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In most electronic imaging applica-
tions, images with high resolution
(HR) are desired and often re-
quired. HR means that pixel den-

sity within an image is high, and
therefore an HR image can offer more
details that may be critical in various ap-
plications. For example, HR medical images are very
helpful for a doctor to make a correct diagnosis. It may be
easy to distinguish an object from similar ones using HR
satellite images, and the performance of pattern recogni-
tion in computer vision can be improved if an HR image
is provided. Since the 1970s, charge-coupled device
(CCD) and CMOS image sensors have been widely used
to capture digital images. Although these sensors are suit-
able for most imaging applications, the current resolution
level and consumer price will not satisfy the future de-
mand. For example, people want an inexpensive HR digi-
tal camera/camcorder or see the price gradually reduce,
and scientists often need a very HR level close to that of
an analog 35 mm film that has no visible artifacts when an
image is magnified. Thus, finding a way to increase the
current resolution level is needed.

The most direct solution to increase spatial resolution
is to reduce the pixel size (i.e., increase the number of pix-
els per unit area) by sensor manufacturing techniques. As
the pixel size decreases, however, the amount of light
available also decreases. It generates shot noise that de-

grades the image quality severely. To reduce the pixel size
without suffering the effects of shot noise, therefore,
there exists the limitation of the pixel size reduction, and
the optimally limited pixel size is estimated at about 40
µm2 for a 0.35 µm CMOS process. The current image
sensor technology has almost reached this level.

Another approach for enhancing the spatial resolution
is to increase the chip size, which leads to an increase in ca-
pacitance [1]. Since large capacitance makes it difficult to
speed up a charge transfer rate, this approach is not con-
sidered effective. The high cost for high precision optics
and image sensors is also an important concern in many
commercial applications regarding HR imaging. There-
fore, a new approach toward increasing spatial resolution
is required to overcome these limitations of the sensors
and optics manufacturing technology.

One promising approach is to use signal processing
techniques to obtain an HR image (or sequence) from
observed multiple low-resolution (LR) images. Recently,
such a resolution enhancement approach has been one of
the most active research areas, and it is called super resolu-
tion (SR) (or HR) image reconstruction or simply reso-
lution enhancement in the literature [1]-[61]. In this
article, we use the term “SR image reconstruction” to re-
fer to a signal processing approach toward resolution en-
hancement because the term “super” in “super
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By using lexicographic ordering for the indices n1 , n2 on
the right-hand side and k on the left-hand side, a matrix
vector form is obtained as:

Y X= Φ , (5)

where Y is a p ×1 column vector with the kth element of
the DFT coefficients of y n nk [ , ]1 2 , X is a L L1 2 1× column
vector with the samples of the unknown CFT of x t t( , )1 2 ,
andΦis a p L L× 1 2 matrix which relates the DFT of the ob-
served LR images to samples of the continuous HR image.
Therefore, the reconstruction of a desired HR image re-
quires us to determine Φ and solve this inverse problem.

An extension of this approach for a blurred and noisy
image was provided by Kim et al. [11], resulting in a
weighted least squares formulation. In their approach, it is
assumed that all LR images have the same blur and the
same noise characteristics. This method was further re-
fined by Kim and Su [12] to consider different blurs for
each LR image. Here, the Tikhonov regularization
method is adopted to overcome the ill-posed problem re-
sulting from blur operator. Bose et al. [13] proposed the
recursive total least squares method for SR reconstruction
to reduce effects of registration errors (errors in Φ). A
discrete cosine transform (DCT)-based method was pro-
posed by Rhee and Kang [14]. They reduce memory re-
quirements and computational costs by using DCT
instead of DFT. They also apply multichannel adaptive
regularization parameters to overcome ill-posedness such
as underdetermined cases or insufficient motion informa-
tion cases.

Theoretical simplicity is a major advantage of the fre-
quency domain approach. That is, the relationship be-
tween LR images and the HR image is clearly
demonstrated in the frequency domain. The frequency
method is also convenient for parallel implementation ca-
pable of reducing hardware complexity. However, the ob-
servation model is restricted to only global translational
motion and LSI blur. Due to the lack of data correlation
in the frequency domain, it is also difficult to apply the
spatial domain a priori knowledge for regularization.

Regularized SR Reconstruction Approach
Generally, the SR image reconstruction approach is an
ill-posed problem because of an insufficient number of
LR images and ill-conditioned blur operators. Proce-
dures adopted to stabilize the inversion of ill-posed prob-
lem are called regularization. In this section, we present
deterministic and stochastic regularization approaches
for SR image reconstruction. Typically, constrained least

squares (CLS) and maximum a posteriori (MAP) SR im-
age reconstruction methods are introduced.

Deterministic Approach
With estimates of the registration parameters, the obser-
vation model in (2) can be completely specified. The de-
terministic regularized SR approach solves the inverse
problem in (2) by using the prior information about the
solution which can be used to make the problem well
posed. For example, CLS can be formulated by choosing
an x to minimize the Lagrangian [63]
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where the operatorC is generally a high-pass filter, and||||⋅
represents a l2 norm. In (6), a priori knowledge concern
ing a desirable solution is represented by a smoothness
constraint, suggesting that most images are naturally
smooth with limited high-frequency activity, and there-
fore it is appropriate to minimize the amount of high-pass
energy in the restored image. In (6), α represents the
Lagrange multiplier, commonly referred to as the regular-
ization parameter, that controls the tradeoff between fi-
delity to the data (as expressed by ∑ −=k

p
1

2y W xk k ) and
smoothness of the solution (as expressed by Cx 2 ). The
Larger values of α will generally lead to a smoother solu-
tion. This is useful when only a small number of LR im-
ages are available (the problem is underdetermined) or
the fidelity of the observed data is low due to registration
error and noise. On the other hand, if a large number of
LR images are available and the amount of noise is small,
smallα will lead to a good solution. The cost functional in
(6) is convex and differentiable with the use of a quadratic
regularization term. Therefore, we can find a unique esti-
mate image $x which minimizes the cost functional in (6).
One of the most basic deterministic iterative techniques
considers solving
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and this leads to the following iteration for $x:

$ $ ( $ ) $x x W y W x C Cxk
T

k k
Tn n

k

p
n n+

=

= + − −








∑1

1

β α ,
(8)

MAY 2003 IEEE SIGNAL PROCESSING MAGAZINE 27

The basic premise for increasing
the spatial resolution in SR
techniques is the availability
of multiple LR images captured
from the same scene.
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A maximum likelihood (ML) estimation has also been
applied to the SR reconstruction. The ML estimation is a
special case of MAP estimation with no prior term. Due
to the ill-posed nature of SR inverse problems, however,
MAP estimation is usually used in preference to ML.

The simulation results of regularized SR methods are
shown in Figure 10. In these simulations, the original
256 256× shop image is shifted with one of the subpixel
shifts {(0,0), (0,0.5), (0.5,0), (0.5,0.5)} and decimated
by a factor of two in both the horizontal and vertical di-
rections. Here, only sensor blur is considered and a 20 dB
Gaussian noise is added to these LR images. Figure 10(a)
is a nearest neighborhood interpolated image from one of
the LR images. CLS SR results using a small regulariza-
tion parameter and a large regularization parameter ap-
pear in Figure 10(b) and(c), respectively. In fact, these
estimates can be considered as those of MAP reconstruc-
tion with Gaussian prior. Figure 10(d) shows the SR re-
sult with an edge-preserving Huber-Markov prior [21].
By far, the poorest reconstruction is the nearest neighbor
interpolated image. This poor performance is easily at-
tributed to the independent processing of the LR obser-
vations, and it is apparent throughout Figure 10(a).
Compared to this method, CLS SR results in Figure
10(b) and (c) show significant improvements by retain-
ing detailed information. We observe that these improve-
ments are further obtained by using the edge-preserving
prior as shown in Figure 10(d).

Tom and Katsaggelos [20] proposed the ML SR im-
age estimation problem to estimate the subpixel shifts,
the noise variances of each image, and the HR image si-
multaneously. The proposed ML estimation problem is
solved by the expectation-maximization (EM) algorithm.
The SR reconstruction from an LR video sequence using
the MAP technique was proposed by Schultz and
Stevenson [21]. They proposed a discontinuity preserv-
ing the MAP reconstruction method using the
Huber-Markov Gibbs prior model, resulting in a con-
strained optimization problem with a unique minimum.
Here, they used the modified hierarchical block matching
algorithm to estimate the subpixel displacement vectors.
They also consider independent object motion and inac-
curate motion estimates that are modeled by Gaussian
noise. A MAP framework for the joint estimation of im-
age registration parameters and the HR image was pre-
sented by Hardie et al. in [22]. The registration
parameters, horizontal and vertical shifts in this case, are
iteratively updated along with the HR image in a cyclic
optimization procedure. Cheeseman et al. applied the
Bayesian estimation with a Gaussian prior model to the
problem of integrating multiple satellite images observed
by the Viking orbiter [23].

Robustness and flexibility in modeling noise charac-
teristics and a priori knowledge about the solution are the
major advantage of the stochastic SR approach. As-
suming that the noise process is white Gaussian, a MAP
estimation with convex energy functions in the priors en-

sures the uniqueness of the solution. Therefore, efficient
gradient descent methods can be used to estimate the HR
image. It is also possible to estimate the motion informa-
tion and the HR image simultaneously.

Projection onto Convex Sets Approach
The POCS method describes an alternative iterative ap-
proach to incorporating prior knowledge about the solu-
tion into the reconstruction process. With the estimates
of registration parameters, this algorithm simultaneously
solves the restoration and interpolation problem to esti-
mate the SR image.

The POCS formulation of the SR reconstruction was
first suggested by Stark and Oskoui [24]. Their method
was extended by Tekalp et al. to include observation noise
[25]. According to the method of POCS [63], incorpo-
rating a priori knowledge into the solution can be inter-
preted as restricting the solution to be a member of a
closed convex set Ci that are defined as a set of vectors
which satisfy a particular property. If the constraint sets
have a nonempty intersection, then a solution that be-
longs to the intersection set C Cs i

m
i= ∩ =1 , which is also a

convex set, can be found by alternating projections onto
these convex sets. Indeed, any solution in the intersection
set is consistent with the a priori constraints and therefore
it is a feasible solution. The method of POCS can be ap-
plied to find a vector which belongs in the intersection by
the recursion

x P P P P xn
m m

n+
−= ⋅⋅⋅1
1 2 1 , (13)

where x 0 is an arbitrary starting point, and Pi is the pro-
jection operator which projects an arbitrary signal x onto
the closed, convex sets, C i mi ( , ,..., )=1 2 . Although this
may not be a trivial task, it is, in general, much easier than
finding Ps , i.e., the projector that projects onto the solu-
tion set C s in one step [24].

Assuming that the motion information is accurate, a
data consistency constraint set based on the observation
model in (2) is represented for each pixel within the LR
images y m mk [ , ]1 2 [25], [26]:

{ }C m m x n n r m m m mD
k x
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1 2 1 2 1 2 1 2= ≤ δ
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Registration is a very important
step to the success of the SR
image reconstruction.
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[35]. Here, convergence analysis and computational
complexity issues of these algorithms were also dis-
cussed.

Motionless SR Reconstruction Approach
The SR reconstruction algorithms presented so far re-
quire relative subpixel motions between the observed im-
ages. However, it is shown that SR reconstruction is also
possible from differently blurred images without relative
motion [30], [37]. Elad and Feuer [30] demonstrated
that the motionless SR image reconstruction without a
regularization term is possible if the following necessary
condition is satisfied:

{ }L m p2 22 1 2≤ + −min ( ) , , (20)

where ( ) ( )2 1 2 1m m+ × + is the size of the blurring ker-
nel, and L L L1 2= = . Hence, although more numbers of
blurred observations of a scene do not provide any addi-
tional information, it is possible to achieve SR with
these blurred samples, provided (20) is satisfied. Note
that one can recover the HR image with much fewer LR
images if a regularization is incorporated to the recon-
struction procedure. Rajan and Chaudhuri [37], [38]
proposed a similar motionless SR technique for inten-
sity and depth maps using an MRF model of the image
field. There have been other motionless attempts to SR
imaging [39], [40]. Rajan and Chaudhuri [39] pre-
sented the SR method using photometric cues, and the
SR technique using zoom as a cue is proposed by Joshi
and Chaudhuri [40].

Advanced Issues in SR
In the previous sections, we reviewed the existing SR re-
construction methods which are frequently employed. In
this section, we illustrate the advanced issues which are
important open problems within the SR area.

SR Considering Registration Error
Registration is a very important step to the success of the
SR image reconstruction as mentioned earlier. Therefore,

accurate registration methods, based on robust motion
models including multiple object motion, occlusions,
transparency, etc., should be needed [3]. However, when
we cannot ensure the performance of the registration al-
gorithms in certain environments, the error caused by an
inaccurate registration should be considered in the recon-
struction procedure. Although most SR algorithms im-
plicitly model the registration error as an additive
Gaussian noise, more sophisticated models for this error
are needed.

Bose et al. [41], [42] considered the error generated
by inaccurate registration in the system matrix Wk and
proposed the total least squares method to minimize
the error. This method is shown to be useful for im-
proving the solution accuracy when errors exist not
only in the recording process but also in the measure-
ment matrix. Ng and Bose analyzed displacement er-
rors on the convergence rate of the iteration used in
solving the transform-based preconditioned system
[43]. Here, LR images are acquired from multiple cam-
eras which are shifted from each other by a known
subpixel displacement. In this environment, small per-
turbations around the ideal subpixel locations of the
sensing elements are always produced due to imperfect
fabrication, and therefore the registration error is gen-
erated along the boundary of blur support. From this
unstable blur matrix, they proved the linear conver-
gence of the conjugate gradient method.

Another approach to minimize the effect of the reg-
istration error is based on channel adaptive regulariza-
tion [44]-[46]. The basic concept of channel adaptive
regularization is that LR images with a large amount of
registration error should be less contributed to the esti-
mate of the HR image than reliable LR images. Kang et
al. [44] assumed that the degree of registration error is
different in each channel (LR image) and applied the
regularization functionals [79] to adaptively control
the effect of registration error in each channel. Kang et
al. [45] showed that the tendency of high-frequency
components in the HR image is closely related to the
registration error and used the directional smoothing
constraint. Here, the registration error is modeled as
Gaussian noise which has a different variance according
to the registration axes, and channel adaptive regular-
ization is performed with a directional smoothing con-
straint. Kang et al. [46] extended these works based on
a set-theoretic approach. They proposed the regulariza-
tion functional that is performed on the data consis-
tency term. As a result, the minimization functional is
defined as ∑ − +=k

p
k1

2 2λ (x) y W x Cxk k . They pro-
posed that the desirable properties of the regularization
functional λ k (x) to reduce the effects of error in the re-
construction procedure as follows:
� λ k (x) is inversely proportional to|| ||y W xk k− 2

� λ k ( )x is proportional to|| ||Cx 2

� λ k ( )x is larger than zero
� λ k ( )x considers the influence of the cross channel.
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SR image reconstruction is one
of the most spotlighted
research areas, because it can
overcome the inherent resolution
limitation of the imaging system
and improve the performance of
most digital image processing
applications.
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to a real-world color imaging system. A color SR appli-
cation is considered in [8], [31], and [52]-[55], but a
more careful reconstruction method which reflects the
characteristic of color is needed. The important prob-
lem in color SR is to analyze the characteristic of a color
filter array and color interpolation procedure and take
into account intercorrelation between color compo-
nents in the reconstruction procedure. The application
of the SR algorithm to the compression system is also
needed [4], [56]-[61], since images are routinely com-
pressed prior to transmission and storage. In this case,
the SR algorithm must account for the structure of the
compression system. For example, it is important to an-
alyze and model the compression error caused by
quantization, since a simple Gaussian noise model is
not acceptable, especially when a significant amount of
compression is employed.

SR image reconstruction is one of the most spot-
lighted research areas, because it can overcome the in-
herent resolution limitation of the imaging system and
improve the performance of most digital image pro-
cessing applications. We hope this article creates inter-
est in this area as well as inspiration to develop the
relevant techniques.
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