wo 2014/114635 A1 |[IN I N0F OO0 Y O

(43) International Publication Date

(12) INTERNATIONAL APPLICATION PUBLISHED UNDER THE PATENT COOPERATION TREATY (PCT)

(19) World Intellectual Property Ny
Organization é
International Bureau -,

=

\

(10) International Publication Number

WO 2014/114635 Al

(51

eay)

(22)

(25)
(26)
(30)

1

(72

74

31

31 July 2014 (31.07.2014) WIPOIPCT
International Patent Classification:
GO6T 3/40 (2006.01)
International Application Number:
PCT/EP2014/051117

International Filing Date:
21 January 2014 (21.01.2014)

Filing Language: English
Publication Language: English
Priority Data:

13305084.9 24 January 2013 (24.01.2013) EP
13305956.8 5 July 2013 (05.07.2013) EP

Applicant: THOMSON LICENSING [FR/FR]; 1-5 rue
Jeanne d'Arc, F-92130 Issy-les-Moulineaux (FR).

Inventors: TURKAN, Mehmet; 13 rue du Bois Perrin, F-
35700 Rennes (FR). THOREAU, Dominique; 39 rue du
Réage, F-35510 Cesson Sevigne (FR). GUILLOTEL,
Philippe; 15 rue Auguste Renoir, F-35770 Vern sur Seiche
(FR).

Agent: KONIG, Uwe; Karl-Wiechert-Allee 74, 30625
Hannover (DE).

Designated States (unless otherwise indicated, for every
kind of national protection available). AE, AG, AL, AM,

(84)

AO, AT, AU, AZ, BA, BB, BG, BH, BN, BR, BW, BY,
BZ, CA, CH, CL, CN, CO, CR, CU, CZ, DE, DK, DM,
DO, DZ, EC, EE, EG, ES, FI, GB, GD, GE, GH, GM, GT,
HN, HR, HU, ID, IL, IN, IR, IS, JP, KE, KG, KN, KP, KR,
KZ, LA, LC, LK, LR, LS, LT, LU, LY, MA, MD, ME,
MG, MK, MN, MW, MX, MY, MZ, NA, NG, NI, NO, NZ,
OM, PA, PE, PG, PH, PL, PT, QA, RO, RS, RU, RW, SA,
SC, SD, SE, SG, SK, SL, SM, ST, SV, SY, TH, TJ, TM,
TN, TR, TT, TZ, UA, UG, US, UZ, VC, VN, ZA, ZM,
ZW.

Designated States (uniess otherwise indicated, for every
kind of regional protection available): ARIPO (BW, GH,
GM, KE, LR, LS, MW, MZ, NA, RW, SD, SL, SZ, TZ,
UG, ZM, ZW), Eurasian (AM, AZ, BY, KG, KZ, RU, TJ,
TM), European (AL, AT, BE, BG, CH, CY, CZ, DE, DK,
EE, ES, FL, FR, GB, GR, HR, HU, IE, IS, IT, LT, LU, LV,
MC, MK, MT, NL, NO, PL, PT, RO, RS, SE, SI, SK, SM,
TR), OAPI (BF, BJ, CF, CG, CIL, CM, GA, GN, GQ, GW,
KM, ML, MR, NE, SN, TD, TG).

Published:

with international search report (Art. 21(3))

before the expiration of the time limit for amending the
claims and to be republished in the event of receipt of
amendments (Rule 48.2(h))

(54) Title: METHOD AND APPARATUS FOR PERFORMING SUPER-RESOLUTION OF SINGLE IMAGES

Unknown HR image grid

59

S10

k I1BP with NLM kernel |—>| Output HR Image |

(57) Abstract: A method for performing super-resolution of a single image comprises steps of downsampling (S1) a LR input image
by a first factor, separating the LR input image into overlapping blocks (x;), and for each of the blocks (x;) searching similar blocks
in the downsampled LR images, determining blocks (ci,1,¢i,2,Ci,3) at corresponding positions in the LR input image, locally optimiz-
ing (S4) the blocks by linear approximation to obtain locally optimized patches (z*,), downsampling (Ss ) the locally optimized
patches (z%,) by the first factor to obtain a downsampled locally optimized patch (z*,.4), comparing the downsampled locally optim-
ized patch (z¥,4) with the input block (x%) and optimizing the number and/or weights (wii,wi,wis) of the determined blocks
(Ci,1,€i,2,Ci3), Wherein a locally optimized patch (x') is obtained, and repeating the above steps with different sampling factors,
wherein for each repetition the locally optimized patch (x';, X%, x*;) of the previous iteration is used as input block. The locally op-
timized patch (x*) of the last iteration are accumulated and averaged (Ss), and IBP (Ss) is performed to obtain a HR output image

(S10).



10

15

20

25

30

WO 2014/114635 PCT/EP2014/051117

1

METHOD AND APPARATUS FOR PERFORMING SUPER-RESOLUTION OF
SINGLE IMAGES

Field of the invention

This invention relates to a method for performing super-resolution of single
images, and to an apparatus for performing super-resolution of single images.

Background

Super-resolution (SR) is an inverse problem of recovering a high-resolution (HR)
image from one or more low-resolution (LR) images. HR means high pixel density
in an image, hence an HR image provides more clear and detailed contents to the
viewer. A number of real-world applications utilizes SR algorithms, as SR provides
a relatively low-cost software solution to this inverse problem when compared to

high-cost hardware enhancements in optics and sensors technology.

In order to recover the unknown HR image, conventional SR methods (e.g., [1,2,
3]) fuse a set of observed LR images at sub-pixel shifts. If there are enough LR
images, the missing high-frequency information can successfully be recovered in
the HR image. However, an insufficient number of LR observations, registration
(motion estimation) errors and unknown point spread function practically limit the
applicability of these classical multi-image SR methods to small upscaling ratios
which is typically less than two [4].

Exemplar-based methods have been developed to overcome limitations of
classical multi-image SR. These methods assume that the missing high-frequency
information is explicitly available in other natural images and it can successfully be
retrieved from exemplar LR and HR patch pairs. In [5], LR and HR patch pairs are
collected from other natural images, and low- and high-frequency relations of
these patches are learned via a Markov network. This method has later been
simplified in [6] with a sequence of estimations of HR patches by a nearest
neighbor (NN) search from the database of exemplars, i.e. examples. A manifold
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learning based SR approach has been proposed in [7]. In this method, each LR
patch is first reconstructed from its K nearest neighbors (K-NN) taken from the
exemplar database. The HR patch is then hallucinated (or estimated) with the
corresponding HR exemplar patches by considering geometric similarities of LR
and HR patch spaces (manifolds). A sparse representations based SR method
has been proposed in [8]. This method jointly learns two connected dictionaries by
enforcing the similarity between sparse representations of exemplar LR and HR
patch pairs. In this way, the sparse representation of a given LR patch over the
learned LR dictionary can be applied with the learned HR dictionary to hallucinate
the unknown HR patch.

A unified framework combining the classical multi-image and exemplar-based
methods has been proposed in [9] by considering SR from a single LR image.
This method first searches image patches in downscaled versions of a given LR
image. When a NN is found for the current LR patch, its parent in the LR image is
regarded as the HR patch and copied to the appropriate location in the
appropriate scale of the HR image. The obtained different scales of HR images
have finally been generated coarse-to-fine until the desired resolution is reached.
Another approach of SR from a single LR image has been described in [10] by
considering a local self-similarity assumption on natural images. The given LR
image is initially interpolated using a custom designed linear operator. After
carrying out a strictly-localized NN search in the low-frequency band, the missing
high-frequency information of the interpolated image is retrieved from the high-
frequency band of the LR image. A similar SR technique has been proposed in
[11], exploiting local cross-scale self-similarities to extrapolate the high-frequency
band of the given LR image. This algorithm additionally imposes a total variation

[12] regularization in its stages for a robust resolution enhancement.

Summary of the Invention

The present invention provides an improved self-contained and exemplar-based
framework for single-image SR relying on multi-scale and locally-optimized
neighbor embeddings of LR and HR patches. Following the recurrence property of
similar patches across different scales of an image, it uses only the observed LR
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image and its appropriately downscaled versions for SR. Given a LR patch, its
size is gradually increased by relying on local geometric similarities of low- and
high-resolution patch spaces under small scaling factors. In each step of the
algorithm, the local geometry of the given patch and its K-NN patches is
characterized using locally linear embedding (LLE) [13]. In order to assure the
local image compatibility, the parameter K is locally optimized. The invention
allows averaging overlaps between adjacent patches, which improves the
smoothness of the target HR image. Finally, the global consistency between the
output HR image and the input LR image is enforced by using an iterative back
projection (IBP) [2] with a non-local means (NLM) [14] kernel. The proposed
algorithm can easily be ported and parallelized on GPU processors. Moreover, an
advantage confirmed by experimental results is that it produces more natural
looking textures together with cleaner and sharper edges in the resulting HR

images, compared to other known SR methods.

In one embodiment, the present invention provides a method for performing
super-resolution of single images. In another embodiment, the present invention

provides an apparatus for performing super-resolution of single images.

In one embodiment, the invention provides a computer readable medium having
executable instructions to cause a computer to perform said method for

performing super-resolution of single images.

In principle, a method for performing super-resolution of a single image comprises
steps of downsampling S¢ a LR input image by a first factor, separating the LR
input image into overlapping blocks x; , and for each of the blocks x; searching
similar blocks in the downsampled LR image, determining blocks ¢; 1,Ci2,Ci 3 at
corresponding positions in the LR input image, locally optimizing S4 the blocks by
linear approximation to obtain locally optimized patches z* , downsampling Ss the
locally optimized patches z* by the first factor to obtain a downsampled locally
optimized patch Zc'f,d , comparing the downsampled locally optimized patch Zc'f,d
with the input block x§ and optimizing the number and/or weights w; 1,w 2,w; 3 Of

the determined blocks c¢;1,Ci2,Ci3 , wherein a locally optimized patch x} is
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obtained, and repeating the above steps with different sampling factors, wherein
for each repetition the locally optimized patch x}, xZ, x? of the previous iteration
is used as input block. The locally optimized patch x} of the last iteration are
accumulated and averaged Sg , and iterative back projection Sg is performed to
obtain a HR output image S .

In one embodiment, the full (or at least a more sophisticated) super-resolution
processing is done only for blocks with high texture, while a simplified super-
resolution processing is applied for blocks with low texture. In one embodiment,
the super-resolution processing is done only for blocks with high texture, while it is
skipped for blocks with low texture.

Further objects, features and advantages of the invention will become apparent
from a consideration of the following description and the appended claims when

taken in connection with the accompanying drawings.

Brief description of the drawings

Exemplary embodiments of the invention are described with reference to the

accompanying drawings, which show in

Fig.1 how exemplar LR and HR patch pairs are collected directly from the input
LR image and its appropriately downscaled version;

Fig.2 a flow-chart (part 1) of the method in a first embodiment of the invention;

Fig.3 a flow-chart (part 2) of the method in the first embodiment of the invention;

Fig.4 a flow-chart (part 3) of the method in the first embodiment of the invention;

Fig.5 an overview of the method in one embodiment of the invention;

Fig.6 an apparatus according to one embodiment of the invention;

Fig.7 a comparison of experimental results for fine-detailed texture areas;

Fig.8 a comparison of experimental results for reducing jaggy and ringing artifacts;

Fig.9 experimental results showing sharper and cleaner edges as compared to
results from [11];
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Fig.10 experimental results showing sharper and cleaner edges as compared to
results of bi-cubic interpolation;

Fig.11 a flow-chart of a method in one embodiment of the invention where highly
textured blocks and lowly textured blocks are treated different; and

Fig.12 an apparatus according to one embodiment of the invention, where highly

textured blocks and lowly textured blocks are treated different.

Detailed description of the invention

In the following, the underlying ideas and main steps of the proposed SR
algorithm are described, and the obtained experimental results are demonstrated.

First, single-image super-resolution is explained.

The aim of single-image SR is to recover a HR image which is consistent with the
given LR image according to an image generation model. In general, the
observed LR image X of size N x M is assumed to be a blurred and downscaled
version of the unknown HR image Y (of size SN x SM), hence the image
generation model can be written as

X=(Y*H)|S (1)

where H is a low-pass (blur) kernel, and * and |S represent convolution and
downscaling (with a factor of S) operators respectively. The inverse problem,
estimating Y for a given X, is highly ill-posed since there might be multiple HR
solutions (under different initial assumptions) which produce the same LR
observation X. In order to regularize the problem, a global energy function
incorporating a prior on Y is generally formulated and minimized as

argmin||X — (Y = H) | s||3 + yR(Y) (2)
y

where ||X — (Y = H) | s||3 is the data term with regard to eq. (1), R(Y) is an
applicable regularization term based on a prior knowledge on Y and y is a
parameter controlling the contribution of the prior on the solution. As most of the
natural images vary smoothly with a limited local activity, R(Y) is usually chosen to

penalize the variation of Y.
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According to the invention, the above SR optimization is solved in two successive
steps; first, by calculating an initial estimate Y, of the HR image to satisfy a patch-
based local constraint through a prior R(Y) as

Y,=arg myin R(Y) (3)

and then, by minimizing this data term iteratively by projecting Y, onto the solution

space of (1) in order to satisfy the image generation model exactly, i.e.,

argmyinllY — Y, |3 subject to (Y * H)|s = X (4)

Next, local priors from optimized neighbor embeddings are described.

Consider a lexical ordering of image pixels and assume image patches as column
vectors. Denote an LR patch (of size nxn) in X centered at pixel / as xi, and its
spatially corresponding unknown HR patch (of size Sn x Sn)inY asy;, i=1...NM.
To recover the HR patch y; (for all i), the LR patch x; (for all i) is iteratively
upscaled by a small factor at each step t of the algorithm until the desired scaling
factor S has been reached. In the following, details of the underlying ideas of the

proposed local prior are given.

First, exemplar patch pairs from a single image are considered. The underlying
main idea is based on the assumption that small image patches are very likely to
repeat themselves within and across different scales of an image [9]. Hence,
exemplar LR and HR patch pairs are collected directly from the given LR image
and its appropriately downscaled version by matching LR patches (located in the
downscaled image) and their spatially corresponding HR parents (suited in the
input LR image). Fig.1 shows how exemplar LR and HR patch pairs are collected
directly from the input LR image 10 and its appropriately downscaled version 11.
E.g. LR patch 13 and HR patch 15 are a (LR and HR) patch pair, and LR patch 14
and HR patch 15 are a patch pair. Each LR patch in the downscaled image 11
has a corresponding HR patch in the input image 10.

A fundamental observation that has been reported in [10] is that natural images
can preserve their various important features only under small scaling factors.
Therefore, the input LR image is downscaled with a sufficiently reasonable ratio in
order to extract LR and HR patch pairs of greater relevance, and moreover, to
maintain the local geometric similarities of LR and HR patch spaces (as explained



10

15

20

25

30

WO 2014/114635 PCT/EP2014/051117

7

further below). For this purpose, the size of a given LR patch is increased
gradually, e.g., by p pixels in each dimension (p is admissibly smaller than n; e.g.
p=1,2 or 3) at each step of the algorithm. In one embodiment, the size of a given
LR patch is increased gradually by p, pixels in horizontal dimension and by p,
pixels in vertical dimension (ps, not equal p,) in at least one step of the algorithm.
However, usually p, equals p, .

Now consider a given LR patch x; of size n x n. At each step t > 0, expand the size
incrementally by p-pixels to obtain x¢ of size (n + tp) x (n + tp) using xt~1 of size
(n + (t-1)p) x (n + (t-1)p). To do this, collect HR exemplars of sizes

(n + tp) x (n + tp) from the input LR image and their matching LR exemplars of
sizes (n + (t-1)p) x (n + (t-1)p) from the downscaled LR image by a factor of

si= (n+(t-1)p) / (n+ip).

As the input LR image is downscaled by a non-integer value s;, irregular grid
points of the two images are related in order to ensure that the collected LR and
HR patches are in phase. Because of the partial lack of translation invariance, we
inevitably need to search and match exemplars in regular offsets (in both images),
which will lead to a drastic reduction in the number of extracted exemplar pairs. In
order to maximize the amount of the data present at a step ¢, multiple downscaled
images ®_are created by offsetting the input LR image X by O,..., n + (t-1)p - 1
pixels in each dimension, and then collect exemplar patches with regular offsets
(depending on s;) from image pairs {X, CDg }vq (¥ means “for all”) while keeping
the phases of LR and HR patch pairs always aligned together. Denote these pairs

. Lt _nt
in a set as {z", 2"} 1.

Now the term “partial lack of translation invariance” is explained. As the LR image
is downsampled with non-integer factors, it may happen that not all patches in the
LR image and downsampled image correspond to each other because of the
irregular grid relation. For example, when downsampling by %, patches need to
be related (to collect exemplars) by shifting 4 pixels (offset) in the LR image and 3
pixels (offset) in the downsampled image. The patches in between these offsets
are related to each other in sub-pixel precision. So, there is a partial lack of

translation invariance, as there is no one-to-one correspondence between all
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kinds of translations of patches in both images. The two images are translation
invariant just with suitable offsets. This is actually related with phase information
of pixels. According to the invention, the reduction of the number of exemplars is
compensated by creating different downsampled images with different phases.

Next, optimized neighbor embeddings are described.

As a local prior, each local HR patch should resemble its neighboring (similar)

patches taken from the given exemplar set. For this purpose, the regularization
term is formulated with a neighbor embedding optimization such that each HR

patch x! v, at step t can optimally be hallucinated (i.e. estimated or modeled) as a

weighted linear combination of its K-NN patches {z]’ :=1 as

2
RGeE) = ||xf = Seweezll, + allt = Biewill; (5)

where w; x denotes the weight assigned for the k-th NN zf,f of xf . The second
term in eq. (5) represents a sum—-to—one constraint on the weighting coefficients.
This constraint enforces the approximation of x{ to lie in the sub-space spanned

by its K-NN, and the invariance to translations of the data point and its neighbors.

Similar to other manifold learning based SR methods, the invention benefits from
the local geometric similarities of LR and HR patch spaces, and relates the
intrinsic geometric properties of local LR and HR patch neighborhoods using the
neighbor embedding assumption. Here, it is also reasonable to assume a stronger
neighbor embedding relation as the collected exemplar patches are of greater
relevance under small scaling factors (see above in Exemplar patch pairs from a single

image). Hence, begin transforming eq. (5) into an approximate LR one, such that

2
RG(™) = X = Sewanzisell, + BII1 — Zi Wi,k“z (6)

To characterize the intrinsic properties of the LR neighborhood, eq. (6) can
optimally be minimized and solved for the weighting coefficients wi = [Wi1,...,wik]"

using LLE as wi = (G; 1) / (17 G; 1) where G; denotes the Gram matrix of K-NN

patches {z;+} in reference to x{~" and 1 is the column vector of ones. Assuming
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that the local LR geometry has been preserved in the HR patch space, the HR

embedding x| can then be estimated by

t _ VvK ht
X = Xk=1Wik Zi : (7)

In practice, transforming eq. (5) into eq. (6) does not necessarily secure the local
neighborhood relation in both LR and HR patch spaces, i.e., HR exemplar
patches {z/}} corresponding to the K-NN {z;%} of x{~* may not be the K-NN for x;
because of the noise and other reasons. As a result, the calculated weights {w;}
would not be the optimum for hallucinating the HR patch x! in (7). In other words,
the local prior R (xf~1) in (6) does not put any constraint on the estimated values
of x! except the initial neighbor embedding assumption between LR and HR patch
spaces. In order to improve the localized estimation of x{, we introduce a new
regularization term by enforcing the hallucinated HR patch x| to resemble the

original LR correspondence x? according to the image generation model as
no _ 2
R(x{TY) =R+ n||x) — Pe[(Pxf = h) J«gt]Hz (8)

where h is a low-pass kernel, P transforms stacked (vectorized) values into
patches with respective sizes, P° is the inverse operator of P and 3§, is an
appropriate scaling factor, i.e., $; = s1x S2x ... x St. For example, if $=2, p=1, n=3,
then three iterations are needed to upscale the LR patch for S=2 with p=1:

S1 =%, $,=4/5 s3=5/6,then §; =s1=%,8, =s4 x5, =3/5and

§3 =S1X82X83=3/6.

In order to minimize eq. (8), an iterative algorithm based on an optimization on the
number of used NN patches is used. At any step t, the method proceeds as
follows. For each given LR patch x~! , first a K-NN search in the given exemplar

set of LR patches is made. Denote the obtained LR patches and their HR

K
correspondences as {7,z }_ - Then vary the number « of used NN patches

L

from 1 to K and optimize R (x{~1) for each distinct value of « independently. As a

result, K possible estimations {xf”‘}f;lof the HR signal x! are obtained, i.e.

t,k __ h,t
X" = Yk=1Wik Zik (9)

where {w;,}= arg {min}R(xit"l) andk=1,...,x,Vx
' Wik
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We finally obtain an estimation of the HR patch x| according to the local patch
compatibility criterion by
x; — P° [(Px" % h) ls,]]

E

b b

t .
Xy — arg min I
b, )

7

The above patch-based optimization on x!~* to obtain x! is iteratively applied until
the desired scaling factor S has been reached, e.g., if t iterations are required for

an upscaling of S, then y; = x} Vi.

Now, it is explained how to come from local prior to global smoothness. Since the
optimized neighbor embedding of LR and HR patches have been calculated for
each single pixel i in the LR image, we implicitly enforce as much as possible the
overlaps between adjacent patches in the target HR image. In this manner, the
pixel values in the HR grid have been estimated multiple times. These estimations
are averaged in order to force all image patches to agree on the overlapped
areas, hence to satisfy the smoothness constraint in the HR image. In other
embodiments, other weighting strategies than uniform averaging can be used, but

this means an increase in the computational complexity.

In the following, it is explained how global consistency can be improved through
back projection, in particular iterative back projection (IBP).
In order to enforce the global consistency between the recovered HR image Y and
the input LR image X, equation (4) is solved by employing the known IBP
algorithm. Denote Y, as the initial HR image as recovered above. The update
equation for IBP is given as

Yin = Yot + [(X = (Ym1 " H) Is) 1s] * P (11)
where Yn, is the estimated HR image at iteration m, m = 1...M, 1S represents the
upscaling (with a factor of S) operator and P is a back-projection kernel. Typically,
P is chosen to be a fixed isotropic kernel (isotropic kernel is a 2D filter which is
symmetric in all dimensions, or circularly symmetric). However, edges usually
have anisotropic structures, and the content of the projected data is dynamic
along the iterations of IBP. As a result, this kind of kernel often produces results
with jaggy and ringing artifacts especially around edges. To guide IBP in a wise
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manner, an NLM-based kernel (non-local means [14]) is used instead, because it
is more adapted to the content of the data to be processed. After M iterations of
IBP, we take the result Yy as our final estimate of the HR image.

Figs.2-4 show an exemplary flow-chart according to one embodiment of the
invention. Fig.5 shows an overview of one embodiment of the invention (for {S, p,
n} = {2, 1, 3}, exemplary). Reference signs correspond in all figures. While three
iterations are shown (first iteration S-S, second iteration S¢'-Sg’ and third
iteration S4”-Sg™), it is also possible to use more or less iterations, depending on a

desired scaling factor and on a maximum scaling factor per iteration.

Some of the particularly important features of the invention are the following.

The size of an LR patch is gradually increased (e.g., 1-pixel at a time or per
iteration), until the required scale is reached.

The LR image is downscaled with non-integer factors and example patches are
collected, taking the phase information into account.

The K value (for K-nearest neighbor or K-NN search) is optimized by checking the
compatibility of the HR patch at each step.

Overlapping areas are simply averaged.

A back-projection method with non-local means based kernel is used.

In one embodiment, the super-resolution processing is simplified or skipped for

low textured portions of the image.

As shown in Fig.5 and according to one embodiment of the invention, super-
resolution of a single image is performed by downsampling S a LR input image
by a first small factor (e.g. %) several times with different phases to obtain several
different downsampled LR images CID%-CDl, separating the LR input image into
overlapping blocks (e.g. 3x3 pixels each) x;, for each of the blocks x; searching
one or more similar (preferably equal, or substantially equal) blocks of same size
bi 1,bi 2,bi 3 in one or more or each of the downsampled LR images, and
determining blocks ¢ 1,Ci2,Ci 3 at corresponding positions in the LR input image
(wherein the blocks in the LR image are upsampled by the reciprocal of the first
small factor, e.g. 4/3 so that they have a size of e.g. 4x4 pixels; they are
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determined just by their position). These blocks are locally optimized S4 by linear
approximation as described above to obtain locally optimized patches z¥ and then
downsampled Ss by the same small factor as previously (e.g. %) to obtain z¥, .

This patch is then compared to the original patch x} and optimized to minimize the
SSD (sum of squared distances) by varying the number of used patches b; 4, b2,
bis , or the weights w; 1,w; 2,w; 3 of the used patches b; 1,b;2,bi 3, or both (one or
more of) the patches b; 1,bi2,bi 3 and (one or more of) their weights w; 1,w; 2,wi 3.

A flow-chart of one embodiment of the invention is shown in Fig.11. In this
embodiment, blocks with higher texture are treated different from blocks with
lower texture. Each block is determined to be either highly textured or lowly
textured. Super-resolution of a single image is performed by downsampling St a
LR input image by a first small factor (e.g. %) several times with different phases

to obtain several different downsampled LR images CID%-CDl, separating the LR

input image into overlapping blocks (e.g. 3x3 pixels each) x;, and determining
highly textured blocks and lowly textured blocks respectively among the
overlapping blocks x;. The method further includes for each of the lowly textured
blocks x; performing a simplified upsampling method, and for each of the highly
textured blocks x; searching one or more similar (preferably equal, or substantially
equal) blocks of same size b; 1,bi2,bi 3 in one or more or each of the downsampled
LR images, and determining blocks ¢; 1,Ci2,Ci 3 at corresponding positions in the LR
input image (wherein the blocks in the LR image are upsampled by the reciprocal
of the first small factor, e.g. 4/3 so that they have a size of e.g. 4x4 pixels; they
are determined just by their position). These blocks are locally optimized S4 by
linear approximation as described above to obtain locally optimized patches z*
and then downsampled Ss by the same small factor as previously (e.g. %) to
obtain Zc'f,d . This patch is then compared to the original patch x5 and optimized to
minimize the SSD (sum of squared distances) by varying the number of used
patches b; 1, bi2, bis, or the weights wi; 1,w;i 2,w; 3 of the used patches b; 1,bi 2,bi 3, or
both (one or more of) the patches b; 1,bi2,bi 3 and (one or more of) their weights

Wi, 1, Wi 2,Wi3.

For the lowly textured blocks, any simplified upsampling method can be used that

reduces the computation effort. For example, linear, bilinear, cubic or bi-cubic
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interpolation can be used for the lowly textured blocks. In one embodiment, the
upsampling method for lowly textured blocks is similar to the upsampling method
of the highly textured blocks, except at least one of the following: for each of the
lowly textured blocks x; , searching less blocks (than for the highly textured
blocks) of same size b; 1,bi2,bi 3 that are similar or substantially similar to the lowly
textured block, searching in less of the downsampled LR images (than for the
highly textured blocks), using simplified local optimization as compared with the
local optimization for the highly textured blocks, and using less patches b; 1, b2,
bis or using a limited range of weights w; 1,w; 2,w; 3 for the used patches b; 1,bi2,bi 3,
or both, in the optimization to minimize the SSD, or skip the optimization to

minimize the SSD.

A description of a separation of the blocks into highly textured and lowly textured

blocks is given below.

With the resulting locally optimized patch x} , the above-described procedure is
then repeated at least once. However, the resulting locally optimized patch x} that
serves as input has now more pixels (e.g. 4x4) than the patch x} that was used in
the previous iteration, and therefore also the new LR image and its downscaled
versions are larger, the downscaling factor is different (e.g. 4/5) and more
downscaled versions CD%-CD%S exist because more positions and thus more

phases (e.g. 4x4=16 phases for a 4x4 pixel patch) of the patch are possible.

Finally, the patches are super-imposed and averaged Ss, as described above,
and the IBP Sg is performed to obtain the HR output image Sqo. It is a super-

resolution version of the LR input image.

The above-mentioned searching one or more similar blocks of same size
bi 1,bi 2,bi 3 in one or more or each of the downsampled LR images can use any
commonly known search algorithm, e.g. as used in motion estimation (e.g. SSD).

In one embodiment, the accumulating and averaging Sg comprises, for each pixel,

counting overlapping patches that contribute to the pixel, adding values of
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overlapping patches that contribute to the pixel and dividing the accumulated
values by the number of overlapping patches.

Further, it is important to note the following.

In each iteration (first iteration S1-Se, second iteration S4'-Sg’ and third iteration
S1”-S¢”), there are several downscaled images (e.g. ®§-®P3 in the first iteration
S1-Se), since the input image is downscaled with non-integer values. These
downscaled images correspond to different phases of pixels caused by this non-
integer downsampling. These provide the “neighbors” of the neighbor embedding.
In steps S6,56',S6” a simple norm calculation is performed. It may be SSD (sum of
squared distance). Optimization can be done by minimizing this norm (SSD).

Exemplary upscaling factors shown in Fig.2-5 are 3:4, 4:5 and 5:6, i.e. one
additional pixel in each dimension per iteration. However, as described above, it
can be generalized to be p pixels. p is considerably smaller than the block size,
e.g. not more than 2 of the block size. E.g. it can be 1,2,3,... depending on the
block size (n) and computational sources. For example, for a 3x3 low-resolution
patch, three iterations are used to make it 6x6 when p=1. So, the patch size is
increased by p pixels until the required scaling is reached. As another example,
for a scaling factor of three, if p=2 and n=3, factors would be 3/5, 5/7, 7/9, i.e. two
additional pixel in each dimension per iteration.

In step Sy, the algorithm simply stops if the required scaling has been reached
and y; is assigned to the final result.

Non-local means kernel in step Sg is a well-known adaptive filter for denoising
applications. In the above-described embodiment, the back-projection kernel was
changed with the Non-local means kernel, as it gives better results than using a
Gaussian filter. Back projection is generally well known, but here it is a part of the
algorithm and the kernel is NLM-based. In another embodiment however, back-
projection kernel may be used instead.
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Fig.6 shows, in one embodiment, an apparatus for performing super-resolution of
a single image, comprising a separator SEP for separating the LR input image
into overlapping blocks x; , one or more (here three) cascaded upscaling units
CAU1-3, a HR image assembling unit IAU, and an IBP unit IU. Each cascaded
upscaling unit provides its output x!, x., x as input to the next upscaling unit.
Each cascaded upscaling unit CAU4.3 comprises one or more first downsamplers
DU, for downsampling a LR input image by a first factor several times with

different phases to obtain several different downsampled LR images ®3-®PL, a

first selector SEL, for selecting a current block x} , one or more first search units
SU; for searching, for each current block x} of all the blocks x; , one or more
similar blocks of same size b;1,bi2,bi3 of a current block x} in one or more or each
of the downsampled LR images, one or more first position determining units PDU;
for determining blocks c¢; 1,Ci2,Ci 3 at corresponding positions in the LR input image,
wherein the blocks in the LR image are upsampled in one or more up-samplers
UPS by the reciprocal of the first factor, a first optimizer OPT; for locally
optimizing the blocks by linear approximation to obtain locally optimized patches
z¥ (as in step S4 of the method described above), a second downsampler DU, for
downsampling the locally optimized patches z* by the first factor to obtain a down-
sampled locally optimized patch Zc’f,d, a first comparator CU¢ for comparing the
downsampled locally optimized patch Zc'f,d with the input block x§, and a first
control unit CTR1 for optimizing the number and/or weights w; 1,w; 2,w; 3 of the
determined blocks ¢ 1,Ci2,Ci 3 , wherein the Sum-of-Square-Distance between the
downsampled locally optimized patch z¥, with the input block xb is minimized

and wherein a locally optimized patch x;} is obtained.

The first and second downsampler DU1,DU; and up-samplers UPS use a dif-
ferent factor (and its reciprocal) per each of the one or more cascaded upscaling
units (e.g. % for downsampling and 4/3 for upsampling in the first upscaling unit
CAU4, 4/5 for downsampling and 5/4 for upsampling in the second upscaling unit
CAUz, and 5/6 for downsampling and 6/5 for upsampling in the third upscaling unit
CAUs3).
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The last of the cascaded upscaling units CAUs provides its output to the HR
image assembling unit IAU. The HR image assembling unit IAU, in one
embodiment, accumulates and averages the locally optimized patch x? of the last
cascaded upscaling unit CAUs and provides its output to the IBP unit U, which
provides the final HR output image.

In principle, an optimal number K of patches, i.e. a number K that is optimal for a
current block to be upsampled, can be calculated in various ways. In one
embodiment, an optimal number K of patches is obtained by downsampling the
reconstructed (or upsampled) block, and computing an error between a current
block and the downsampled/reconstructed block. Different numbers K of patches
are tested, and the number K is selected that leads to a minimization of the error.
In one embodiment, the error is the sum of absolute differences. In another

embodiment, the error is the square distance or square difference.

In the following, a separation of the blocks into highly textured and lowly textured
blocks is described.

In one embodiment, the separation of the blocks into highly textured and lowly
textured blocks is done according to the blocks’ energy. In one embodiment, the
gradient energy is used. The gradient energy can be determined, for example, as
a sum of squared spatial differences of luminance values within the block, or as a
sum of horizontal and vertical gradients within the block. The higher the gradient
energy, the higher the texturization of the block.

In one embodiment, the block’s energy is determined as the difference between a
minimum and a maximum luminance value within the block. Then, the separation
of the blocks into highly textured and lowly textured blocks is done according to
the difference between a minimum and a maximum luminance value within the

block. The higher the difference, the higher the texturization of the block.

In one embodiment, a threshold is defined for determining whether a block is
highly textured or lowly textured. If the block energy is below the threshold, a
simplified upscaling is used. In one embodiment, a pre-defined fixed threshold is
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used. A typical value (for block energy calculated according to min-max luminance
difference) would be 5, i.e. if luminancemax - luminancemin > 5, the block is
considered as highly textured. In one embodiment, an adaptive threshold is used.
Since the threshold selection has an impact on both processing power and image
quality, it may be adaptive with respect to available processing power (with a
lower threshold for more available processing power), with respect to required
image quality (with a lower threshold for higher image quality), or both. Also other
factors may be considered in threshold selection, e.g. image size, bit amount per
pixel etc. For example, the threshold may be in a range of 3-7 instead of 5. Note
that the threshold needs to be scaled according to the employed energy measure,
such that a reasonable amount of blocks is classified in each of high and low

texture.

Fig.11 shows a flow-chart of a method, in one embodiment of the invention, where
highly textured blocks are treated different from lowly textured blocks. In this
embodiment, a method for performing super-resolution of a single image
comprises steps of downsampling S1 a LR input image by a first factor several
times with different phases to obtain several different downsampled LR images
CID%-CDl , Separating the LR input image into overlapping blocks x; , and for each
of the blocks determining S1.1 a measure of its texture or a degree of its
texturization, and determining S1.2 according to the measure of its texture
whether the block has high texture or low texture. Then, for each of the blocks
having high texture, the following steps are performed:

searching one or more similar blocks b; 1,bi2,bi3 of same size of a current block x}
in one or more or each of the downsampled LR images,

determining blocks ¢ 1,Ci2,Ci 3 at corresponding positions in the LR input image,
wherein the blocks in the LR image are upsampled by the reciprocal of the first
factor, locally optimizing S4 the blocks by linear approximation to obtain locally
optimized patches z* |

downsampling Ss the locally optimized patches z¥ by the first factor to obtain a
downsampled locally optimized patch z% , ,

comparing the downsampled locally optimized patch Zc'f,d with the input block x}

and optimizing the number and/or weights w; 1,w; 2,w; 3 of the determined blocks
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Ci1,Ci2,Ci3 , Wwherein a Sum-of-Square-Distance between the downsampled locally
optimized patch z%, with the input block x§ is minimized and wherein a locally
optimized patch x} is obtained. Further, for each of the blocks having low texture,
simplified upsampling S1.6 is performed. The following steps are then repeated:
downsampling S’y several times with different phases to obtain several different
downsampled LR images CID(%-CID%S, searching, determining, locally optimizing S's,
and downsampling S’s , wherein for the downsampling a different second factor is
used, and wherein for each repetition the locally optimized patch x}, xZ, x? of the
previous iteration is used as input block. Finally, the locally optimized patch x? of
the last iteration is accumulating and averaged Sg, and IBP is performed Sg,
wherein a HR output image S1¢ is obtained.

In one embodiment of the method, the simplified upsampling is one of linear
interpolation, bilinear interpolation, cubic interpolation and bi-cubic interpolation.

In one embodiment of the method, the simplified upsampling for blocks with low
texture comprises steps of

searching one or more similar blocks b; 1,bi2,bi3 of same size of a current block x}
in one or more or each of the downsampled LR images, wherein less blocks are
searched than for blocks with high texture, or the number of downsampled LR
images in which the searching is done in less than for blocks with high texture;
determining blocks ¢ 1,Ci2,Ci 3 at corresponding positions in the LR input image,
wherein the blocks in the LR image are upsampled by the reciprocal of the first
factor, locally optimizing S4 the blocks by linear approximation to obtain locally
optimized patches z¥ ,

downsampling Ss the locally optimized patches z¥ by the first factor to obtain a
downsampled locally optimized patch z% , ,

comparing the downsampled locally optimized patch Zc'f,d with the input block x}
and optimizing the number and/or weights w; 1,w; 2,w; 3 Of the determined blocks
Ci1,Ci2,Ci3 , Wherein the Sum-of-Square-Distance between the downsampled
locally optimized patch z , with the input block x§ is minimized and wherein a

locally optimized patch x} is obtained.
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In one embodiment of the method, the step of determining S1.1 for a block a
measure of its texture or a degree of its texturization comprises measuring the
block’s energy according to a maximum luminance difference within the block, or

according to a sum of luminance gradients within the block.

In one embodiment of the method, the step of determining S1.2 for a block
whether it has high texture or low texture comprises comparing an energy
measure of the block with a threshold, and a block having an energy measure
above the threshold is determined to have high texture and a block having an

energy measure below the threshold is determined to have low texture.

Fig.12 shows an apparatus according to one embodiment of the invention, where
highly textured blocks are treated in a different way than lowly textured blocks.
Additionally to the above-described apparatus, the apparatus in this embodiment
further comprises a block energy measure determining unit EM for determining a
measure of the current block’s texture or a degree of its texturization, and a
comparison and decision unit ECD for comparing the measure of texture with a
threshold so as to determine according to the measure of its texture whether the
current block has high texture or low texture. As shown in Fig.12, the one or more
first search units SU , one or more first position determining units PDU, , first
optimizer OPT, , second downsampler DU , first comparator CU; and first control
unit CTR; are operative for only those current blocks that have high texture x{ ,r ,
as determined to the comparison and decision unit ECD. The blocks having low
texture x{ ,» are upsampled in a simplified upsampling unit SUP by using any

simplified upsampling method, as described above.

In one embodiment, the simplified upsampling unit SUP comprises one or more
secondary first search units SU4’ for searching one or more similar blocks of same
size bi1,bi2,bis of a current block x} in one or more or each of the downsampled
LR images, wherein less blocks are searched than for blocks with high texture, or
the number of downsampled LR images in which the searching is done in less
than for blocks with high texture, one or more secondary first position determining
units PDUy’ for determining blocks c¢; 1,Ci 2,Ci 3 at corresponding positions in the LR
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input image, wherein the blocks in the LR image are upsampled by the reciprocal
of the first factor, secondary first optimizer OPT;’ for locally optimizing S4 the
blocks by linear approximation to obtain locally optimized patches z¥ ,

secondary second downsampler DU, for downsampling the locally optimized
patches z¥ by the first factor to obtain a downsampled locally optimized patch z%,
, and secondary first comparator CU4’ for comparing the downsampled locally
optimized patch Zc'f,d with the input block x5 and optimizing the number and/or
weights w; 1,w; 2,w; 3 of the determined blocks ¢ 1,Ci 2,Ci3 , wherein the Sum-of-
Square-Distance between the downsampled locally optimized patch z¥ ; with the

input block x} is minimized and wherein a locally optimized patch x} is obtained.

In one embodiment, the block energy measure determining unit EM for
determining for a block a measure of its texture or a degree of its texturization
comprises means, e.g. a processor, for measuring or calculating the block’s
energy according to a maximum luminance difference within the block, or

according to a sum of luminance gradients within the block.

In one embodiment, the comparison and decision unit ECD for determining for a
block whether it has high texture or low texture comprises a comparison unit, e.g.
comparator, for comparing an energy measure of the block with a threshold, and a
determining unit, e.g. switch, for determining blocks having an energy measure
above the threshold to have high texture and blocks having an energy measure

below the threshold to have low texture.

Advantages of the invention can also be shown in experimental results. For
example, in one embodiment the base enhancement factors are set to S = 2 and
3. To obtain larger ratios, the method is run multiple times with appropriate base
enhancements. In an embodiment, the method is directly applied on concatenated
RGB values of pixels. A good compromise between LR and HR patch sizes is
found when n = 3, i.e., LR patches x; of size 3 x 3 and HR patches y; of size 6 x 6
for {S, p} = {2, 1} and of size 9 x 9 for {S, p} = {3, 2}. Therefore, t = 3 with {s4, S2,
Sa}s=2 = {3/4, 4/5, 5/6} and {s1, S, S3} s=3 = {3/5, 5/7, 7/9}. Allowed are 3 x 2 or 2 x

3 overlaps between two adjacent LR patches, leading to 6x4 or 4x6 (when S = 2)
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and 9 x6 or 6 x 9 (when S = 3) overlaps between HR patches. K is set to 8. For
IBP, M =5 and the NLM kernel is of size 7x7. The kernel coefficients are
calculated with blocks of sizes 7x7 using an exponential parameter ¢ = 0,01. Fig.
5 demonstrates a sketch of the complete SR algorithm for {S, p, n} = {2, 1, 3}.
Experimental results of the algorithm, compared with different SR methods, are
illustrated in Fig.7-10 (for the reported results of [9,10], images courtesy of their
project web-pages). Fig.7 demonstrates a comparison between our result (right)
and a result in [10] (left) for the “koala” image. This is a good example showing
that the method according to the invention can provide more natural looking
synthesis results, especially for fine-detailed texture areas, e.g. in the koala’s fur.
Figs.8-10 compare more results on different images for an upscaling factor of
four. Particularly, Fig.8 (upper: [9], lower: present invention) shows the efficiency
of using the NLM kernel for reducing the jaggy and ringing artifacts, e.g., in the
ridge of the chip. From Fig.9 (left: [11], right: present invention) and Fig.10 (upper:
bi-cubic; lower: present invention), also sharper and cleaner edges can be
observed, compared to the different other methods.

In one embodiment, the method for performing super-resolution of a single image
comprises a step of determining for each of the overlapping blocks x; whether a
current block has high or low texture, and simplifying or skipping the subsequent
steps if a current block has low texture. Thus, super-resolution according to the
above-described method is performed only for the highly textured blocks, while for
the lowly-textured blocks a simplified method is used. This reduces the
computational burden and makes the super-resolution processing faster. The
determining of blocks with high or low texture is done, in one embodiment,
immediately after the step of separating the LR input image into overlapping
blocks x; In another embodiment, the step of determining blocks with high or low
texture is performed initially, before said step of downsampling S4 a LR input
image. In this case, the blocks need not necessarily coincide with the overlapping
blocks x;, into which the image is separated later. For example, when highly or
lowly textured regions are initially determined, there is a step of determining for

each of the overlapping blocks x; whether or not it belongs to a highly or lowly
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textured region. As described above, each block has either high texture or low
texture, so that determining one type of blocks implicitly yields also the other type.

In conclusion, a self-contained SR method based on optimized neighbor embed-
ding of patch pairs is described. While making use of the recurrence property (i.e.
self-similarity) of similar patches across different scales of an image, the given
patch is gradually expanded, relying on geometric similarities of LR and HR patch
spaces at small scaling ratios. Together with an adaptive IBP, the invention
provides more natural looking textures and sharper edges with less artifacts when
compared to other known methods. The invention is applicable e.g. for a complete
GPU-oriented and totally localized implementation. As an advantage, it is faster or
achieves higher performance respectively.

While there has been shown, described, and pointed out fundamental novel
features of the present invention as applied to preferred embodiments thereof, it
will be understood that various omissions and substitutions and changes in the
apparatus and method described, in the form and details of the devices disclosed,
and in their operation, may be made by those skilled in the art without departing
from the spirit of the present invention. It is expressly intended that all
combinations of those elements that perform substantially the same function in
substantially the same way to achieve the same results are within the scope of the
invention. Substitutions of elements from one described embodiment to another
are also fully intended and contemplated. For example, the terms “block” and
“‘patch” are used synonymously. The same holds for “sampling” and “scaling”.

It will be understood that the present invention has been described purely by way
of example, and modifications of detail can be made without departing from the
scope of the invention. Each feature disclosed in the description and (where
appropriate) the claims and drawings may be provided independently or in any
appropriate combination. Features may, where appropriate be implemented in
hardware, software, or a combination of the two. Connections may, where
applicable, be implemented as wireless connections or wired, not necessarily

direct or dedicated, connections. Reference numerals appearing in the claims are
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by way of illustration only and shall have no limiting effect on the scope of the

claims.
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Claims

1.

A method for performing super-resolution of a single low-resolution input

image, comprising steps of

downsampling (S1) the low-resolution input image by a first factor two or
more times with different phases to obtain several different downsampled
low-resolution images (®§-P3);

separating the low-resolution input image into overlapping blocks (x;), and
for each of the blocks (x;) searching, in one or more or each of the down-
sampled low-resolution images, one or more blocks (b; 1,bi2,bis ) having
same size as a current block (x}) and being similar to the current block;
determining blocks (ci 1,Ci 2,Ci 3) at corresponding positions in the low-
resolution input image, wherein the blocks in the low-resolution image are
upsampled by the reciprocal of the first factor;

locally optimizing (S4) the blocks by linear approximation to obtain locally
optimized patches (z¥);

downsampling (Ss ) the locally optimized patches (z¥) by the first factor to
obtain a downsampled locally optimized patch (zX ,);

comparing the downsampled locally optimized patch (z% ;) with the input
block (x}) and optimizing the number and/or weights (w; 1,w; 2,w; 3) of the
determined blocks (ci 1,Ci2,Ci3), wherein the Sum-of-Square-Distance
between the downsampled locally optimized patch (z¥ ;) with the input
block (x}) is minimized and wherein a locally optimized patch (x}) is
obtained;

repeating the steps of downsampling (S'1) two or more times with different
phases to obtain several different downsampled low-resolution images
(CID(%-CID%S), searching, determining, locally optimizing (S's), downsampling
(S’s ), wherein for the downsampling a different second factor is used,
wherein for each repetition the locally optimized patch (x}, xZ, x?) of the
previous iteration is used as input block;

accumulating and averaging (Ss) the locally optimized patch (x?) of the last

iteration; and
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- performing iterative back projection (Sg), wherein a high-resolution output

image (S1o0) is obtained.

Method according to claim 1, wherein the first factor and the second factor are

non-integers.

Method according to claim 1 or 2, wherein the accumulating and averaging
(Ss) comprises, for each pixel, counting overlapping patches that contribute to
the pixel, adding values of overlapping patches that contribute to the pixel and

dividing the accumulated values by the number of overlapping patches.

Method according to one of the claims 1-3, wherein the iterative back

projection (Sg) uses a Non-local means kernel.

Method according to one of the claims 1-3, further comprising, for each of the

blocks (xi) resulting from said step of separating the low-resolution input

image into overlapping blocks (x), steps of

- determining (S1.1) a measure of its texture or a degree of its texturization;
and

- determining (S1.2) according to the measure of its texture whether the
block has high texture or low texture;

wherein said steps of searching one or more similar blocks of same size,

determining blocks (¢ 1,Ci 2,Ci 3) at corresponding positions in the low-resolution

input image, locally optimizing (S4) the blocks by linear approximation, down-

sampling (Ss ) the locally optimized patches by the first factor and comparing

the downsampled locally optimized patch (z% ;) with the input block are

performed only for each of the blocks having high texture, and wherein a

simplified upsampling (S1.6) is performed for each of the blocks having low

texture.

Method according to claim 5, wherein the simplified upsampling is one of
linear interpolation, bilinear interpolation, cubic interpolation and bi-cubic
interpolation.
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Method according to claim 5, wherein the simplified upsampling for blocks

with low texture comprises steps of

- searching one or more similar blocks of same size (b 1,bi2,bi3 ) of a current
block (x}) in one or more or each of the downsampled low-resolution
images, wherein less blocks are searched than for blocks with high texture,
or the number of downsampled low-resolution images in which the
searching is done in less than for blocks with high texture;

- determining blocks (ci 1,Ci2,Ci 3) at corresponding positions in the low-
resolution input image, wherein the blocks in the low-resolution image are
upsampled by the reciprocal of the first factor;

- locally optimizing (S4) the blocks by linear approximation to obtain locally
optimized patches (z¥);

- downsampling (Ss ) the locally optimized patches (zX) by the first factor to
obtain a downsampled locally optimized patch (zX ,);

- comparing the downsampled locally optimized patch (z¥ ;) with the input
block (x}) and optimizing the number and/or weights (w; 1,w; 2,w; 3) of the
determined blocks (ci 1,Ci2,Ci 3), wherein the Sum-of-Square-Distance
between the downsampled locally optimized patch (z¥ ;) with the input
block (x}) is minimized and wherein a locally optimized patch (x}) is

obtained.

Method according to one of the claims 5-7, wherein the step of determining
(S1.1) for a block a measure of its texture or a degree of its texturization
comprises measuring the block’s energy according to a maximum luminance
difference within the block, or according to a sum of luminance gradients
within the block.

Method according to one of the claims 5-8, wherein the step of determining
(S1.2) for a block whether it has high texture or low texture comprises
comparing an energy measure of the block with a threshold, and a block
having an energy measure above the threshold is determined to have high
texture and a block having an energy measure below the threshold is

determined to have low texture.
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10. An apparatus for performing super-resolution of a single low-resolution input

image, comprising a separator (SEP) for separating the low-resolution input

image into overlapping blocks (x;), one or more cascaded upscaling units

(CAU1-3), a high-resolution image assembling unit (IAU), and an iterative

back projection unit (1U),

wherein each cascaded upscaling unit provides its output (x%, xi, x%) as input

to the next upscaling unit,

and wherein each cascaded upscaling unit (CAU) comprises

one or more first downsamplers (DU+) for downsampling a low-resolution
input image by a first factor several times with different phases to obtain
several different downsampled low-resolution images (®3-®3);

first selector (SEL) for selecting a current block (x});

one or more first search units (SU) for searching, for each current block
(x}) of the blocks (x;), one or more similar blocks of same size (b; 1,0i2,bi3 )
of a current block (x}) in one or more or each of the downsampled low-
resolution images;

one or more first position determining units (PDU,) for determining blocks
(Ci1,Ci2,Ci3) at corresponding positions in the low-resolution input image,
wherein the blocks in the low-resolution image are upsampled in one or
more upsamplers (UPS) by the reciprocal of the first factor;

first optimizer (OPT ) for locally optimizing (S4) the blocks by linear
approximation to obtain locally optimized patches (z%);

second downsampler (DU,) for downsampling (Ss) the locally optimized
patches (zX) by the first factor to obtain a downsampled locally optimized
patch (z5 4);

first comparator (CU4) for comparing the downsampled locally optimized
patch (zX ;) with the input block (x}); and

first control unit (CTR) for optimizing the number and/or weights (w; 1, wi 2,
w; 3) of the determined blocks (C; 1,Ci2,Ci3), wherein the Sum-of-Square-
Distance between the downsampled locally optimized patch (z ;) with the
input block (x{) is minimized and wherein a locally optimized patch (x}) is

obtained;
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wherein the first and second downsampler (DU4,DUz) and upsamplers (UPS)
use a different factor per each of the one or more cascaded upscaling units,
and

wherein the last of the cascaded upscaling units (CAUs3) provides its output to
the high-resolution image assembling unit (IAU), the high-resolution image
assembling unit (IAU) accumulating and averaging (Sg) the locally optimized
patch (x?) of the last cascaded upscaling unit (CAUs) and providing its output
to the iterative back projection unit (IU) which provides a high-resolution

image.

Apparatus according to claim 10, wherein the simplified upsampling unit
performs one of linear interpolation, bilinear interpolation, cubic interpolation

and bi-cubic interpolation.

The apparatus according to claim 10 or 11, further comprising

- block energy measure determining unit (EM) for determining (S1.1) a
measure of the current block’s texture or a degree of its texturization;

- comparison and decision unit (ECD) for comparing the measure of texture
with a threshold so as to determine (S1.2) according to the measure of its
texture whether the current block has high texture or low texture; and

- simplified upsampling unit (SUP) for performing, for each of the blocks
having low texture (x{ ), simplified upsampling (S1.6);

wherein said one or more first search units (SU4), one or more first position

determining units (PDU,), first optimizer (OPT4), second downsampler (DU>) ,

first comparator (CU4) and first control unit (CTR1) are operative for only those

current blocks that have high texture (x§ ,r) according to said comparison and
decision unit (ECD).

Apparatus according to claim 12, wherein the simplified upsampling unit

(SUP) comprises

- one or more secondary first search units (SU¢’) for searching one or more
similar blocks of same size (b 1,bi2,bi3 ) of a current block (x§) in one or

more or each of the downsampled LR images, wherein less blocks are
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searched than for blocks with high texture, or the number of downsampled
low-resolution images in which the searching is done in less than for blocks
with high texture;

- one or more secondary first position determining units (PDU’) for
determining blocks (¢ 1,Ci 2,Ci 3) at corresponding positions in the LR input
image, wherein the blocks in the low-resolution image are upsampled by
the reciprocal of the first factor;

- secondary first optimizer (OPT+’) for locally optimizing (S4) the blocks by
linear approximation to obtain locally optimized patches (zX);

- secondary second downsampler (DU,’) for downsampling (Ss ) the locally
optimized patches (z¥) by the first factor to obtain a downsampled locally
optimized patch (z%);

- secondary first comparator (CU+’) for comparing the downsampled locally
optimized patch (z£ ;) with the input block (x%) and optimizing the number
and/or weights (w; 1,w; 2,w; 3) of the determined blocks (c; 1,Ci2,Ci3), wherein
the Sum-of-Square-Distance between the downsampled locally optimized

patch (z% ;) with the input block (x%) is minimized and wherein a locally

optimized patch (x}) is obtained.

Apparatus according to one of the claims 12-13, wherein the block energy
measure determining unit (EM) for determining for a block a measure of its
texture or a degree of its texturization comprises means for measuring or
calculating the block’s energy according to a maximum luminance difference
within the block, or according to a sum of luminance gradients within the
block.

Apparatus according to one of the claims 12-14, wherein the comparison and
decision unit (ECD) for determining for a block whether it has high texture or
low texture comprises a comparison unit for comparing an energy measure of
the block with a threshold, and a determining unit for determining blocks
having an energy measure above the threshold to have high texture and
blocks having an energy measure below the threshold to have low texture.
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