white Gaussian noise (AWGN) term, and
represents the total number of frames used.
Equation (1) can be rewritten as

(2)

where

(3)

indicate, respectively, the number of frames used in the
forward and backward temporal directions with respect to the

th frame , denotes the transpose of a
matrix or vector, and

(4)
are respectively of dimensions and

.
The second imaging model (warp-blur model [4]) used in this

paper, is defined as

(5)
with a column vector of size
representing the total contribution of the noise term (including
both registration and acquisition errors) which is again modelled
as AWGN (without lack of generality we have assumed that

). Moreover, is the 2-D motion compensation
matrix of size , mapping frame into frame

with the use of (displacements at each pixel location).
Here, using the imaging model in (5) we are using only the mo-
tion information that is relevant for the resolution enhancement
of the th frame. The assumption of AWGN is also adopted in
[33] and [34], where a similar observation model is used. At this
point, it is also mentioned that the non-AWGN assumption em-
ployed in [18] for the respective noise term is valid only for the
special case of global motion [33]. This is not a restriction we
are imposing in this work.

B. Image Prior Models

Although deterministic approaches have been developed in
the past for video SR applications [24], [25], [35], the Bayesian
formulation, which utilizes an image prior, offers many advan-
tages. A simultaneously autoregressive (SAR) model has been
used as an image prior for video SR [22]. This model is based
on the assumption that the local image differences follow the
same statistics all over the image. This assumption induces a
prior for the image which has been used extensively in image
recovery problems. It is very effective because it contains only
one parameter (the within channel inverse variance/precision)
resulting in easy analytical calculations. However, because of
this (one parameter) it cannot capture the local properties of the
image. One way to bypass this difficulty, as we shall see in what
follows, is to introduce a prior with a spatially varying preci-
sion paremeter [32], [36]. In order to avoid the over parameter-
ization problem, all of them are assumed to originate from the
same conjugate Gamma probability density function (pdf).

In this work, we extend these ideas to the video SR problem.
We, thus, propose a new spatially adaptive (nonstationary)
multichannel prior. This model takes into account both the
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within frame smoothness (spatial residuals) and the be-
tween-frame smoothness (temporal residuals). In this case, the
respective regularization parameters are assumed to be spatially
varying RVs and a Gamma hyperprior is imposed on each of
them.

More specifically, based on [32], we introduce a hierarchical
(two-level) Gaussian prior to model both its within channel
and between-channel smoothness. The first step is to define
the within channel FODs as , where 1, 2
denotes the directions of 0 and 90 , respectively, and is
the directional difference operators for
each frame. We now assume that the FODs at each spatial
location and direction have Gaussian statistics (a commonly
used assumption even in the case of spatially invariant FODs,
see [37], for example) according to ,
where defines the pixel location and is the inverse
variance. For compactness of the presentation, we set

,

and . Moreover, we
introduce the notation ,
where each matrix for , 2 is of dimensions

.
Assuming that the errors at each direction and at each pixel

location are independent we obtain the following improper pdf
[32]:

(6)

The independency assumption is based on the fact that at each
pixel location an edge can occur in any direction independently
of what happens in adjacent pixels and it also makes subsequent
calculations tractable. Furthermore, improper priors are used on
a routinely basis with success in Bayesian modeling (see [38],
for example).

Moreover, a Gamma hyperprior is placed on each inverse
variance (precision) , according to

(7)

where ,

, and , are the scale and shape
parameters, respectively, per frame and per direction [37],
[39]. The rationale for using a Gamma prior on each inverse
variance is threefold. First, it is “conjugate” for the variance
of a Gaussian [40]. Second, similar hierarchical models have
been used successfully in Bayesian formulations of other
statistical learning problems [41]. Finally, as we shall see in
the following, it produces compact equations for the inverse
variances. Assuming also that the variances of the Gaussians
modeling the residual errors are statistically independent, we
have from (7)

(8)

where and . This as-
sumption allows these variances to scale down the differences
of adjacent pixels not only in smooth areas, but also in regions
of image discontinuities (e.g., edges). Therefore, combining (6)
and (8), we obtain

(9)

representing the proposed within channel nonstationary prior.
We now define the proposed between-channel nonstationary

prior. More specifically, we define each motion compensated
error (residual) between two frames ( ,
for ) per pixel as . We also
set , which is a column

vector of size and also which
is also a column vector of size
containing all possible precisions of the motion compen-
sation errors and equals the number of all
possible channel combinations. Furthermore, we denote by

, for , where each
such matrix is of size .

Following the framework in [32] and assuming that the mo-
tion compensation errors are independent at each spatial loca-
tion, given that each pixel of one frame is predicted by a pixel of
another frame independently of (the predictions of) its adjacent
pixels, we obtain the following Gaussian motion compensation
error pdf:

(10)

with the assumption

(11)

where matrix represents the backward motion compen-
sation operation along the motion vectors (mapping frame
into frame with the use of ). Note that (11) holds when
the assumption of integer pixel accuracy MF holds, along with
the one-to-one mapping through motion. In this case the motion
compensation matrices are indicator matrices of full rank thus
it also holds that [30], or .

A Gamma hyperprior is imposed on each such spatially
varying precision, expressed as

(12)
where and

, and , are the parameters per
motion compensation error . Based on the assumption
that the variances of the Gaussians modeling the errors are
statistically independent and on (12), we obtain

(13)

This assumption also stems from the fact that these variances
scale down the compensation errors of adjacent pixels which
can be located either in smooth areas or in edges, textures, etc.
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In this new prior the value of each parameter and is in-
terpreted as the level of confidence on the information provided
by each Gamma hyperprior. This is attributed to the fact that as

, , , and as ,
, , which means that the

prior becomes stationary. In contrast, as both parameters and
then all , , and go

to infinity, thus the prior becomes totally nonstationary (unin-
formative) in both its within and cross-channel parts and does
not influence at all the values of and , which as a result
follow only the data and the motion compensation trajectories,
respectively. Consequently, the values of the parameters and

can be viewed as the only way to regulate the degrees of
freedom (nonstationarity) of the proposed prior.

Combining (9), (10), and (13), the proposed spatially adaptive
multichannel prior can be expressed as

(14)

where are defined similarly to , and
, and are column vec-

tors of size containing the hyperparameters
for each motion compensation error.

If we write out (14), the term containing is given by

(15)

In order to facilitate subsequent derivations, can be
rewritten in a more compact form as

(16)

where

(17)

The construction of from is a simple algebraic task
based on (15), (16), and (17). For and , it is
easy to verify that is given by the expression in (18), shown
at the bottom of the page. The presence of the compact term

makes calculations tractable as far as the es-
timation of is concerned using the MAP algorithm, as dis-
cussed in the next section. Finally, is a symmetric matrix of
size which can be easily computed for
any and .

The stationary version of the proposed prior is discussed
next. As already mentioned, such a prior can be obtained in
the asymptotic case when and . In this case,
the new proposed spatially adaptive prior becomes stationary
in the sense that both spatial (within channel) and temporal
(between-channel) smoothness is uniformly enforced across the
entire frame and across the motion compensation trajectories.
The stationary version of (6) is expressed by

(19)

where represents a linear high-pass convolutional operator
(e.g., discrete Laplacian) of size , de-
notes the norm and the parameter accounts for the within
channel inverse variance. Moreover, the stationary formulation
of (10) can be obtained as

(20)

Thus the stationary version of the proposed new multichannel
prior is expressed as

(21)

where is given by (19), with and being column
vectors that contain the parameters and , respectively.
Equation (21) can also be rewritten in a more compact form fol-
lowing the same algebraic steps as we did in the case of (14).
In this case also, parameter represents the inverse variance
(precision) of the motion compensation error between frames
and .

(18)
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Finally, it is mentioned that in both versions of the new pro-
posed priors expressed by (14) and (21), not all relations among
frames in the window are utilized. More specifically,
each frame is conditioned on only one of the rest of the frames at
a time and not on all of them. The use of more than one frames
upon which to condition the current frame, on one hand it clearly
introduces additional computations, while on the other hand it
has been shown experimentally not to provide any additional
performance benefits.

III. PROPOSED ALGORITHMS

In this paper the MAP point estimate is utilized for recov-
ering HR information from a sequence of low resolution obser-
vations. The MAP formulation for the SR problem of uncom-
pressed video, is specified for each one of the proposed algo-
rithms. It is given by

(22)

where denotes the column vector that contains all the parame-
ters along with the noise inverse vari-
ance parameters, whereas the RVs are jointly esti-
mated with the HR frames . Instead of the maximization in (22)
the negative of the logarithm of with re-
spect to , , and to the noise parameters is typically
minimized.

By utilizing the observation models (1) and (5) and the prior
models (9) and (14) (along with their respective stationary ver-
sions), we propose three formulations of the HR problem and
derive the corresponding MAP algorithms. For each algorithm,
we first provide its nonstationary formulation followed by the
limiting stationary one.

A. Algorithm 1

The simplest observation model we can use is the one in (1),
in which case no MF information is used. More specifically,
each frame in the sequence is recovered independently from the
other frames. The fidelity pdf then is defined as

(23)

where the parameter is the acquisition noise variance and
the prior model is defined by (9).

The objective functional to be minimized for obtaining a
MAP estimate is given by

(24)

Taking its partial derivatives with respect to , and and
setting them equal to zero results in the following linear system
of equations

(25)

(26)

(27)

For the stationary algorithm, (25) and (27) reduce respec-
tively to the following expressions:

(28)

and

(29)

while (26) remains the same. These equations, are obtained
based on the previous analysis and more specifically on the fact
that as , and and
consequently equals (stationary prior model) and

.
The aforementioned algorithm is illustrated step by step as

follows.

Algorithm 1: Single frame SR

Given an initial estimate for each HR image
while Convergence criterion is not met do

1) Estimate using (25) -nonstationary prior- or using
(28) -stationary prior-

2) Estimate using (26)
3) Based on steps 1) and 2), estimate HR image using (27)

-nonstationary prior- or (29) -stationary prior-

B. Algorithm 2

This algorithm is based on [22], where the observation model
is now described by (5) and the prior model is also given by (9)
as in Algorithm 1. That is, in this case the correlation between
frames is captured by the observation model only, since the prior
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model only considers one frame at a time. The fidelity pdf is
given by

(30)

where the parameters are the inverse noise variances (pre-
cisions) related to both the motion compensation errors and
the acquisition noise and as expected for it holds that

in (23). Moreover, when (and the MF ma-
trices) are given, the RVs (observations), or the respective
error terms, are assumed to be statistically independent. Thus,
we have

(31)

where denotes the column vector that contains all (scalar) pa-
rameters .

As far as the nonstationary form of this particular algorithm is
concerned, the objective function that is minimized with respect
to , and is given by

(32)

resulting in

(33)

(34)

with

(35)

(36)

where to be used in is given by the right-hand side of
(25). Clearly with this algorithm, only the MFs which are rel-
evant to the HR frame are used. Moreover, as expected, the
nonstationarity of Algorithms 1 and 2 is exclusively determined

by the within channel nonstationary part of the respective pro-
posed prior, which is expressed by (9). Based on the same argu-
ments made in reference to Algorithm 1, the stationary version
of Algorithm 2 (34) reduces to

(37)

where the estimation of the parameter is given by (28) and
(33) remains unaffected.

The corresponding algorithm can be given in a compact form
as follows.

Algorithm 2
Given an initial estimate for each HR image

1) Estimate the required MFs
2) Estimate using (25) -nonstationary prior- or using

(28) -stationary prior-
3) Estimate using (33)
4) Based on steps 1), 2) and 3) estimate HR image using (34)

-nonstationary prior- or (37) -stationary prior-

C. Algorithm 3

Utilizing this algorithm the observation term described by (2)
is combined with the new multichannel prior described by (14).
That is, in this case the frame correlation as described by the
MF, is captured by the prior model and not in the observation
model.

In this case, the fidelity term is given by

(38)

where is the covari-
ance matrix of size , is the identity matrix of
size and is the
column vector that contains the inverse noise variances for each
one of the channels that are used.

Consequently, the objective function is expressed as

(39)

Its minimization with respect to , , and yields

(40)

and

(41)
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where

(42)

(43)

can be constructed when , and are known as shown in
(18) and is given by the right-hand side of (25). In this al-
gorithm, the MF information is taken into account only through
the prior and not through the observation term, whereas (26)
also holds as far as the estimation of is concerned (for both
the stationary and the nonstationary versions of the proposed
prior). Moreover, in Algorithm 3 simultaneous SR (and restora-
tion) of all the HR frames is taking place, which is not the case
with Algorithms 1 and 2. More specifically, the main difference
between Algorithms 2 and 3 is that in the former one only the
part of the motion information which is relevant to the middle,

th, frame is incorporated in the fidelity term, whereas in the
latter one all possible combinations of the motion field are used
in the prior term. Consequently, in Algorithm 2, frames
are used in order to achieve SR (and restoration) of the middle
frame only, whereas in Algorithm 3 all observed frames are si-
multaneously super-resolved (and restored).

As far as the stationary version of this algorithm is concerned,
the minimization of the objective function results in

(44)

(45)

where is the stationary limiting case of which results
from setting and in (25) and (40). Based
on the aforementioned analysis, in this case ,

, and reduces to (discrete Laplacian).
The proposed algorithm can be illustrated step by step as

follows.

Algorithm 3: Proposed/New SR method

Given an initial estimate for each HR image
1) Estimate all possible MFs
2) Estimate using (25) -nonstationary prior- or based

on the left-hand side of (44) -stationary prior-
3) Estimate using (40) -nonstationary prior- or based

on the right-hand side of (44) -stationary prior-
4) Estimate using (26)
5) Based on steps 1), 2), 3) and 4) simultaneously estimate

all HR frames using (41) -nonstationary prior- or (45)
-stationary prior-

Since matrices , , , , and are not block-cir-
culant, and therefore they cannot be easily inverted due to their
sizes, we resorted to numerical solutions of (27), (29), (34), (37),
(41), and (45) using a conjugate-gradient (CG) algorithm [42].

IV. EXPERIMENTAL RESULTS

In this section, we assess experimentally the performance of
the proposed novel (state-of-the-art) MAP SR Algorithms 1, 2,
and 3 in both their stationary and nonstationary forms and com-
pare the proposed nonstationary Algorithm 3 with three other
SR techniques in [10], [14], and [15]. Consecutive frames of
the video sequences “Mobile” and “Bus” were used in exper-
iments 1 and 2, similarly to [22] and [24]. More specifically,
in the former case we use the central 316 316 region of each
frame, whereas in the latter one we also utilize the central 256
256 region of each image. Moreover, all of the presented results
were achieved by setting for both sequences; frames
“018”–“022” were used for the “Mobile” sequence and frames
“111”–“115” for the “Bus” sequence.

For all sets of experiments 1 and 2, two cases were consid-
ered. In the first one, the selected frames of both sequences were
degraded by uniform 9 9 blur, whereas in the second one no
blur was used . For this latter case, we also compared
the performance of the nonstationary Algorithm 3 to that of the
SR algorithms proposed by [10], [14], and [15] (which is a rep-
resentative IBP SR algorithm used in several frequently cited
publications), which were implemented using the software pro-
vided by their authors. After blurring, subsampling by a factor
of two in both spatial dimensions took place and white
Gaussian noise was added such that the blurred signal-to-noise
ratio (BSNR) defined (in decibels) as

BSNR (46)

or, equivalently, the SNR when , for each LR frame
equals to 20, 30, and 40 dB ( denotes the spatial mean
of ).

The objective metric used to quantify the quality of the re-
sults in the aforementioned experiments, is the improvement in
signal-to-noise ratio (ISNR). This metric (in decibels) is defined
as

ISNR (47)

where denotes the bicubic interpolation of the LR ob-
servation and is the respective estimated HR image.

Furthermore, we conducted experiment 3 in order to com-
pare our proposed Algorithm 3 with respect to three existing
SR techniques [10], [14], and [15] using two real datasets/se-
quences. The first one is the aforementioned “Bus” sequence,
where frames “111”–“115” were also used (a central 128 128
region of each frame) and served directly as the LR observa-
tions of our algorithm (without being synthetically degraded)
and also of the IBP SR algorithm which is proposed in [15].
The latter one is the “Disk” dataset taken from [18] where im-
ages “13”–“17” (whose central part with spatial dimension 49
49 was chosen) were used as the LR frames of both Algorithm
3 and the algorithm in [15]. We also note that based on [10]
and [14], those SR methods utilize frames “113”–“116” from
the “Bus” sequence (for the estimation of HR frame “113”) and
frames “15”–“18” from the “Disk” sequence (for the estimation
of HR frame “15”). For both sequences, no blur [the unknown
camera point spread function (PSF)] was used for our proposed
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TABLE I
ISNR VALUES AND NUMBER OF CG ITERATIONS FOR MOBILE AND BUS FOR THE CASE OF 9 � 9 UNIFORM BLUR

TABLE II
ISNR VALUES AND NUMBER OF CG ITERATIONS FOR MOBILE AND BUS FOR THE CASE OF NO BLUR/� � �

Algorithm 3 and for the IBP SR method in [15] (i.e., ),
whereas the formulation in [10] and [14] does not account for
the possible presence of blur at all. Moreover, in this experi-
mental set, all reconstructed HR images have also a resolution
enhancement factor of two . Clearly, in this set of exper-
iments we cannot define objective metrics of performance such
as the ISNR, given that the original frames are unknown. There-
fore, the evaluation of the results provided by the SR methods
is purely based on visual inspections.

In all experiments with Algorithms 2 and 3, the MF com-
putation was performed using a three-level hierarchical block
matching algorithm (HBMA) with integer pixel accuracy at
each level [43]–[45], with exhaustive search for the motion
vector computation at every pixel. The block dimensions were
selected to be 5 5 at each resolution level, whereas an exhaus-
tive search over an 11 11 area was used at each level, with
matching metric the mean absolute difference (MAD). In all
experiments, the convergence criterion used for the termination
of the CG algorithm was ,
where represents the difference between two
consecutive HR estimates. In the experiments that an itera-
tive scheme was adopted, the entire process terminated when

, where denotes the iteration
index. Moreover, for all algorithms, the results are presented
with respect to the middle ( th) frame.

1) Experiment 1: In the first set of experiments, we tested
the performance of the three algorithms in their stationary
form. For Algorithm 1, the bicubically interpolated LR obser-
vations served as initial conditions. In all experiments with Al-

gorithms 2 and 3 they (including the estimation of the param-
eters) are initialized by the results of Algorithm 1. Tables I
and II report the ISNR values, the number of iterations and
the values of the estimated noise variances for three different
noise levels BSNR/SNR values, for the uniform blur and no
blur cases, respectively. It has been experimentally demon-
strated that when (28) is used for the estimation of the pa-
rameters in Algorithms 1 and 2 for both cases of blur and
also for both sequences, we obtain the best results in terms of
ISNR when the aforementioned equation is scaled by a con-
stant whose order of magnitude is . Moreover, the same
scaling is employed in Algorithm 3, where parameters and

are given by (44). The procedure of choosing the proper
scaling constants has been also used in the past with success
in video SR problems and also in image recovery problems
[22], [46], [47].

Referring to Table I at low BSNR levels the improvement
that Algorithm 3 provides over Algorithm 1, is much higher
than the one at higher BSNR values. This can be attributed to
the fact that the role of the prior becomes more important at
low BSNRs [48]. Moreover, the lower the BSNR, the higher the
margin of improvement which is achieved using Algorithms 2
and 3 with respect to Algorithm 1.

Finally, given Table II, all qualitative conclusions regarding
the three algorithms also hold in the absence of blur as they have
already been presented in the first set of experiments, proving
that the use of the new multichannel prior is also efficient when
addressing the SR problem by itself, i.e., there is no need for
blur removal.
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TABLE III
ISNR VALUES AND NUMBER OF CG ITERATIONS FOR MOBILE AND BUS FOR THE CASE OF 9 � 9 UNIFORM BLUR

TABLE IV
ISNR VALUES AND NUMBER OF CG ITERATIONS FOR MOBILE AND BUS FOR THE CASE OF NO BLUR/� � �

TABLE V
PERFORMANCE LIMITS IN TERMS OF ISNR VALUES FOR MOBILE FOR THE CASE OF 9 � 9 UNIFORM BLUR

2) Experiment 2: In the second set of experiments, we evalu-
ated the performance of the nonstationary versions of the three
proposed algorithms. More specifically, the CG algorithm for
each nonstationary algorithm was initialized by its respective
stationary results based on which the MFs were also computed.
As far as the hyperparameters are concerned, parameters
were obtained as , where are the within
channel parameters obtained by the respective stationary algo-
rithms. These parameters were assumed to be equal for the two
selected directions. As far as the s in Algorithm 3 are con-
cerned, they are expressed as , where
are the cross-channel precisions given by the respective sta-

tionary algorithms. The parameters were selected to be all
equal to a value denoted by and within the same context pa-
rameters were equal to the value . Using trial and error,
values in the interval and were
found to provide the best SR (and restoration) results based on
both visual criteria and the adopted ISNR metric.

The results of this set of experiments (with respect to the th
frame) are summarized in Tables III and IV. Commenting on
these tables in more detail, we come up with the same quali-
tative conclusions that we have already mentioned for Tables I
and II. Overall, the experimental results demonstrate that Al-
gorithm 3 in its nonstationary version clearly outperforms all
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other algorithms for both cases of severe blur and no blur, for
both sequences. Moreover, it is clear that the proposed multi-
channel prior yields high performance, proving that incorpo-
rating the MF information in the prior knowledge is much more
helpful than using it in the observation term. Furthermore, the
experiments proved that even when comparing the stationary al-
gorithms among themselves, Algorithm 3 is clearly better and
serves as a framework of initial conditions for the respective
nonstationary algorithm. Finally, referring to Table IV, our pro-
posed nonstationary Algorithm 3 clearly provides a superior
performance as compared to the SR algorithms in [10], [14],
and [15]. This is established quantitatively by the negative ISNR
values that both algorithms exhibit in the case of “Bus” se-
quence, while in the case of “Mobile” sequence these values are
lower even when compared to the respective values of stationary
Algorithm 3. Moreover, based on the aforementioned table, the
IBP SR method in [15] converges slower than the proposed Al-
gorithm 3.

In order to test the performance limits of the proposed prior
in both its stationary and nonstationary versions, we indica-
tively implemented the two versions of Algorithm 3 estimating
the MFs and the precision parameters from the original images,
whereas the CG algorithm was initialized by the restored frames
exactly as it was done previously. For these experiments, we
utilized the “Mobile” sequence in the 9 9 uniform blur case.
From the SR frames shown in Figs. 1 and 2 along with the results
shown in Table V, it is clear that the proposed nonstationary
algorithms provide both higher ISNR values (by up to almost
3 dB for the case of 40 dB BSNR) and visually much more
accurate and pleasing results than the corresponding stationary
algorithms.

Some indicative visual proof of the aforementioned conclu-
sions are presented in the figures of this paper. As far as the effi-
cacy of the stationary Algorithm 3 is concerned, as can be seen
in Figs. 1(e), 2(d), and 4(c), several areas of the middle frame of
the “Mobile” sequence benefit from the recovery i.e., the num-
bers in the calendar are sharper and all other image areas are
also improved. Based also on the visual results, of Figs. 1(f),
2(e), 3(e), and 4(d), the nonstationary version of Algorithm 3
further improves the image in the sense that ringing artifacts are
removed at all noise levels and the edges become sharper. Fur-
thermore, resolution enhancement is increased (especially for
high (B)SNR values) due to the better utilization of the MF in-
formation. Moreover, comparison among Fig. 4(c)–(g) further
establishes the efficacy of our proposed algorithm with respect
to the SR techniques in [10], [14], and [15]. Finally, the su-
periority of nonstationary Algorithm 3 becomes more clear by
the comparison of Fig. 3(e)–(h) where the aforementioned al-
gorithms obviously fail to accurately estimate the motion, espe-
cially in the iron fence region. In all cases, the results obtained
by the IBP method have more noise and artifacts, compared to
all the other methods. Based on [49], the same conclusions are
drawn for the POCS SR algorithms described in [17] and [50].

3) Experiment 3: In this experimental set, we compare the re-
sults of our proposed method (nonstationary Algorithm 3) with
three other SR techniques [10], [14], and [15], using two real se-
quences, the “Bus” and the “Disk” sequences. As far as our al-
gorithm is concerned it was implemented as it has already been

Fig. 1. (a) Original middle frame (central segment) of the “Mobile” sequence.
SR estimates of the respective frame with a 9 � 9 uniform PSF (Case of
BSNR = 20 dB). Result after (b) bicubic interpolation of the LR observa-
tion, (c) stationary Algorithm 1 method �ISNR = 1.55 dB�, (d) stationary
Algorithm 2 method �ISNR = 2.04 dB�, (e) stationary Algorithm 3 method
�ISNR = 2.58 dB�, (f) nonstationary Algorithm 3 method �ISNR = 2.83 dB�,
and (g) testing the performance limits of the nonstationary Algorithm 3
(ISNR = 4.63 dB/Table V).

explained (it is noted that parameters and were chosen to be
equal to 2.01 and 5, respectively). Moreover, in the implemen-
tation of the techniques proposed in [10], [14], and [15], up-
sampling was performed using bicubic interpolation. As men-
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Fig. 2. Middle frame (central segment) SR estimates of the “Mobile” sequence
with a 9 � 9 uniform PSF (Case of BSNR = 40 dB). Result after (a) bicubic
interpolation of the LR observation, (b) stationary Algorithm 1 method
�ISNR = 4.76 dB�, (c) stationary Algorithm 2 method �ISNR = 4.82 dB�,
(d) stationary Algorithm 3 method �ISNR = 5.46 dB�, (e) nonstationary
Algorithm 3 method �ISNR = 6.30 dB�, and (f) testing the performance limits
of the nonstationary Algorithm 3 (ISNR = 9.71 dB/Table V).

tioned previously our algorithm can estimate nonuniform mo-
tion, whereas the algorithms in [10], [14], and [15] assume uni-
form motion and rotation (the method in [15] tracks multiple
independent motions assuming an affine motion model). The
motion in the “Bus” sequence is not uniform, while the motion
in the “Disk” is. As a result the motion model of our algorithm
fits well to the “Bus” sequence, while the motion model of [10],
[14], and [15] fits well the “Disk” sequence.

The results of this experiment are shown in Figs. 5 and 6.
From these results, we observe that the proposed method clearly
outperforms the methods in [10], [14], and [15] for the “Bus”
sequence. As far as the “Disk” sequence is concerned whose
motion clearly favors the SR algorithms in [10], [14], and [15],
our method provided comparable performance with them. In all
cases, our algorithm outperforms bicubic interpolation.

In terms of computational cost, all proposed algorithms were
quite fast. Typically, the CG algorithm required about 20–40 it-

Fig. 3. (a) Original middle frame (central segment) of the “Bus” sequence. SR
estimates of the respective frame with no blur/� � � (Case of SNR = 20 dB).
Result after (b) bicubic interpolation of the LR observation, (c) nonstationary
Algorithm 1 method �ISNR = 2.05 dB�, (d) nonstationary Algorithm 2 method
�ISNR = 2.57 dB�, (e) nonstationary Algorithm 3 method �ISNR = 3.18 dB�,
(f) SR algorithm proposed in [14] �ISNR = -0.35 dB�, (g) SR algorithm pro-
posed in [10] �ISNR = -0.12 dB�, and (h) IBP SR algorithm proposed in [15]
�ISNR = -0.05 dB�.

erations to converge. In the experiments that an iterative scheme
was adopted, the entire process terminated after about 10–15 it-
erations. All experiments were performed using MATLAB on a
2.33 GHz personal computer. All calculations for the implemen-
tation of the CG method for all algorithms required 1–1.5 min,
whereas the total time required for the computation of the MFs
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Fig. 4. Middle frame SR estimates of the “Mobile” sequence with no blur/� �

� (Case of SNR = 30 dB). Result after (a) bicubic interpolation of the LR ob-
servation, (b) stationary Algorithm 1 method �ISNR = 3.68 dB�, (c) stationary
Algorithm 3 method �ISNR = 4.31 dB�, (d) nonstationary Algorithm 3 method
�ISNR = 5.00 dB�, (e) SR algorithm proposed in [14] �ISNR = 3.22 dB�, (f) SR
algorithm proposed in [10] �ISNR = 3.19 dB�, and (g) IBP SR algorithm pro-
posed in [15] �ISNR = 2.42 dB�.

(20 of them for the five-channel window used in Algorithm 3)
is almost 20 min. This time depends on the frame size. The esti-
mation of the inverse variance parameters took less than 1 min.
Finally, we also tested both sequences (“Mobile” and “Bus”)
by implementing the experiments not only for a five-frame se-
quence, but also using 3, 7, and 9 frames. The best results in
terms of ISNR and visually were obtained for the five-channel

Fig. 5. (a) LR middle frame (central segment) of the “Bus” sequence. Corre-
sponding frame SR estimates. Result after (b) bicubic interpolation of the LR
observation, (c) SR algorithm proposed in [14], (d) SR algorithm proposed in
[10], (e) our proposed SR algorithm (nonstationary Algorithm 3), and (f) IBP
SR algorithm proposed in [15].

case when using all possible combinations , for the
seven-channel case when and for the nine-channel
case when . These results were similar among them-
selves and clearly better than the three-channel case. These ex-
periments demonstrated that the larger the frame window size,
the smaller the maximum neighborhood size of the pairs of
frames which are used in the proposed prior should be.

V. CONCLUSION AND FUTURE RESEARCH

In this paper, we presented a MAP approach that utilizes a
new multichannel image prior, and both its nonstationary and
stationary forms were applied to the digital video SR problem.
We also compared the novel proposed algorithm with two other



BELEKOS et al.: MAP VIDEO SUPER-RESOLUTION USING A NEW MULTICHANNEL IMAGE PRIOR 1463

Fig. 6. (a) LR middle frame (central segment) of the “Disk” sequence. Corre-
sponding frame SR estimates. Result after (b) bicubic interpolation of the LR
observation, (c) SR algorithm proposed in [14], (d) SR algorithm proposed in
[10], (e) our proposed SR algorithm (nonstationary Algorithm 3), and (f) IBP
SR algorithm proposed in [15].

algorithms we propose. Moreover, we tested our new algorithm
with the three SR techniques in [10], [14], and [15], for certain
experimental cases, using also real video data. The proposed al-
gorithms were tested for different cases (presence and absence
of blur for different BSNR and SNR values). The experimental
results showed that in all cases the algorithm which utilizes the
nonstationary version of the new proposed prior (Algorithm 3)
performs better than nonstationary Algorithms 1 and 2 in terms
of both visual quality and improvement in SNR/ISNR. Further-
more, the comparison between Algorithms 2 and 3 provides a
strong indication that the use of MF in the prior term is much
more effective in terms of both restoration and resolution en-
hancement capability than its use in the observation term. More-
over, our method provided in most cases a superior, and in one

only case at least as good, of a performance as the SR techniques
in [10], [14], and [15].

Nevertheless, we plan to investigate whether we can further
improve the proposed algorithms by introducing a new model,
that uses a TV based prior [25].
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