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Introduction

Super-resolution restoration aims to solve the following
problem: given a set of observed images, estimate an im-
age at a higher-resolution than is present in any of the in-
dividual images. Where the application of this technique
differs in Computer Vision from other fields, is in the vari-
ety and severity of the registration transformation between
the images. In particular this transformation is generally
unknown, and a significant component of solving the super-
resolution problem in Computer Vision is the estimation of
the transformation. The transformation may have a simple
parametric form, or it may be scene dependent and have
to be estimated for every point. In either case the trans-
formation is estimated directly and automatically from the
images.

Computer Vision techniques applied to the super-
resolution problem have already yielded several successful
products, including Cognitech’s “Video Investigator” soft-
ware [1] and Salient Stills” “Video Focus” [2]. In the latter
case, for example, a high resolution still of a face, suitable
for printing in a newspaper article, can be constructed from
low resolution video news feed.

The approach discussed in this article is outlined in fig-
ure 1. The input images are first mutually aligned onto a
common reference frame. This alignment involves not only
a geometric component, but also a photometric component,
modelling illumination, gain or colour balance variations
among the images. After alignment a composite image mo-
saic may be rendered and super-resolution restoration may
be applied to any chosen region of interest.

We shall describe the two key components which are
necessary for successful super-resolution restoration : the
accurate alignment or registration of the low-resolution im-
ages; and the formulation of a super-resolution estimator
which utilizes a generative image model together with a
prior model of the super-resolved image itself. As with
many other problems in computer vision, these different as-
pects are tackled in a robust, statistical framework.

Image registration

Essential to the success of any super-resolution algo-
rithm is the need to find a highly accurate point-to-point
correspondence or registration between images in the in-
put sequence. This correspondence problem can be stated
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Figure 1: Stages in the super-resolution process.

as follows: given two different views of the same scene, for
each image point in one view find the image point in the sec-
ond view which has the same pre-image, i.e. corresponds to
the same actual point in the scene.

Many super-resolution estimators, particularly those de-
rived in the Fourier domain, are based on the assumption
of purely translational image motion [34, 35]. In com-
puter vision however, far more demanding image transfor-
mations are required, and are estimated on a regular basis.
Fast, accurate and robust automated methods exists for reg-
istering images related by affine transformations [21], bi-
quadratic transformations [24], and planar projective trans-
formations [7]. Image deformations inherent in the imaging
system, such as radial lens distortion may also be paramet-
rically modelled and accurately estimated [11, 14].



Notation Points are represented by homogeneous co-
ordinates, so that a point (x,y) is represented as
(z,y,1). Conversely, the point (x;,x2,23) in homo-
geneous coordinates corresponds to the inhomogeneous
point (1'1/33'3, .Z'Q/.’L'3).

Definition: Planar homography Under a planar ho-
mography (also called a plane projective transformation,
collineation or projectivity) points are mapped as:

!
Ty hii hiz his z1
!
Ty | = | har hax hos T2
!
x5 hs1  hsa has z3

or equivalently

x' = Hx.

where the = indicates equality upto a scale factor. The
equivalent non-homogeneous relationship is
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Figure 2: Definition of the planar homography.

Geometric registration

For the purpose of illustration we will focus on the case
of images which are related by a planar projective trans-
formation, also called a planar homography, a geometric
transformation which has 8 degrees of freedom (see fig-
ure 2). There are two important situations in which a planar
homography is appropriate [19]: images of a plane viewed
under arbitrary camera motion; and images of an arbitrary
3D scene viewed by a camera rotating about its optic centre
and/or zooming. The two situations are illustrated in fig-
ure 3. In both cases, the image points x and x’ correspond
to a single point X in the world. A third imaging situation
in which a homography may be appropriate occurs when a
freely moving camera views a very distant scene, such as is
the case in high-aerial or satellite photography. Because the
distance of the scene from the camera is very much greater
than the motion of the camera between views, the parallax
effects caused by the three dimensional nature of the scene
are negligibly small.

Feature-based registration

In computer vision it is common to estimate the parame-
ters of a geometric transformation such as a homography H
by automatic detection and analysis of corresponding fea-
tures among the input images. Typically, in each image
several hundred “interest points” are automatically detected
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Figure 3: Two imaging scenarios for which the image-to-
image correspondence is captured by a planar homography.

with sub-pixel accuracy using an algorithm such as the Har-
ris feature detector [17]. Putative correspondences are iden-
tified by comparing the image neighbourhoods around the
features, using a similarity metric such as normalized cor-
relation. These correspondences are refined using a ro-
bust search procedure such as the RANSAC algorithm [13]
which extracts only those features whose inter-image mo-
tion is consistent with a homography [19, 33]. Finally, these
inlying correspondences are used in a non-linear estimator
which returns a highly accurate estimate of the homography.
The algorithm is summarized in figure 4 and the process is
illustrated in figure 5 for the case of two views.

Feature based algorithms have several advantages over
direct, texture correlation based approaches often found
elsewhere [20, 26, 31]. These include the ability to cope
with widely disparate views and excellent robustness to il-
lumination changes. More importantly in the context of
super-resolution, the feature based approach allows us to
derive a statistically well-founded estimator of the registra-
tion parameters using the method of maximum likelihood
(ML). Applied to several hundred point correspondences,
this estimator gives highly accurate results. Furthermore,
the feature based ML estimator is easily extended to per-
form simultaneous registration of any number of images,
yielding mutually consistent, accurate estimates of the inter-
image transformations.

ML registration of two views

We first look at the ML homography estimator for just
two views. The localization error on the detected feature
points is modelled as an isotropic, normal distribution with



zero mean and standard deviation o. Given a true, noise-
free point x (which is the projection of a pre-image scene
point X), the probability density of the corresponding ob-
served (i.e. noisy) feature point location is

( (m—z)2+(y—y)2>
exp | —

P =
r(x]x) —

2mo?
Hence, given the set of true, noise-free correspondences
{x + x'}, and making the very reasonable assumptions
that the measurements are independent, and that the fea-
ture localization error is uncorrelated across different im-
ages, the probability density of the set of observed, noisy
correspondences {x < x'} is

Pr({x,x'}) = [] Priifx;) Pr(eex)

The negative log-likelihood of the set of all correspon-
dences is therefore

D=3 (=)’ + (yi=y,)" + (@i - 20+ (4 —)*)

(The unknown scale factor o may be safely dropped in
the above equation since it has no effect on the following
derivations). Of course, the true pre-image points are un-
known, so we replace {x,x'} in the above equation with
{%,%'}, the estimated positions of the pre-image points,
hence

L= Z((wi—:ei)2+<yi—gi)2+(m;—ﬁ;>2+(y;—y;)2) 1)

Finally, we impose the constraint that £ maps to %' un-
der a homography, and hence substitute ¥ = H%. This
error metric is illustrated in figure 6. Thus minimizing
L requires estimating the homography and the pre-image
points {%x}. A direct method of obtaining these estimates
is to parameterize both the 8 parameters of the homogra-
phy, and the 2N parameters of the N points {x}. We will
return to this idea shortly. In the two-view case however,
it is possible to derive a very good approximation to this
log-likelihood [19] which avoids explicit parametrization of
the pre-image points, permitting H,,; to be computed by a
standard non-linear least-squares optimization over only 8
parameters. For example, the Levenberg-Marquardt algo-
rithm [25] can be used.

Simultaneous registration of multiple images

By computing homographies between all pairs of con-
secutive frames in the input sequence, the images may be
aligned with a single common reference frame (figure 7),
warped and blended to render an image mosaic. This is pos-
sible due to the concatenation property of homographies,
i.e. the homography relating frame 0 and frame N is sim-
ply the product of the intervening homographies. However,
this process permits the accumulation of “dead-reckoning”
error. This is particularly problematic when the camera

Algorithm : Automatic two-view registration.

1. Features: Compute interest point features in each image
to sub-pixel accuracy (e.g. Harris corners [17]).

2. Putative correspondences. Compute a set of interest
point matches based on proximity and similarity of their
intensity neighbourhood.

3. RANSAC robust estimation: Repeat for NV samples

(a) Select a random sample of 4 correspondences and
compute the homography H.

(b) Calculate a geometric image distance error for each
putative correspondence.

(c) Compute the number of inliers consistent with H
by the number of correspondences for which the
distance error is less than a threshold.

Choose the H with the largest number of inliers.

4. Optimal estimation: re-estimate H from all correspon-
dences classified as inliers, by maximizing the likelihood
function of equation (1).

5. Guided matching: Further interest point correspon-
dences are now determined using the estimated H to de-
fine a search region about the transferred point position.

The last two steps can be iterated until the number of corre-
spondences is stable.

Figure 4: The main steps in the algorithm to automatically
estimate a homography between two images.

“loops-back™, re-visiting certain parts of the scene more
than once (see figure 8). In this case, the accumulated reg-
istration error may cause the first and last images to be mis-
aligned.

Fortunately, the feature-based registration scheme offers
an elegant solution to this problem. The two-view maxi-
mum likelihood estimator may be easily extended to per-
form simultaneous registration of any number of views.
Furthermore, the N-view estimator allows feature corre-
spondences between any pair of views, for example be-
tween the first and last frames, to be incorporated in the
optimization. This guarantees that the estimated homogra-
phies will be globally consistent.

As illustrated in figure 7, any particular pre-image scene
point X; may be observed in several (but not necessarily all)
images. The corresponding set of detected feature points
{x;} (where the superscript 4 indicates the image) plays an
identical role to the two-view correspondences already dis-
cussed. The pre-image points X ; are explicitly parameter-
ized to lie in an arbitrarily chosen plane and the homogra-
phies H¢ map the points X; to their corresponding image
points x; Analogously to the two-view ML estimator, the
N-view estimator seeks the set of homographies and pre-
image points that minimizes the (squared) geometric dis-
tances d(xg,fc}) between each observed feature point xj.

and its predicted position fc; = H'X;. In practice the plane



Automatic homography estimation

Two images of an Oxford college. The motion between
views is a rotation about the camera centre, so the images
are exactly related by a homography.

Detected point features superimposed on the images.
There are approximately 500 features on each image.

The following results are superimposed on the left image
. (Left) 268 putative matches shown by the line linking
matched points to their position in the other image, note
the clear mismatches. (Right) RANSAC outliers — 117 of
the putative matches.

(Left) RANSAC inliers — 151 correspondences consistent
with the estimated homography. (Right) Final set of 262 cor-
respondences after guided matching and optimal estima-
tion. The estimated transformation is accurate to sub-pixel
resolution.

Figure 5: Steps in the robust algorithm for registering two
views.

image 1 image 2

Figure 6: The ML estimator of equation (1) minimizes the
squared geometric distances between the pre-image point
& ol

correspondence (X,%’) and the observed interest points
(x,x’).

A |

Figure 7: Three images acquired by a rotating camera may
be registered to the frame of the middle one, as shown, by
projectively warping the outer images to align with the mid-
dle one.

Figure 8: Concatenation of homographies permits registra-
tion error to accumulate over the sequence. This is prob-
lematic when a sequence “loops-back”.



Figure 9: A mosaic generated from 100 images after ge-
ometric registration using the N-view maximum likelihood
method. The outline of every 5t* image is super-imposed.

of the points X ; is often chosen to correspond to one of the
images. This algorithm, which optimizes over all the homo-
graphies and the pre-image points simultaneously is known
to photogrammetrists as block bundle adjustment [29]. The
implementation details are described in [9, 18, 19].

Figure 9 shows a mosaic image composed using 100
frames registered by block bundle adjustment. There is
no visible misalignment between frames. Note that in this
example the images are reprojected on a planar manifold.
However, a cylindrical reprojection manifold is also com-
mon in image mosaicing [38].

Photometric registration

Photometric registration refers to the procedure by which
global photometric transformations between images are es-
timated. Examples of such transformations are global illu-
mination changes across the scene, and intensity variations
due to camera automatic gain control or automatic white
balancing. In practice, it has been shown that a simple para-
metric model of these effects, along with a robust method
for computing the parameters given a set of geometrically
registered views, can be sufficient to allow successful appli-
cation to image mosaicing and super-resolution [6].

The examples shown here employ a model which allows
for an affine transformation (contrast and brightness) per
RGB channel,
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Figure 10: Estimating and correcting for global photomet-
ric variation between images.

resulting in a total of 6 parameters. After geometric align-
ment, the colours of corresponding pixels in two images
may be used to directly estimate the parameters of the
colour transformation between them. Due to the possibil-
ity of outliers to this simple model, which may be caused
by specularities, shadowing, etc., the estimation is again
performed using a robust algorithm such as RANSAC, fol-
lowed by optimal estimation using the inliers to the model.

In the example shown in figure 10, the photometric dif-
ference is due to a change in daylight conditions. The es-
timated transformation is used to render a colour-corrected
version of image 1. The corrected image exhibits the same
orange glow as the sun-lit image. The effectiveness of the
photometric registration is further verified by the intensity
profiles. In this case, the red channel undergoes the most
severe transformation. After correction, the profiles of the
corrected image match closely those of image 2.

Super-resolution

The observed low resolution images are regarded as de-
graded observations of a real, high-resolution image. These
degradations typically include geometric warping, optical
blur, spatial sampling and noise, as shown in figure 11.
The forward model of image formation is described below.
Given several such low resolution image observations our
objective is to solve the inverse problem, i.e. determine the
super-resolution image from the measured low resolution
images given the image formation model.

We will discuss two solutions to this problem. In the
first, we determine the Maximum Likelihood (ML) estimate
of the super-resolution image such that, when reprojected
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Figure 11: The principal steps in the imaging model. From
left to right : the high-resolution planar surface under-
goes a geometric viewing transformation followed by op-
tical/mation blurring and finally down-sampling.

gn(T,y) = an si (h(u,v) *f('Tn(II?,

f - ground truth, high-resolution image
g - nt? observed low-resolution image
T. - geometric transformation of nt* image
h - point spread function
s) - down-sampling operator by a factor S
an, B, - scalar illumination parameters
7N, - observation noise

Y))) + Bn+n(z,y)

Transformation 7 is assumed to be a homography. The
point spread function A is assumed to be linear, spatially
invariant. The noise n is assumed to be Gaussian with
mean zero.

Figure 12: The generative image formation model.

back into the images via the imaging model, it minimizes
the difference between the actual and “predicted” observa-
tions. In the second, we determine the Maximum a posteri-
ori (MAP) estimate of the super-resolution image including
prior information.

Generative models

It is assumed that the set of observed low-resolution im-
ages were produced by a single high-resolution image under
the generative model of image formation given in figure 12.
After discretization, the model can be expressed in matrix
form as

gn = anMnf + Bn+ 1 2

in which the vector f is a lexicographic reordering of pixels
in f(z,y), and where the linear operators 7, h and g have
been combined into a single matrix M,,. Each low-resolution
pixel is therefore a weighted sum of super-resolution pixels,
the weights being determined by the registration parame-
ters, and the shape of the point-spread function, and spatial
integration. Note the point spread function may combine
the the effects of optical blur and motion blur, but we will
only consider optical blur here. Motion blur is considered
in [4].

From here on we shall drop the explicit photometric pa-

rameters, (au, ), in order to improve the clarity of the
equations presented. Putting them back in is straightfor-
ward. Of course, the algorithms used to generate the results
do still include the photometric parameters in their compu-
tations, and in the real examples they are estimated robustly
using the method described previously under Photometric
registration.

The generative models of all N images are stacked ver-
tically to form an over-determined linear system

80 Mo Mo
81 My _ M
. = . f+ .
8N-1 My-1 NN-_1
g=Mf+79 (3)

Maximum likelihood estimation

We now derive a maximum-likelihood estimate f,,,;. for
the super-resolution image f, given the measured low res-
olution images g, and the imaging matrices M,,. Assum-
ing the image noise to be Gaussian with mean zero, vari-
ance o2, the total probability of an observed i image gn(z,y)
given an estimate of the super-resolution image f(a: y) is

Pr(gn|f') = H exp (_ (On(z,y) — gn(m’y))2>

202
Y,y n

1
opV 21
(4)
where the simulated low-resolution image g,, is given by
g, = a,M,f+ 3,. The corresponding log-likelihood func-
tion is

L(gn) = — Y (n(®,y) —gnlz,y))’
Vz,y
= —llg, — &l = —[Maf — gnll®

Again, the unknown o,, may be safely dropped in the above.
Assuming independent observations, the the log-likelihood
over all images is given by

Z[’ gn) = Z”M f- gn||2

We seek an estimate f,,;. which maximizes this log-
likelihood

—|luf — g

fmle = arg min ||Mf - g”2
f

This is a standard linear minimization, and the solution is
given by X
fnie = M+g

where M1 is the Moore-Penrose pseudo-inverse of M, which
isMt = (MTM)~IMT,

M is a very large sparse Nn2 x m? matrix, where N
is the number of low resolution images, and n? and m?
are the number of pixels in the low and high resolution
images respectively. Typical values are N = 30,n% =



2500, m? = 10000, so it is not possible in practice to di-
rectly compute the pseudo-inverse M. Instead iterative so-
lutions are sought, for example the method of conjugate
gradients. A very popular and straightforward solution was
given by Irani and Peleg [21, 22]. Here we compute f,,;.
by preconditioned conjugate gradient descent.

Figure 13 shows an example of the ML solution un-
der various degrees of zoom. The original images were
obtained from a panning hand held Digital Video camera.
The images are geometrically and photometrically regis-
tered automatically, and displayed as a mosaic. The super-
resolution results are given for a 40 x 25 pixel region of
the low resolution images which contains a stationary car.
These are computed using 50 low-resolution images and
assuming a Gaussian point spread function for optical blur
with scale oper = 0.425.

It can be seen that up to a zoom factor of 1.5 the reso-
lution improves and more detail is evident. There is clear
improvement over the original images and a “median im-
age”, obtained by geometrically warping/resampling the in-
put images into the super-resolution coordinate frame, and
combining them using a median filter. However, as the
zoom factor increases further characteristic high frequency
noise is superimposed on the super-resolution image. This
is a standard occurrence in inverse problems and results
from noise amplification due to poor conditioning of the
matrix M. One standard remedy is to regularize the solution,
and this is discussed in the next section where the regular-
izers are considered as prior knowledge.

Maximum a posteriori estimation We now de-
rive the maximum a posterior estimate f,,, for the super-
resolution image. Suppose we have prior information Pr(f‘)
on the form of the super-resolution image. Various exam-
ples of priors are discussed below, but one example is a
measure of image smoothness. We wish to compute the
estimate of £ given the measured images g, and prior in-
formation Pr(f). It is a standard result of applying Bayes
theorem [5] that the posterior probability Pr(f‘|g) is given
by Pr(f|g) = Pr(g|f) Pr(f)/ Pr(g), where Pr(g|f) is ob-
tained from equation (4). It is convenient to work with
the logs of these quantities, and the maximum a-posterior
(MAP) estimate of f is then obtained from

fmap = argmax g Pr(f) + lg Pr(g|f)
f

®)

=argmax lgPr(f) — |Mf — g||?
f

1
202 |

The specific form of lg Pr(f ) depends on the prior being
used, and we will now overview a few popular cases.

Image priors The simplest and most common priors
have potential functions that are quadratic in the pixel val-
ues f, hence

Pr(f) = %exp (—f7af) (6)

Low-res (bicubic 2x zoom) Median image @ 2.0x zoom

MLE @ 1.25x zoom MLE @ 1.5x zoom

MLE @ 2.0x zoom

MLE @ 1.75x zoom

Figure 13: (Top) A mosaic composed from 200 frames cap-
tured using hand-held DV camera. The region-of-interest
(boxed in green) contains a car. (Below) MLE reconstruc-
tions upto 1.5x show marked improvement over the low-
resolution and median images. Reconstruction error starts
to become apparent at 1.75x zoom.



where Q is a symmetric, positive-definite matrix. In this
case, equation (5) becomes

AT 1
fmap = arg max — f Qf - 2 2 ”Mf - g”2 (7)
f On

This case is of particular interest, since the MAP estimator
has, in principle, a linear solution :

frap = (MTM+0Q) ' M'g

Of course, in the context of image restoration (as in the ML
case), it is computationally infeasible to perform the matrix
inversion directly, but since both terms in equation (7) are
quadratic, the conjugate gradient ascent method [25] may
applied to obtain the solution iteratively.

The simplest matrix @ which satisfies the criterion is a
multiple of the identity, giving

1

fmap = argmax  —°[If|I* — o [IMf —gl*  (8)
f On

A common variation on this scheme is when Q is derived
from a linear operator L applied to the image f :

1
fmap = argmax  — 7 ||L]J* — —[[uf —gl|*  (9)
f g

n

in which case Q is LTL. The matrix L is typically chosen
to be a discrete approximation of a first or second deriva-
tive operator. Equations (8) and (9) will be familiar to many
people as forms of Tikhonov regularization [12, 16, 32] , a
technique proposed by Tikhonov and Arsenin in the context
of solving Fredholm integral equations of the first kind. Im-
age deconvolution is one example of this class of problem.

Another way to think about equation (6) is as a multi-
variate Gaussian distribution over £, in which q is the in-
verse of the covariance matrix.

The ||z?|| prior Referring to equation (6), and setting Q
equal to some multiple of the identity is equivalent to as-
suming zero-mean, Gaussian i.i.d pixel values. We shall
modify this distribution slightly to use the median image
as the mean instead. This allows us to take advantage of
the good super-resolution estimate which is provided by the
median image, by defining a prior which encourages the
super-resolution estimate to lie close to it. The associated
prior is

Gaussian MRFs  When the matrix Q in equation (6) is
non-diagonal, we have a multi-variate Gaussian distribu-
tion over f, in which spatial correlations between adjacent
pixels are captured by the off-diagonal elements. The cor-
responding MRFs are termed Gaussian MRFs or GMRFs.
For the purpose of our examples, we define a GMRF in

which L is formed by taking first-order finite difference ap-
proximations to the image gradient over horizontal, verti-
cal and diagonal pair-cliques. For every location f, , in
the super-resolution image, L computes the following finite-
differences in the 4 adjacent, unique pair-cliques :

dz = fz—i—l,y - fz,y dy = fz,y—l—l - fz,y
1 1
dry = ﬁ(fz+1,y+1 - fr,y) dyz = E(fw+1,y71 - fz,y)

(10)

Schultz and Stevenson [27] suggest a prior based on 2nd
derivatives, in which the spatial activity measures are de-
fined over triplet-cliques.

Huber MRFs A common criticism levelled at the GMRF
priors is that the associated MAP super-resolution estimates
tend to be overly smooth, and that sharp edges, which are
what we are most interested in recovering, are not pre-
served. This problem can be ameliorated by modelling the
image gradients with a distribution which is heavier in the
tails than a Gaussian. Such a distribution accepts the fact
that there is a small, but nonetheless tangible probability of
intensity discontinuities occurring.

In a Huber MRF (HMRF), the Gibbs potentials are de-
termined by the Huber function,

p(z) = z? if |z] <

= 2alz|—a® otherwise (11)
where x here is the first derivative of the image, as given in
equation (10). Figure 14 shows the Huber potentials func-
tion, and the corresponding prior PDF plotted for several
values of «. Note that the transition from the quadratic to
the linear region maintains gradient continuity. HMRFS are
an example of convex, but non-quadratic priors.

Examples

Figure 15 compares the solutions obtained under these
three priors for the car example. The super-resolution im-
age is reconstructed at 3x pixel-zoom, and in all cases the
MAP solutions show more convincing detail than the ML
reconstruction of figure 13, especially around the door han-
dles and wing mirror. The ||z||?> and GMRF priors produce
similar results, but note the sharp edges around the windows
and headlights in the HMRF reconstruction. The level of
detail in the reconstructions compared to the low-resolution
images is very apparent. Furthermore, the priors have elimi-
nated the noise of the ML solution, without introducing arti-
facts of their own. A ML solution at this zoom-factor would
be completely dominated by noise.

Figures 16 and 17 show two further examples of MAP
reconstruction. In the first, which is constructed from a 30
low resolution images in a similar situation to figure 13, the
text is clearly readable in the super-resolution image, but is
not in the original images. The second example shows a
MAP reconstruction for images obtained by the Mars rover.
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Figure 14: (Top) The Huber potential functions p(z), plot-
ted for three different values of a. (Bottom) The correspond-
ing prior distributions, (equation (6)), are a combination of
a Gaussian (dashed-line) and a Laplacian distribution.

Low-res (bicubic 3x zoom) Simple ||z||2 prior (A = 0.006)

GMRF (A = 0.006) HMRF (A = 0.009, o = 0.05)

Figure 15: MAP results for the car example using various
priors.

The details of the rock surface is considerably clearer in the
super-resolution image compared to the originals.

Current research challenges

Current research on super-resolution in the Computer Vi-
sion field falls into three categories: first, there is analysis
on performance bounds — how far can this area of image be
zoomed before noise dominates signal. This was touched on
in [7], and has been more thoroughly investigated recently
by [3, 23]. The extent to which an image region can be
zoomed need not be homogeneous across the image: some
regions, where there are more overlapping images and lower
blur, may be zoomed more than others. The second area
that is of current interest is the registration transformation.
What is required here is a point to point mapping between

Low-res (bicubic 3x zoom)

HMRF (A = 0.01, = 0.05)

Figure 16: MAP super-resolution applied to 30 low-
resolution images using the HMRF prior.

GMRF (A = 0.01)

& "
Lowe-res (bicubic 3x zoom)

Figure 17: MAP super-resolution applied to 25 low-
resolution JPEG images using the GMRF prior.

the images. This article has concentrated on a homography
mapping which is applicable in certain circumstances. A
simple extension is when the camera centres are not coinci-
dent and the viewed surface is a quadric (for example an el-
lipsoid or hyperboloid) where a transformation can be com-
puted from nine or more corresponding points [10, 28, 36].
More generally the mapping for non coincident camera cen-
tres can be computed by a stereo reconstruction of the sur-
face [30], or by using optic flow between images [37]. The
third area of current research is into scene specific priors
and sub-spaces [8, 9]. The objective here is to use a prior
tuned to particular types of scenes, such as a face or text,
rather than a general purpose prior such as GMRF. These
priors need not be made explicit, and in one imaginative
approach [3, 15] the mapping from low resolution to high
resolution is learnt from training examples or low and high
resolution image pairs.
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