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Abstract—This work presents a new class of algorithms for
super-resolution (SR) of image sequences. This class of algorithms
estimates simultaneously all frames of a sequence by employing
an iterative minimization of a regularized cost function. Simi-
larly to other SR techniques, the proposed approach exploits the
correlation among the frames of the sequence. This correlated in-
formation helps to improve the resolution of the captured images.
By employing the motion information only in the prior term of the
cost function, the proposed method achieves a better fidelity and
more robust performance, when compared to other methods. This
original approach provides a fidelity equivalent to the obtained by
the simultaneous methods, while achieving a lower computational
complexity. The isolation of the motion equations in the prior
term allows an increased control over the motion errors, and as a
consequence, provides an improved robustness. The performance
of the proposed method is discussed and compared with other
methods in the literature. In the comparative experiments, it is
considered both the minimization over the Euclidean norm, which
is employed to achieve low computational complexity, and the
minimization over the Huber norm or 1 norm, which is used to
produce images with sharp edges and higher robustness to large
motion errors.

Index Terms—Image processing, image restoration, simulta-
neous super-resolution, super-resolution (SR), video restoration.

I. INTRODUCTION

I N MANY applications, it is desirable that the acquisition
system provides an image with the best resolution as pos-

sible, while introducing minimum distortions due to the imper-
fections of the image sensor and the lens of the system. How-
ever, the cost of image acquisition systems, like digital cameras,
camcorders and scanners, increases with the quality of the image
sensor, which is specified by the sensor pixel density and noise
level, and also increases with the quality of the implemented op-
tical system. One alternative to improve the resolution and the
quality of the captured images, without increasing the cost of
the system, is to employ digital processing techniques to achieve
super-resolution (SR).

The SR techniques aim to produce a superior resolution ver-
sion of the captured frames [2]–[9]. For image sequences, the
SR techniques search for a sequence of high-resolution (HR)
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Fig. 1. Illustration of the subpixel motion.

frames, where each frame has a better resolution than the orig-
inal captured frame. Image sequence SR techniques can be ap-
plied to conversion of video in standard-definition television
(SDTV) to high-definition television (HDTV), restoration of
low resolution video, increasing the resolution of aerial and
satellite image sequences and mitigation of distortions caused
by low quality image sensors and lens.

In order to reduce the distortions generated by the acquisi-
tion system and to improve the details of a sequence, most of
the SR techniques [2]–[4], [6], [7] exploit the information avail-
able due to the correlation among the captured frames. For a
given frame rate, the captured frames, denominated low-resolu-
tion (LR) frames, are usually very similar. However, each cap-
tured frame provides new information that can be used to im-
prove the resolution of the estimated HR frame. In [4] and [6],
this novel information is obtained, mainly, by the presence of
motion at subpixel resolution. Fig. 1 illustrates and example of
subpixel motion between frames. In [2] and [10], this novel in-
formation produced by variations in the parameters of the ac-
quisition system, such as the blurring level, is also exploited.

However, the resulting motion between two frames can be
very complex for some regions [11], [12]. The limitations on
adopting a simple motion model, which could represent only
translation and rotation, for example, and the limited precision
of a given motion estimation procedure may not allow a proper
representation of the real motion for all regions of the sequence.
Therefore, the designed SR algorithm must be robust to large
errors that may occur due to inadequate motion representation in
order to take advantage of the subpixel motion information. This
problem has been considered one of the important challenges
in SR [3]. In this work, the errors caused by those limitations
of the motion representation are denominated motion errors. In
[13], [14], [12] the problem caused by the large motion errors is
addressed with a pre-detection and removal procedure, while in
[15], [16] it is addressed by using robust methods, based on the

norm. Once the motion is properly estimated and the motion
errors adequately handled, the HR sequence can be estimated
by a SR technique using the captured LR images.
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The SR algorithms for sequence of images can be classified
into three categories.

• Traditional Methods: These methods estimate an unique
HR frame at a time considering a set of LR frames. The
other HR frames of the sequence can be obtained by re-
peating the procedure. Algorithms that follow this scheme
are found in [2], [4], [6], [13], [16], [17].

• Sequential Methods: These methods also estimate an
unique HR frame at a time. In contrast to the traditional
methods, sequential methods take advantage of the HR
images previously estimated in order to enhance and to
reduce the cost of the estimation of the subsequent HR
frames of the sequence [18]–[20].

• Simultaneous Methods: These methods estimate the entire
HR sequence in one process. All HR frames are estimated
simultaneously [1], [21], [22].

The traditional methods estimate one frame of the sequence
at a time without taking advantage of the previously estimated
HR frames. These methods focus primarily on estimating a par-
ticular HR frame of the sequence, instead of the entire sequence.
The sequential algorithms, like the dynamic SR method de-
scribed in [18], was introduced to reduce the total computational
cost, making use of the previously estimated HR frames. Due to
their lower complexity, the sequential methods are more ade-
quate for the recovery of very long sequences, than the tradi-
tional methods.

On the other hand, the simultaneous methods are aimed to
achieve a superior quality. This superiority is achieved by using
the motion information in a prior model, which enforces sim-
ilarity of the HR frames of the sequence. Nevertheless, the re-
sulting computational cost of the first proposed simultaneous
algorithm [1] is much higher than the cost of the traditional
methods. Moreover, due to the large quantity of memory re-
quired, simultaneous methods are recommended for short image
sequences.

In this work, a new class of simultaneous SR algorithms is
proposed and discussed in details. The proposed class requires a
reduced number of terms in the cost function. This new scheme,
which was initially proposed in [21], achieves the quality pro-
duced by the previous simultaneous method in [1], while re-
ducing the computational complexity. For some specific cases,
the computational cost of the proposed method is as lower as the
cost of the traditional method. Moreover, the proposed approach
separates the equations of the motion model from the equations
of the acquisition model, which allows a separated treatment for
the motion errors and for the acquisition noise. Due to this prop-
erty, large motion errors, that may occur in the regions where the
motion cannot be adequately represented by the chosen model,
can be better handled, resulting in more robustness to motion
errors.

This paper is organized as follows. The models used in the
SR methods are presented in Section II. The state-of-art in SR
algorithms based on regularized methods [2], [4] is discussed in
Section III. The new class of simultaneous methods is presented
in Section IV, along with the proposed optimization method for
this class. The Section V provides an analysis, where algorithms
are compared regarding the quality of the results, the compu-
tational cost and the robustness to large motion errors. Com-

parative experiments are provided in Section VI, to contrast the
discussed SR approaches. The conclusions are drawn in Sec-
tion VII.

II. SYSTEM MODELS USED IN SR

This section describes the models adopted in the SR algo-
rithms. The models considered are: acquisition model, motion
model, combined acquisition and motion model and the image
model.

A. Image Acquisition Model

This model describes the transformations imposed to the im-
ages during the acquisition process. In this model, the observed
data are the LR images. The model is described in the following:

(1)

where is a vector, of size , that represents the LR frame
captured at the instant . The elements of the vector corre-
spond to the pixels of the LR frame, lexicographically ordered.
The size is the number of pixels, being
the size of the LR frame in the horizontal and vertical directions,
respectively. The vector , of size , represents the HR
image, of size , with pixels ordered lex-
icographically, being . The vector represents acqui-
sition noise, which is usually assumed to be i.i.d. with normal
distribution and presenting the same variance for all frames.
The matrix , of size , represents the acquisition trans-
formation applied to the HR image . It models the optical dis-
tortions, caused in the lens and in the image sensor, and the sub-
sampling, which implies in the reduction of the number of pixels
from the HR frame to the LR frame. The line of the matrix
contains the acquisition function for the pixel in the LR frame.

B. Motion Model

This model describes the transformations caused by the rel-
ative motion among objects in the images of the sequence. It
assumes that the image in the temporal instant can be repre-
sented by the image in the temporal instant , with the motion
compensated, plus a new information , which cannot be ob-
tained from the image in the instant . The equation that de-
scribes the model is

(2)

where and are vectors that represent the images in the tem-
poral instants and , respectively. The matrix , of size

, represents the motion transformation, or warping. This
matrix is usually very sparse [23]. Most of the elements in an ar-
bitrary line are equal to zero, except for: 1) one element with
unitary value, in the column , that represents the displacement
of the pixel in to the position in and 2) a few nonzero
elements, which corresponds to the linear combination of deter-
mined pixels (interpolation) of to generate the pixel in .
This occurs due to sub-pixel displacements in the HR grid.

The matrix can be created either from a discretized con-
tinuous motion operator [24], [25], where a parametric motion
is assumed, or from a discrete motion vector field [11], [26]. The
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vector , sometimes called motion error, is the new informa-
tion in the frame that cannot be obtained from the frame in the
instant .

This new information can be separated in two distinct parts.
1) Small differences in the motion compensated image, which

may have been originated by small errors in the estimation
of the motion parameters, by limitations of the discretized
motion operator in properly representing the continuous
motion, or other small temporal variations not related to
the motion;

2) Errors of large magnitude, considered outliers1 [28]. In the
context of motion, an outlier is, usually, a region or an ob-
ject that has been occluded by another object, objects that
suddenly appear in the scene or regions that suffered unex-
pected motion. A global translational motion also generate
outliers in the boundaries of the image. Outliers can be also
generated by error in the motion estimation.

The usage of the outliers in SR algorithms cause significant
distortions in the results. Thus, it is required the use of either
a detection and removal procedure [12], [28], prior to the ap-
plication of a SR algorithm or an outlier robust SR algorithm
[27]. Assuming that the outliers can be properly pre-detected,
the following equations represent the motion with the outliers
removed:

(3)

where the operator , of size , , has only one
unitary element in each line, exactly in the columns correspon-
dent to the pixels assumed as inliers, i.e., pixels observed in both
images. This matrix preserves the inliers and eliminates the out-
liers from the system. The matrix is generated by the outlier
detection procedure. The vector and , of size , are
composed by the elements assumed as inliers of and ,
respectively. The matrix is a matrix of size , sim-
ilar to , where the lines correspondent to the outliers were
removed.

C. Combined Acquisition and Motion Model

The traditional SR methods [4], some sequential SR methods
[19] and the simultaneous SR method proposed in [1] combine
the acquisition model with the motion model. This combined
model relates an arbitrary HR frame to the other LR frames in
different temporal instants. The combined model is described
by

(4)

where is a joint transformation matrix that
combines acquisition and motion. The error is a sum of two

1The name outlier in the literature of statistics is a bad element or measure,
usually of large magnitude, that does not follow the underlying statistical as-
sumption [27].

errors of different nature: the acquisition noise and the mo-
tion error projected in the LR data . Notice that the error

may have outliers. In this case, it is required either an
outlier robust algorithm, or a detection and removal procedure.
By employing an outlier removal procedure, similar to the de-
scribed by (3), results in

(5)

where , and are vectors which may have fewer el-
ements than , , and , because the elements assumed
as outliers are removed. In this model, the outlier removal pro-
cedure is applied in the LR space, as in [13], [26], while the
described by (3) is applied in the HR space, as in [1]. In the fol-
lowing we will drop the “ ” symbol, utilizing (2) and (4) for
a clearer notation. However, it is implied the use of (3) and (5)
whenever the outlier processing is performed.

D. Image Model

In general, SR is an ill-posed problem2 either because it has
infinite possible solutions or because it has great sensitivity to
the noise [4], [6], [29]. To solve this problem, and to obtain an
unique and stable solution, most SR algorithms exploit addi-
tional information about the desired images.

The additional information most commonly used is to assume
that the images are smooth, which implies that the intensity vari-
ations of are relatively small [31], [32]. This additional infor-
mation is, in general, expressed in the form

(6)

where is a chosen penalty, is the dimension of the vector
and is a known value of . This work considers two

penalties: the squared (Euclidean), norm and the Huber norm
[33]. The matrix , of size , represents a discrete differ-
ential operator, either employing a finite difference operator (in
the horizontal, vertical and diagonals directions) or a Laplacian
operator. The resulting vector of emphasizes the intensity
variations of . Usually, the same operator is considered for all
images in the sequence.

The squared norm, where , helps
to estimate smooth images and provides a resulting optimization
algorithm with low computational complexity. However, this
penalty may produce results with excessive smoothing around
the edges. Many works [32]–[34] indicate the preference for
images with sharp edges. The Huber norm, as well as the
norm, are able to better preserve the edges of the estimated HR
frames, in contrast to the norm. The Huber norm is described
by , where

if
if

(7)

being one element of the vector . The parameter deter-
mines the region of influence of the quadratic and the linear sec-
tions of the Huber norm. The Huber norm penalizes less large

2An ill-posed problem is a mathematical problem that has, at least, one of the
following features: it has no solution; it has an infinite number of solutions; or
the solution is not stable due to small perturbation in the data [29], [30].
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intensity variations of , allowing estimation of images with
sharper edges than does the squared norm.

The image model, along with the specification of , , and
the penalty , describe the additional information necessary
to make the SR a better posed problem.

III. REVIEW OF REGULARIZED SR METHODS

The regularized SR algorithms [2], [4], [6], considered in this
work, are based on the minimization of a cost function com-
posed by one term associated with the residual between the es-
timated HR image and the data and another term used to regu-
larize the problem. The generalized expression for the regular-
ized SR methods is

(8)

where the vector is the HR frames to be estimated, the vector
is the captured data, i.e., the LR sequence. The term ,

called the data term, provides a measure of the residual between
the captured images and the estimated images. The term ,
called the regularization term or the prior term, utilized to reg-
ularize the problem and to achieve an unique and stable solu-
tion to the problem. The scalar is the regularization parameter,
which is adjusted to balance the influence of the data term and
the prior term in the problem.

In this section, four regularized SR algorithms are presented,
including the traditional and the simultaneous methods.

A. One-Frame SR

This algorithm uses one LR image to produce one HR frame
each time. The temporally coincident frame, , is used to pro-
duce the respective HR frame, . The information available in
the other frames of the LR sequence, , where , is not
utilized in the estimation. This approach is able to reduce the
distortions caused by the acquisition process, providing better
results than simple interpolation [35], [36].

The functional to be minimized in this approach is

(9)

where is usually specified as , according to the
Bayesian theory [25], where is the noise variance and
is a measure of the image model, defined in Section II-D.
Moreover, specialized methods for parameter determination,
like the generalized cross validation [29], [37] and the L-curve
[30], [38] can be used to find the parameter .

The algorithm can be applied individually in each frame of
the sequence, for . The use of the squared norm
in the data term is justified by the assumption that the acquisition
noise is i.d.d. with normal distribution. Some algorithms of this
class are found in [39] and [40].

B. Traditional SR

The traditional SR algorithms [2], [4] employ the entire se-
quence of LR frames to produce one HR frame. In general, the

use of the LR sequence provides a better improvement of the
details.

The standard traditional methods are described by

(10)

where is a weighting applied to each equation in the
data term in order to deal with different levels of error. This
weighting is proportional to the noise variance divided by the
variance of the errors in the combined model, i.e., .
The variance usually increases with the distance .
The procedure can be applied individually to recover each HR
frame of the sequence, for .

In these methods, the motion information is associated with
the data term, by employing the combined acquisition and mo-
tion model. The data term allows the use of the information
contained in the set of LR frames to recover the details of the
HR frame. When employing an outlier detection procedure, the
combined model assumed is given by (5), where only the inlier
vectors and matrix are used, rather than the originals given by
(4).

C. Robust Form for Traditional SR

As mentioned in the Section II-C, the error in the combined
acquisition and motion model, expressed in (4), can be cor-
rupted by outliers. In order to deal with this problem, the tra-
ditional SR methods, as presented in (10), typically employ a
detection and removal procedure. However, in [15], [16], an out-
lier robust SR method was proposed based on the traditional
scheme. This robust method deals with the outliers even without
employing a detection and removal procedure. The method pro-
posed in [16] is described by

(11)

where is the norm.
By employing the norm, which produces similar effects

as the Huber norm, the algorithm reduces the influence of large
errors, resulting in a more robust performance. This norm is ap-
plied to the data term to achieve robustness to outliers, and also
in the prior term to produce images with sharp edges. Neverthe-
less, the SR scheme is essentially the same used by the tradi-
tional method.

Notice that [16] also proposes a new spatial operator and
a fast algorithm, targeting real time applications, which approx-
imates the solution of (11). However, it is not in the scope of
this paper to evaluate approximate solutions or the benefits of
different spatial operators. The experiments presented in Sec-
tion VI of this paper consider the same optimization procedure
and the same spatial matrix for all methods.

D. Simultaneous SR

The simultaneous algorithms estimate the entire sequence of
HR frames together, in one process. This approach allows the in-
clusion of the motion information in the prior term, improving
the quality of the estimated image sequence by using the motion
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in the HR space. This increase in quality is detailed the Sec-
tion V-A. The simultaneous approach was originally proposed
in [1], where the functional is

(12)

In [1], a second-order spatial finite difference operator is used
to construct the matrix . Moreover, the motion information
employed in the prior term is constructed using a second-order
model. The work in [1] considers only the Huber norm in the
prior, , and the Gradient Descent method [29],
[41] in the minimization process. However, this paper investi-
gates the following generalized forms:

(13)

considering second-order finite difference in the image and in
the motion model, and

(14)

considering first-order finite difference in the models. Notice
that the proposed generalization employs independent regular-
ization parameters for the spatial penalty and for the motion
penalty. Moreover, it considers squared norm or Huber norm
for , and first or second-order finite differences in the prior.
When outlier detection is utilized, the combined model given by
(5) and the motion model given by (3) are used.

Table I summarizes the models for the competing algorithms
and for the proposed simultaneous method.

IV. PROPOSED SIMULTANEOUS SUPER-RESOLUTION

This section describes the proposed simultaneous algorithm.
This algorithm differs from the others, mainly, by the utilization
of the motion model only in the prior term. As a result, the pro-
posed method requires a smaller number of terms to solve the

TABLE I
MODELS USED BY THE SR ALGORITHMS

problem when compared to [1], considering models of the same
order in the prior, while providing similar quality.

A. Proposed General Model

The simplest formulation of the method uses the first-order
model to represent the motion

(15)

The regularization parameters can be defined as
and , where is a measure of the error in
the motion equation assumed to be
constant along the sequence, . These parameters
are recommended by the Bayesian theory [25], [29]. Moreover,
methods for selection of multiple regularization parameters can
be employed [42].

The number of terms in (15) are significantly reduced when
compared to [1], described by (12). In the proposed method, the
expressions composed by the combined acquisition and motion
model are completely removed from the data term, reducing the
number of terms from to . Moreover, the motion difference
is generalized in the prior term. Models of different orders can
be used, from the simplest first-order autoregressive model to
higher order models.

The reduction of the number of terms in (15), normally,
does not reduce the quality of the solution, due to the recursive
property of the algorithm. The minimization of the difference
between frames, in the prior term, allows the propagation of the
information necessary to recover the details in the others frames
of the sequence, in a recursive way. For example, the optimiza-
tion process minimize the cost function enforcing the frame to
be similar to and the frame be similar to . Thus,
the minimization enforces the propagation of this similarity in
the way that the frame became similar to

. Thus, each frame of the sequence is contributing to
recover the details in all frames of the sequence. The level of the
similarity in the motion trajectory is controlled by the parameter

. This recursive property is exclusive of the simultaneous
methods. The generalized formulation of the proposed method is

(16)
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where is the LR sequence and
is the HR sequence. The matrices in (16) are

...
. . .

... (17)

of size , for the acquisition model

...
. . .

... (18)

of size , for the image model

...
. . .

. . .
... (19)

of size . The matrix in (19) is constructed
with a first-order finite difference in the motion trajectory,
which is simply referred as first-order motion model in this
paper, where is the motion transformation, introduced in
Section II-B, and is the identity matrix. The constructive form
matrix in (19) provide the same operation than the motion
differences in (15).

The matrix constructed for the second-order motion model,
which is the same originally used in the simultaneous method
in [1] presented in (12), is

...
. . .

. . .
. . .

...

(20)
of size .

Notice that the motion matrix should be selected according
to the behavior of the temporal similarity of the sequence. The
first-order motion model may not be the most effective for se-
quences with complex temporal behavior, in which the correla-
tion may vary significantly from frame to frame. For these kind
of sequences higher order models can be employed in order to
achieve better quality. Also, models where each frame differ-
ence can be weighted independently can be utilized, due to dif-
ferent levels of motion error along the sequence. The first-order
and second-order motion models are more appropriate for se-
quences presenting some regularity of the motion error along
the frames.

B. Optimization

The cost functions proposed in this paper can be minimized
using methods based on the gradient. This work employs
the linear conjugate gradient (CG) method, for the cases
where , and the nonlinear conjugate gradient
method, presented in [29], [41] and [43], for the cases where

. The conjugate gradient method is significantly
faster than the gradient descent method, or steepest descent
method, used in [1]. The linear version of the CG has already
been proposed for SR in [37].

In the linear CG, it is necessary the matrix
and the vector in order to solve

the linear system . However, in the nonlinear CG, with
the Huber norm, the following gradient is used:

(21)

where is a diagonal weighting matrix. The diagonal ele-
ment , referred as , is

if
if (22)

where is the element of the vector .
The matrices should be updated each iteration. How-

ever, it is possible to hold them for some iterations to reduce the
computational cost of the iterations. The unidimensional search
of the nonlinear CG can be done in one step, in the same way as
the linear CG, as shown in [33]

(23)

where is the step size,
is the Hessian ma-

trix, and is the direction of the optimization at the iteration
of the nonlinear CG.
Nevertheless, if the step size does not satisfy the strong Wolfe

condition [44] it need to be improved, using an unidimensional
iterative search method like the Secant method [43], otherwise
the algorithm may diverge. The implementation of the nonlinear
CG proposed in this paper significantly is faster than the imple-
mentation proposed in [22].

V. COMPARISONS

In this section, the proposed algorithm is contrasted with the
existent methods regarding the quality of the solution, the com-
putational cost and the robustness to outliers.

A. Quality Achieved By the Simultaneous Algorithms

The simultaneous method proposed in this work, as the
method proposed in [1], applies the motion model in the prior
term. This penalty allows higher quality estimations when com-
pared to other methods. The motion difference is minimized
in the HR space, providing solutions more consistent with the
motion model, in (2). The constraints are of the following kind:

(24)

This constraint function minimizes the motion error, , in the
HR space.

However, in the traditional methods, represented by (10)
and (11), which employ the combined acquisition and motion
model, the motion error is minimized indirectly, in the LR
space, with the noise. The only constraints that involves motion
in these methods are of the following kind:

(25)
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Fig. 2. Standard deviation of the motion difference along the sequence.

TABLE II
APPROXIMATE COST PER ITERATION OF THE LINEAR CG, IN OPERATIONS

(MULTIPLICATION AND ADDITION)

The operator , which represents the HR to LR mapping,
includes blurring and subsampling. This operator generates loss
in the motion difference being minimized. Thus, differently
from the simultaneous methods, the traditional methods does
not always offer a solution completely consistent with the
motion model in (2).

Another advantage is the recursive behavior of the simulta-
neous SR algorithm. This feature allows that details recovered in
one particular frame propagate to the other frames, contributing
to increase the similarity in the motion trajectory and to obtain
an uniform improvement of quality.

Fig. 2 shows the standard deviation of the difference in the
motion trajectory between consecutive frames recovered with
the same method. The lower standard deviation of the motion
difference in the frames reconstructed by the simultaneous
methods indicates that the frames are more similar in the
motion trajectory, in the HR space, than the ones reconstructed
by the traditional methods.

B. Reduction in the Computational Cost

One of the main advantages of this approach is the reduc-
tion of the computational cost when compared to the method
proposed in [1]. The reduction in the computational cost is ob-
tained by the reduction of the number of terms in the cost func-
tion and by the efficient optimization based on the conjugate
gradient method.

By using the algorithm with the squared penalty, the reduc-
tion of the number of terms results in a faster calculation of the
matrix-vector operations needed by the linear conjugated gra-
dient. Which means that the proposed algorithm requires less
operations per iteration than algorithm in [1]. The reduction in
the computational cost becomes more noticeable with the in-
crease of the number of frames, at some point it may overcomes
the traditional methods.

Table II shows the approximate computational cost per iter-
ation required by the linear CG for each method. This Table

considers the implementation of Linear conjugate gradient with
the matrix-vector product operation used in the extended form
[45], such as
for the proposed method, and sparse storage of the matrices. In
this table, the cost of a multiplication operation is assumed to
be the same as an addition operation.

Notice that the simultaneous methods update the images of
the sequence each iteration, while the one-frame method and the
traditional method update one image of the sequence each itera-
tion, requiring iterationstoupdate the imagesofthesequence.
Also, The computational costper iteration is proportional to in
the traditionalandinthesimultaneousmethodproposedin[1].On
the other hand, the cost per iteration is proportional to for both
one-frame method and the proposed simultaneous method.

In Table II, is the number of images in the sequence, is
the number of pixels in the HR image, is the number of pixels
in the LR image, is the dimension for resulting vector,

is the number of non-null elements per line in the matrix ,
is the number of non-null elements per line in the matrix or

, and finally, is the number of non-null elements per line
in the matrix .

In practice, the number of iterations required by the linear
CG to converge for the proposed method are, usually, similar
to the number of iterations needed for the simultaneous method
proposed in [1]. However, the cost per iteration of the proposed
method is lower than the method proposed in [1].

The optimization process is nonlinear for algorithms using
Huber norm. As a consequence, the convergence behavior is less
predictable than in the linear case [43], [44]. However, the non-
linear CG provides better performance than the gradient descent
method proposed in [1]. The nonlinear conjugated gradient have
a faster speed of convergence than the gradient descent [29],
[43]. Also, the reduction in the cost of each iteration for the pro-
posed method over the simultaneous method in [1] reduces even
more the computational cost of the proposed method.

In order to illustrate the convergence of the nonlinear GC for
all discussed methods, the Fig. 3 shows the evolution of the
SNR along the iterations and along the time. In this example,
one can notice that the proposed method took a few more itera-
tions to converge than the existing simultaneous method, about
15% more iterations. However, the computation cost per itera-
tion is lower, about 50% lower in this example. As a result, the
proposed method converges faster, in time, than simultaneous
method in [1].

Besides the computational cost of the SR method itself, the
proposed method provides lower total computational cost when
the motion vectors need to be estimated. This reduction comes
from the fact that the proposed method utilize, according to the
order of the motion model in , only the motion between near
frames. When the first-order motion model is assumed, for ex-
ample, only sets of motion vectors are needed to be esti-
mated, while in the traditional methods and in the simultaneous
method in [1], sets need to be estimated.

C. Robustness of the Proposed Method

The existence of outliers in the motion difference of the image
sequence is very common in practical situations. The outliers
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Fig. 3. Evolution of the SNR along the iterations and along the time. (a) Curves
of the SNR versus iterations to illustrate the speed of converge. (b) Curves of
the SNR versus time, in seconds, to illustrate the computational cost.

reduce the quality of the SR estimation. Thus, it is required to
use either an outlier detection and removal procedure previously
to the SR estimation, or a robust SR estimation. This paper uses
the definition of robustness given in [27], where an estimator is
“robust” when the estimative with outliers may deviates little,
or none, from an estimative without outliers.

Among the algorithms reviewed in this work, only the one-
frame SR methods are immune to the outliers in the motion
error, because they do not use the motion in their cost function.
All the others, that use the motion model, are prone to the prob-
lems caused by the outliers.

The association of the squared norm with the motion equa-
tions, either in the data term or in the prior term, reduces the ro-
bustness of the method to the outliers. This happens because the
large errors, or outliers, have great influence in the estimation
causing a great deviation, or distortions, in the results.

According to the robust statistics theory in [27], a different
norm assigned to the term with outliers may increase the robust-
ness of the estimation. An advantage of the proposed method is
the high robustness to outliers when the Huber norm is used in
the prior term. The Huber norm weights errors of large magni-
tude linearly and the errors of small magnitude quadratically.
Thus, errors of large magnitude has considerably less influence
in the estimation than errors of small magnitude.

The choice of the squared norm is related to the underlying
assumption that the error being minimized follows a Gaussian
distribution. However, it is known [27] that the outliers may de-
viates the statistical behavior of the error from the Gaussian as-
sumption. Fig. 4 illustrates this problem showing the histogram
of the motion error with presence of the outliers and with the
outliers removed.

Fig. 4. Histogram of the motion error of a sequence with outliers and with
outliers removed. (a) Histogram of the motion error of a sequence with outliers.
(b) Histogram of the motion error of the same sequence with outliers detected
and removed.

One can clearly see, in Fig. 4, that the outliers contribute to
extend the tails of the histogram. The Gaussian density does not
represent well the histogram with the presence of outliers, but it
represents considerably better the histogram when the outliers
are removed. On the other hand, a Huber based density provides
a better approximation of the histogram with and without out-
liers than does the Gaussian density, specially at the tails of the
histogram.

The traditional methods and the simultaneous method pro-
posed in [1] employ the motion in the data term, associated with
the squared norm. Because of this, these methods are still sus-
ceptible to thedistortions.Therobustness of theproposedmethod
using the Huber norm is similar to the robustness achieved by the
method proposed in [16], discussed in the Section III-C. Both
methods are more robust to outliers than the other methods.

VI. EXPERIMENTAL RESULTS

The performance of the algorithms is compared by the fol-
lowing experiment.3Several popular HR image sequences are
used for the experiment, two LR sequences, from the set of se-
quences used, are shown in Figs. 6 and 7. The acquisition func-
tion employed involves blurring and subsampling of , in
the horizontal and vertical directions. The acquisition function

3The experiments were conducted using SCILAB, a PC with x86 CPU (32
bit, 2 GHz) and 1 GByte memory (DDR-400).

4The acquisition SNR is defined as SNR = 10 log �DDDfff =� , where

�DDDfff is the variance of the noiseless LR sequence and � is the variance of the
acquisition noise.
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Fig. 5. Acquisition function.

Fig. 6. Captured sequence Lab, size 60� 45� 4, motion known. (a) Image 1.
(b) Image 2. (c) Image 3. (d) Image 4.

Fig. 7. Captured sequence Mobile Calendar, size 90� 60� 7, motion esti-
mated. (a) Image 1. (b) Image 2. (c) Image 3. (d) Image 7.

is shown in Fig. 5. The variance of the additive noise is propor-
tional to the variance of the captured LR frames, resulting in a

.4

It is assumed that the image sequence of the Fig. 6 follows
a known global motion. However, there is an object in this se-
quence that follows a different motion than the assumed one
(the black circle in the Fig. 6). This object cause errors of large
magnitude in the motion representation and is considered as an
outlier. It need to be detected and removed or it will generate
great distortions in the results of the nonrobust algorithms.

In the image sequences of the Fig. 7, the motion is assumed
as independent for each pixel, where a vector field that repre-
sents the motion was estimated using the optical flux estimation
algorithm described in [46], also [47] can be used. Since the HR
frames are not available before the SR procedure, linear inter-
polated versions of the LR frames were used for the motion es-
timation. In this sequence, the outliers occur in many locations
of the images due to the imprecision of some estimated motion
vectors. The inaccurate estimation is caused, mainly, by the oc-
clusion of the objects close to the camera (the train in sequence
of the Fig. 7, for example).

Pixels are detected as outliers when the errors
and have their absolute values

larger than the thresholding , defined as , where
is the mean of the elements of the vector or and

is the standard deviation of the elements of the vector or
, according to [26]. In this work, the process is initialized

by using as a linear interpolation of . The pixels assumed
as outliers are removed from the equations, according to the
procedure described in Sections II-B and C.

The HR image sequences are recovered using the following
algorithms.

1. INT-1: The linear interpolation algorithm [35], [36].
This algorithm is not a SR algorithm, however it is fre-
quently used to increase the size of images;
2. SR-ONE: The one-frame SR algorithm, presented in (9).
This algorithm does not exploit the information contained
in the various images of the sequence to obtain SR. The
motion is not used neither in the data term nor in the prior
term;
3. SR-TRA: The traditional SR algorithm, presented in
(10). This algorithm use the motion in the data term, how-
ever it requires an outlier detection and removal procedure
for better performance;
4. SR-FAR: The robust version of the traditional SR algo-
rithm, presented in (11). This algorithm utilize the motion
in the data term. Since more robustness is expected using
this method, the absence of an outlier detection and re-
moval procedure should not significantly reduce the quality
of the estimative;
5. SR-BOR: The generalized version of the simultaneous
method proposed in [1], described in (13) and (14). This
algorithm uses the motion in the data term and in the prior
term. This algorithm also requires an outlier detection and
removal procedure for better performance;
6. SR-SIM: The simultaneous SR algorithm proposed in
this work, and presented in (16). This algorithm uses the
motion model only in the prior term. The outlier detection
and removal procedure is more necessary if the squared
norm is used in the prior. By using the Huber norm the
algorithm becomes naturally more robust. So, when the
outlier detection and removal procedure is deactivated the
quality of the result should not decrease significantly.

The algorithms are compared considering the following.
• The squared norm in the prior, , to obtain

a low computational cost algorithm, and the Huber norm
in the prior, , to obtain an edge-preserving
algorithm and, in the case of the proposed method, to ob-
tain and increased robustness to outliers in the motion. The
interpolation method is compared only with the squared
methods. The method SR-FAR is compared only with the
methods using the Huber norm;

• The matrices and constructed with first or second-
order models. When first order in assumed, then uses
first-order spatial finite difference, in the horizontal, ver-
tical and diagonal directions, and uses first-order finite
difference in the motion trajectory. Following the same
idea, when second order in assumed, then both matrices
are constructed using second-order finite differences;
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TABLE III
AVERAGE SNR, IN DB, FOR THE SQUARED ` NORM/LINEAR INTERPOLATION

TABLE IV
AVERAGE SNR, IN DB, FOR THE HUBER/` NORM

Fig. 8. Visual results of the image 2 of the sequence Lab (motion known),
with squared ` norm, outliers detection activated and second-order models.
(a) INT-1 (19.6 dB). (b) SR-ONE (23.6 dB). (c) SR-TRA (26.7 dB). (d) SR-BOR
(27.3 dB). (e) SR-SIM (27.3 dB). (f) Original.

• Activation of outliers detection and removal, to observe the
quality obtained by the method, and deactivation of the de-
tection and removal, to observe the robustness to outliers;

• The minimization using the Conjugate gradient method,
suggested in this work, and the minimization using the gra-
dient descent method, suggested in [1], [4], [16].

The objective quality of the estimated images is evaluated by
comparing the resulting SNR [31]. To observe the robustness to
outliers, it is compared the SNR of the result with the detection
and removal activated and deactivated. The numerical results
are shown in Tables III and IV. Some visual results are shown
in Figs. 8–11. An average of the relative time until the conver-
gence is presented in Tables V and VI. The time is relative to the

Fig. 9. Visual results of the image 2 of the sequence Mobile Calendar (mo-
tion known), with Huber/` norm, outliers detection activated and first-order
models. (a) SR-ONE (17.4 dB). (b) SR-TRA (18.5 dB). (c) SR-FAR (18.1 dB).
(d) SR-BOR (19.8 dB). (e) SR-SIM (19.2 dB). (f) Original.

Fig. 10. Visual results of image 2 of the sequence Lab (motion known),
with squared ` norm, outliers detection deactivated and second-order
models. (a) INT-1 (19.6 dB). (b) SR-ONE (23.6 dB). (c) SR-TRA (16.7 dB).
(d) SR-BOR (18.2 dB). (e) SR-SIM (19.3 dB). (f) Original.

time taken by the fastest iterative method, the method SR-ONE.
Since the INT-1 is not an iterative method, its computational
complexity is not presented. The convergence is assumed to be
reached when the quality improvement, in SNR (decibels), is
less than .

Tables III and IV indicate that the method SR-SIM produce
an estimate with similar quality than SR-BOR, with the out-
lier detection and removal activated. The results of the SR-SIM
are only slightly inferior when first-order models are used. The
two simultaneous algorithms produced superior results than the
methods based on the traditional SR scheme, the SR-TRA and
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Fig. 11. Visual results of image 3 of the sequence Mobile Calendar (motion
estimated), with Huber/` norm, outliers detection deactivated and first-order
models. (a) SR-ONE (17.4 dB). (b) SR-TRA (6.6 dB). (c) SR-FAR (18.2 dB).
(d) SR-BOR (10.5 dB). (e) SR-SIM (18.6 dB). (f) Original.

TABLE V
RELATIVE TIME TO CONVERGENCE FOR ` NORM (ORDER 1/ORDER 2)

TABLE VI
RELATIVE TIME TO CONVERGENCE FOR HUBER OR ` NORM

(ORDER 1/ORDER 2)

the SR-FAR. Furthermore, the traditional and the simultaneous
methods produce superior results than the one-frame method,
the SR-ONE.

The simultaneous method proposed in [1], with Huber norm,
detection activated and order 2, and the SR-SIM, using the same
specifications, obtained the best performance as indicated in
the Table IV. Fig. 8 shows some comparative results using the
squared norm and detection activated. Fig. 9 shows some re-
sults using the Huber norm and detection activated.

As illustrated by the Table III, the algorithms based on the
squared norm are not robust to outliers in the motion error.
Notice the significant loss of quality when the outlier detec-
tion is deactivated. Moreover, these methods presented inferior
quality than the one-frame SR methods, due to the distortions
caused by the outliers. Fig. 10 illustrates the results when the
detection is deactivated. One can notice that the SR algorithms
that exploit the motion information using the squared norm

Fig. 12. Visual results of an image of the sequence Carphone (motion esti-
mated), with Huber/` norm, outliers detection deactivated and second-order
models. (a) SR-ONE (28.8 dB). (b) SR-TRA (15.7 dB). (c) SR-FAR (29.6 dB).
(d) SR-BOR (18.1 dB). (e) SR-SIM (30.4 dB). (f) Original.

produce images with huge distortions localized in the regions
where the outliers appear.

On the other hand, Table IV indicates that the proposed
method, with the Huber norm, as well as the method SR-FAR,
are more robust to outliers. Notice that the loss in quality of the
proposed method is not significant, when compared to the loss
of the algorithms SR-BOR and SR-TRA.

In the visual results of the Fig. 11 one can observe that the
distortions around the outliers do not occur for the SR-SIM and
SR-FAR methods, but they occur for the SR-BOR and SR-TRA
methods, confirming the robustness of these methods when
Huber or norms are used. The robustness achieved by these
methods is very important for practical situations due to the
difficulties to achieve precise estimation of the motion vectors
and the outliers regions. More visual results for the sequences
Carphone and Flower Garden are shown in Figs. 12 and 13.

Tables V and VI clearly indicate that the algorithm SR-ONE
provides the smallest computational cost. However, this al-
gorithm produces results with lower quality than the other
methods. The simultaneous method proposed in this work
provides a great reduction of the computational cost compared
to the simultaneous method proposed in [1]. The computational
cost is close to the cost of the SR-TRA and SR-FAR methods,
nevertheless the proposed method provides results with su-
perior quality than these methods. One can observe that the
computational cost of all algorithms with minimization using
the conjugate gradient method is smaller than the cost using
the gradient descent method. The Tables V and VI show that
the cost of the minimization for the algorithms using the Huber
norm is significantly higher than the cost of the minimization
for the algorithms using the squared norm, this is the price
for the increase in quality, as observed in all methods, and
robustness, as observed in SR-FAR and SR-SIM.
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Fig. 13. Visual results of an image of the sequence Flower Garden (motion
estimated), with Huber/` norm, outliers detection deactivated and first-order
models. (a) SR-ONE (18.7 dB). (b) SR-TRA (11.0 dB). (c) SR-FAR (19.4 dB).
(d) SR-BOR (12.9 dB). (e) SR-SIM (19.7 dB). (f) Original.

These results illustrate that the proposed method provides su-
perior quality, similar to the simultaneous method SR-BOR, and
lower computational cost, equivalent to the traditional methods
when low order models are considered. When the Huber norm
is employed, the proposed approach provides higher robustness
to outliers, similar to the robustness obtained by the method
SR-FAR.

VII. CONCLUSION

In this work, it is proposed a new class of SR algorithms that
recover all HR frames of a sequence simultaneously. The pro-
posed approach is based on the regularized SR methods. This
new class of algorithms differs from the others by using the mo-
tion model only in the prior term. The advantages of this pro-
posed method is explained in details. An implementation uti-
lizing CG, with fast convergence, is presented. The proposed
method is compared with other classical methods in the litera-
ture and the experimental results clearly indicated that the pro-
posed method produces images with higher quality and lower
computational cost, comparable to the best algorithms available.
Besides, the proposed method, with Huber norm, is very robust
to outliers and provides edge-preservation.

REFERENCES

[1] S. Borman and R. L. Stevenson, “Simultaneous multi-frame map
super-resolution video enhancement using spatio-temporal priors,”
in Proc. IEEE Int. Conf. on Image Process., Oct. 1999, vol. 3, pp.
469–473.

[2] S. Chaudhuri, Super-Resolution Imaging, ser. Kluwer International Se-
ries in Engineering and Computer Science. Norwood, MA: Kluwer,
2001.

[3] S. Farsiu, D. Robinson, M. Elad, and P. Milanfar, “Advances and chal-
lenges in super-resolution,” Int. J. Imaging Syst. Technol., vol. 14, no.
3, pp. 47–57, Aug. 2004.

[4] S. C. Park, M. K. Park, and M. G. Kang, “Super-resolution image re-
construction: A technical overview,” IEEE Signal Process. Mag., vol.
20, no. 3, pp. 21–36, May 2003.

[5] M. Bertero and P. Boccacci, “Super-resolution in computational
imaging,” Micron, vol. 34, no. 6, pp. 265–273, Oct. 2003.

[6] S. Borman and R. L. Stevenson, “Spatial resolution enhancement of
low-resolution image sequences. a comprehensive review with direc-
tions for future research,” Univ. Notre Dame, South Bend, IN, 1998,
Res. Rep.

[7] S. Borman and R. L. Stevenson, “Super-resolution from image se-
quences—A review,” in Proc. Midwest Symp. Circuits and Systems,
1999, pp. 374–378.

[8] N. K. Bose, R. H. Chan, and M. K. Ng, Int. J. Imaging Syst. Technol.,
Special Issue on High-Resolution Reconstruction, Parts I and II, vol.
14, no. 2–3, 2004.

[9] M. K. Ng, T. Chan, M. G. Kang, and P. Milanfar, EURASIP J. Appl.
Signal Process., Special Issue on Super-Resolution Imaging: Analysis,
Algorithms, and Applications, vol. 1, 2006.

[10] M. Elad and A. Feuer, “Restoration of a single superresolution image
from several blurred, noisy, and undersampled measured images,”
IEEE Trans. Image Process., vol. 6, pp. 1646–1658, Dec. 1997.

[11] C. Stiller and J. Konrad, “Estimating motion in image sequences,”
IEEE Signal Process. Mag., vol. 16, no. 4, pp. 70–91, Jul. 1999.

[12] L. D. Alvarez, J. Mateos, R. Molina, and A. K. Katsaggelos, “High-res-
olution images from compressed low-resolution video: Motion estima-
tion and observable pixels,” Int. J. Imag. Syst. Technol., vol. 14, no. 3,
pp. 58–66, Aug. 2004.

[13] R. R. Schultz and R. L. Stevenson, “Extraction of high-resolution
frames from video sequences,” IEEE Trans. Image Process., vol. 5,
pp. 996–1011, Jun. 1996.

[14] P. E. Eren, M. I. Sezan, and A. M. Tekalp, “Robust, object-based
high-resolution image reconstruction from low-resolution video,”
IEEE Trans. Image Process., vol. 6, pp. 1446–1451, Oct. 1997.

[15] S. Farsiu, D. Robinson, M. Elad, and P. Milanfar, “Fast and robust
super-resolution,” in IEEE Int. Conf. on Image Process., Sep. 2003,
vol. 2, pp. 291–294.

[16] S. Farsiu, D. Robinson, M. Elad, and P. Milanfar, “Fast and robust
multi-frame super-resolution,” IEEE Trans. Image Process., vol. 13,
pp. 1327–1344, Oct. 2004.

[17] M. V. W. Zibetti and J. Mayer, “Adaptive regularization for resolution
restoration of multiframes considering subpixel contributions,” in Proc.
3rd Int. Symp. on Image and Signal Process. and Analysis, Sep. 2003,
vol. 2, pp. 952–956.

[18] M. Elad and A. Feuer, “Super-resolution reconstruction of image se-
quences,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 21, no. 9, pp.
817–834, Sep. 1999.

[19] J. Mateos, A. K. Katsaggelos, and R. Molina, “Resolution enhance-
ment of compressed low resolution video,” in Proc. IEEE Int. Conf.
on Acoust., Speech, and Signal Process., Jun. 2000, vol. 4, pp.
1919–1922.

[20] J. Tian and K.-K. Ma, “A new state-space approach for super-resolution
image sequence reconstruction,” in Proc. IEEE Int. Conf. on Image
Process. ICIP’05, Sep. 2005, vol. 1, pp. I–881.

[21] M. V. W. Zibetti and J. Mayer, “Simultaneous super-resolution for
video sequences,” in Proc. IEEE Int. Conf. on Image Process., Sep.
2005, vol. 1, pp. 877–880.

[22] M. V. W. Zibetti and J. Mayer, “Outlier robust and edge-preserving
simultaneous super-resolution,” in Proc. IEEE Int. Conf. on Image
Process., Oct. 2006, vol. 1, pp. 1741–1744.

[23] Y. Saad, Iterative Methods for Sparse Linear Systems. Boston, MA:
PWS, 1996.

[24] S. Borman and R. Stevenson, “Linear models for multi-frame
super-resolution restoration under non-affine registration and spatially
varying PSF,” presented at the SPIE 16th Annu. Symp. Elect. Imag.,
San Jose, CA, Jan. 18–22, 2004.

[25] H. H. Barrett and K. J. Myers, Foundations of Image Science, ser. Wiley
Series in Pure and Applied Optics. New York: Wiley, 2004.

[26] R. R. Schultz, L. Meng, and R. L. Stevenson, “Subpixel motion esti-
mation for super-resolution image sequence enhancement,” J. Visual
Commun. Image Represent., vol. 9, no. 1, pp. 38–50, Mar. 1998.

[27] P. J. Huber, Robust Statistics. New York: Wiley, 1981.
[28] D. Hasler, L. Sbaiz, S. Süsstrunk, and M. Vetterli, “Outlier modeling

in image matching,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 25,
no. 3, pp. 301–315, Mar. 2003.

[29] C. R. Vogel, Computational Methods for Inverse Problems, ser. Fron-
tiers in Applied Mathematics. Philadelphia, PA: SIAM, 2002.

[30] P. C. Hansen, Ed., Rank-Deficient and Discrete Ill-Posed Problems, ser.
SIAM Monographs and Mathematical Modeling and Computation.
Philadelphia, PA: SIAM, 1998.



1300 IEEE TRANSACTIONS ON CIRCUITS AND SYSTEMS FOR VIDEO TECHNOLOGY, VOL. 17, NO. 10, OCTOBER 2007

[31] A. Bovik, Ed., Handbook of Image and Video Process.. Norwood,
MA: Academic, 2000.

[32] A. Srivastava, “Stochastic models for capturing image variability,”
IEEE Signal Process. Mag., vol. 19, no. 5, pp. 63–76, Sep. 2002.

[33] R. L. Stevenson, B. E. Schmitz, and E. J. Delp, “Discontinuity pre-
serving regularization of inverse visual problems,” IEEE Trans. Syst.,
Man Cybern., vol. 24, no. 2, pp. 455–469, Mar. 1994.

[34] C. Bouman and K. Sauer, “A generalized Gaussian image model for
edge-preserving map estimation,” IEEE Trans. Image Process., vol. 2,
no. 7, pp. 269–310, Jul. 1993.

[35] P. Thévenaz, T. Blu, and M. Unser, “Image Interpolation and Resam-
pling,” in Handbook of Medical Imaging, Process. and Analysis. San
Diego, CA: Academic, 2000, pp. 393–420.

[36] P. Thévenaz, T. Blu, and M. Unser, “Interpolation revisited,” IEEE
Trans. Med. Imag., vol. 19, pp. 739–758, Jul. 2000.

[37] N. Nguyen, P. Milanfar, and G. Golub, “A computationally efficient
superresolution image reconstruction algorithm,” IEEE Trans. Image
Process., vol. 10, pp. 573–583, Apr. 2001.

[38] N. K. Bose, S. Lertrattanapanich, and J. Koo, “Advances in superres-
olution using l-curve,” in Proc. IEEE Int. Symp. on Circuits and Syst.,
May 2001, vol. 2, pp. 433–436.

[39] R. R. Schultz and R. L. Stevenson, “A Bayesian approach to image
expansion for improved definition,” IEEE Trans. Image Process., vol.
3, no. 5, pp. 233–242, May 1994.

[40] S. El-Khamy, M. Hadhoud, M. Dessouky, B. Salam, and F. A.
El-Samier, “Efficient implementation of image interpolation as an
inverse problem,” Digital Signal Process., vol. 15, no. 2, pp. 137–152,
Mar. 2005.

[41] M. S. Bazaraa, H. D. Sherali, and C. M. Shetty, Nonlinear Program-
ming: Theory and Algorithms, 2nd ed. New York: Wiley, 1993.

[42] M. Belge, M. E. Kilmer, and E. L. Miller, “Efficient determina-
tion of multiple regularization parameters in a generalized l-curve
framework,” Inverse Problems, vol. 18, no. 4, pp. 1161–1183, Aug.
2002.

[43] J. R. Shewchuk, An Introduction to Conjugate Gradient Method
Without the Agonizing Pain. Pittsburg, PA: Carnegie Mellon Univ.,
1994.

[44] Y. Dai, J. Han, G. Liu, D. Sun, H. Yin, and Y. Yuan, “Convergence
properties of nonlinear conjugate gradient methods,” SIAM J. Optimiz.,
vol. 10, no. 2, pp. 345–348, 1999.

[45] G. H. Golub and C. F. V. Loan, Matrix Computations, ser. Johns Hop-
kins Series in the Mathematical Sciences. Baltimore, MD: The Johns
Hopkins Univ. Press, 1996.

[46] B. K. P. Horn and B. G. Schunck, “Determining optical flow,” Artificial
Intell., vol. 17, pp. 185–203, Aug. 1981.

[47] M. J. Black and P. Anandan, “The robust estimation of multiple mo-
tions: Parametric and piecewise-smooth flow fields,” Comput. Vision
Image Understanding, vol. 63, no. 1, pp. 75–104, Jan. 1996.

Marcelo Victor Wüst Zibetti (S’03) was born
in Passo Fundo, Brazil, on January 8, 1977. He
received the B.Eng. degree from Universidade de
Passo Fundo (UPF), Passo Fundo, in 2001, and the
M.S. degree in electrical engineering and the Ph.D.
degree from the Universidade Federal de Santa
Catarina (UFSC), Santa Catarina, Brazil, in 2003
and 2007, respectively.

His present research interests include image super-
resolution and medical image reconstruction.

Dr. Zibetti received the IBM Best Student Paper
Award at the IEEE ICIP’06.

Joceli Mayer (M’99) was born in Salvador do Sul,
RS, Brazil, in 1965. He received the B.Eng. and
M.Eng. degrees in electrical engineering from the
Universidade Federal de Santa Catarina (UFSC),
Florianópolis, Brazil, in 1989 and 1991, respectively,
the M.Sc. degree in computer engineering from the
University of California, Santa Cruz, in 1998, and
the Ph.D. degree in computer engineering from the
University of California, Santa Cruz, in 1999.

Since 1993, he has been an Associate Professor
in the Electrical Engineering Department at UFSC

where he teaches undergraduate and graduate programs. He is also with the Re-
search Laboratory for Digital Signal Process. (LPDS) at the same university. He
was an Invited Researcher at the ZEL-KFA institute, Jülich, Germany, in 1991,
working with systolic architectures for image processing. He has published over
60 papers on conferences and journals and currently he is advising several grad-
uated students on these research topics. His research interests include data com-
pression, image coding, image restoration, image and video super-resolution,
authentication with biometrics, digital watermarking, hardcopy document au-
thentication, and digital signal processing applications.


