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Abstract

We present a Resolution-Invariant Image Representation
( RIIR) framework in this paper. The RIIR framework in-
cludes the methods of building a set of multi-resolution
bases from training images, estimating the optimal sparse
resolution-invariant representation of any image, and re-
constructing the missing patches of any resolution level. As
the proposed RIIR framework has many potential resolution
enhancement applications, we discuss three novel image
magnification applications in this paper. In the first applica-
tion, we apply the RIIR framework to perform Multi-Scale
Image Magnification where we also introduced a training
strategy to built a compact RIIR set. In the second applica-
tion, the RIIR framework is extended to conduct Continu-
ous Image Scaling where a new base at any resolution level
can be generated using existing RIIR set on the fly. In the
third application, we further apply the RIIR framework onto
Content-Base Automatic Zooming applications. The exper-
imental results show that in all these applications, our RIIR
based method outperforms existing methods in various as-
pects.

1. Introduction

Most of the visual data used by digital imaging and dis-
play devices are represented as raster image with a rectan-
gular grid of pixels. Since images with higher pixel den-
sity are desirable in many applications, there is an increas-
ing demand to acquire high resolution (HR) raster images
from low resolution (LR) inputs such as images taken by
cell phone cameras, or converting existing standard defi-
nition footage into high definition image materials. How-
ever, raster images are resolution dependent, and thus can-
not scale to an arbitrary resolution without loss of appar-
ent quality. The performance of simple interpolation meth-
ods is limited because they poorly recover the missing high-
frequency components, and often blur the discontinuities of
magnified images.

While the raster image representation is resolution de-
pendent, vector image is a resolution-independent way to

represent visual data digitally. The vector representation
is scalable because it represents the visual data using geo-
metrical primitives such as points, lines, curves, and shapes
or polygon. This capability largely contrasts the deficiency
of raster representation. The idea of automatically convert-
ing raster image into more scalable vector representation
has long been studied. Recently, Ramanarayanan et al. [18]
vectorized the region boundaries and added to the original
raster images to improve sharpness in scaled results; Dai et
al. [5] represented the local image patches using the back-
ground/foreground descriptors and reconstructed the sharp
discontinuity between the two; To allow efficient vector
representation for multi-colored region with smooth transi-
tions, gradient mesh technique has also been attempted [19].
In addition, commercial raster image vectorization soft-
wares such as [1] are already available. However, vector-
based techniques are limited in the visual complexity and
robustness. For real images with fine texture or smooth
shading, these approaches tend to produce over-segmented
vector representations using a large number of irregular re-
gions with flat colors. To illustrate, Figure 1(a) and (b) are
vectorized and grown up to ×3 scale using methods in [5]
and [1]. The discontinuity artifacts in region boundaries can
be easily observed, and the over-smoothed texture regions
makes the scaled image watercolor like.

(a) method by [5] (b) method by [1] (c) our method
Figure 1. Comparison of scaling vectorized image and our method

To increase the capacity of vector representation in mod-
eling rich natural scenes, researchers strive to represent im-
ages using effective linear transforms. In this way the rich
visual information can be encoded into the applied transfor-
mation, and the image is vectorized as the coefficients of a
small set of bases of the transformation. In simple scenar-
ios, pre-fixed transformations can be used, such as the Bi-
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Linear/BiCubic basis functions in 2-D image interpolation,
and the DCT/DWT adopted in JPEG/JPEG-2000 standard,
etc. Anisotropic bases such as countourlets [6] have been
explicitly proposed to capture different 2-D edge/texture
patterns. These techniques usually lead to sparse represen-
tation which is very preferable in image/video compression
literature [11]. In addition to pre-fixed bases, since natural
images typically contain many heterogeneous regions with
significantly different geometric structures and/or statisti-
cal characteristics, adaptive mixture model representations
were also reported. For example, the Bandelets model [7]
partitions an image into squared regions according to lo-
cal geometric flows, and represents each region by warped
wavelet bases; the primal sketch model [10] detects the high
entropy regions in the image through a sketching pursuit
process, and encodes them with multiple Markov random
fields. These adaptive representations capture the stochas-
tic image generating process, therefore they are suited for
image parsing, recognition and synthesis.

In this paper, we propose a Resolution-Invariant Image
Representation ( RIIR) framework by utilizing the adaptive
local representation. Instead of using orthonormal bases,
such as X-lets or Fourier, we take the advantage of the rich
representative power of over-complete bases to represent
images in sparse codes. Since we focus on resolution en-
hancement problems, our proposed representation is based
on multi-resolution base set. To this extend, the most re-
lated literature is the example-based image super-resolution
(SR) area where researchers represent the LR/HR images
using LR/HR bases and utilize the co-occurrence prior be-
tween the LR and HR representations to reconstruct the SR
image [2]. For example, Freeman et al. [9] and Qiang et
al. [22] represented each local region in the LR image us-
ing one example LR patch, and applied the co-occurrence
prior and global dependence through a parametric Markov
network to estimate the HR image representation. Chang
et al. [3] applied Locally Linear Embedding (LLE) to learn
the optimal combination weights of multiple example LR
patches to estimate the optimal HR representations. In addi-
tion to example patches, representing images in transferred
domain, such as edge profile [20], wavelet coefficients [13],
or image contourlet [14], has also been examined.

Our proposed model in this paper differs from tradi-
tional example-based SR method in the following aspects:
Firstly, the bases used by existing example-based SR ap-
proaches have only single scale capacity, hence representa-
tions learned from different bases are not interchangeable.
Our image representation is based on multi-resolution base
set, therefore it is more scalable; Secondly, our image repre-
sentation is global optimal with respect to the applied multi-
resolution bases, hence our method gives better results in
traditional SR problem, e.g. a ×3 single frame SR problem
as shown in Figure 2; Thirdly but the more importantly, we

have theoretically and experimentally proved that, our im-
age representation is resolution-invariant. It can be used to
scale the image to various scale by using respective resolu-
tion bases. This has obvious the importance in many novel
resolution enhancement applications that existing method
cannot handel well. The experimental results show that, in
all the tested applications, our method outperforms existing
methods in various aspects.

(a) BiCubic interpolation (b) method by [3] (c) our method
Figure 2. Comparison of scaling using different bases

The rest of the paper is organized as follows: Sec-
tion 2 revisits the layered image model used by most exist-
ing example-based SR methods and the sparse image rep-
resentation. Section 3 presents our key RIIR framework
and validates it using real images. Section 4, 5, and 6 in-
troduce three novel image resolution enhancement appli-
cations. Section 7 lists the experimental results, and sec-
tion 8 summarizes the proposed methods and discusses fu-
ture works.

2. Example-Based Image Representation

2.1. Image layers

Many example-based SR approaches [9, 16, 22, 23] as-
sume that, any HR image I = Ih + Im + I l (Figure 3. a)
consist of a high frequency layer (denoted as Ih, Fig-
ure 3. b), a middle frequency layer (Im, Figure 3. c), and
a low frequency layer (I l, Figure 3. d). The down-graded
LR image Ī = Im + I l results from discarding the high
frequency components. Hence the example-based approach
estimate the Ih layer by maximizing Pr(Ih|Im, I l). In ad-
dition, since Ih is independent of I l [9], it is only required
to maximize Pr(Ih|Im).

(a) original (b) Ih layer (c) Im layer (d) Il layer
Figure 3. Image frequency layers

A typical example-based SR resolving process works as
follows: From training images, an example patch pair set
S = {Sm,Sh} can be extracted and used as the bases for
representation. Sm = {pm

i }N
i=1 and Sh = {ph

i }N
i=1 rep-

resent the middle frequency and the high frequency bases
respectively. Each element pm

i is the column expansion
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of a square image patch from the middle frequency layer
Im, and ph

i is from the corresponding patch in the high fre-
quency layer Ih. The dimensions of pm

i and ph
i are Dm×1

and Dh × 1 respectively, and often Dm �= Dh. Now given
an LR input image, the middle frequency patches can be
extracted and denoted as {ym

j }. The Maximum A Posteri-
ori (MAP) estimation of the missing high frequency com-
ponents {ŷh

j } that incorporates both the co-occurrence pat-
terns between ym

j and yh
j and the neighboring smoothness

constraint for yh
j can be obtained by minimizing [9]:

{ŷh∗
j } = argmin

{ŷj}⊂S

∑

j

(||ym
j − ŷm

j ||2 + λ||ŷh
j −O(ŷh

j )||2) ,

(1)

where O(ŷh
j ) represents the overlapped region in ŷh

j by
neighboring patches. Due to cyclic dependencies, exact in-
ference of Eq. (1) is computationally intractable. Hence
approximation techniques, such as Bayesian belief propa-
gation [9], Graph-Cut [16], and Gibbs Sampling [22] have
been attempted. These methods all consist of firstly a rank-
ing step to find K nearest elements {pm

k }K
k=1 in S to rep-

resent each input patch ym
j , and secondly a searching step

to select the winning representation of ŷh
j from {ph

k}K
k=1.

However, the overall process is computationally expensive.
Alternative, the LLE method [3] alleviates the smooth-

ness constraint in the overlapped regions by simply taking
the average pixel values. In addition, instead of using only
one winning element, a linear combination of the K candi-
dates ŷm∗

j =
∑K

k=1 x∗
kpm

k is used to represent ym
j . Hence

the overall optimization task equals to solving the optimal
representation x∗

j for each yh
j individually, using

x∗
j = argmin

xj

||ym
j − P m

j xj ||2 , (2)

where P m
j is the Dm × K matrix representation of

{pm
k }K

k=1. Then {ŷh∗
j } can be computed by {ŷh∗

j } =
{P h

j x∗
j} where P h

j is the Dh × K matrix representation
of {ph

k}K
k=1.

2.2. Sparse representation

The performance of LLE method is limited by the quality
of the K candidates, and hence the solution is non-optimal.
To cope with the limitation, searching for the optimal rep-
resentation x∗

j within the whole example patch set was at-
tempted in [23]. To elaborate, define an Dm × N matrix
P m to represent the middle frequency patch set Sm. In-
stead of simply replacing P m

j in Eq. (2) by P m, since Sm

is typically over-complete, an L1 regularization term is fur-
ther imposed such that each ym

j is represented using only
a few base elements. Hence we seek to find the optimal

representation x∗
j by

x∗
j = argmin

xj

||ym
j − P mxj ||2 + γ|xj | . (3)

Solving Eq.(3) is a standard Sparse-Coding (SC) pro-
cess [15]. Then {ŷh∗

j } can be computed by

{ŷh∗
j } = {P hx∗

j} , (4)

where P h is the Dh × N matrix representation of Sh.
In the above process, although the optimal representation

x∗
j is learned from the middle frequency layer by Eq. (3), it

can be applied to compute the missing components in the
high frequency layer by Eq. (4). Such invariant property
can be generalized in Cor. 2.1 below:

Corollary 2.1. The optimal representation x∗ is invariant
across different frequency layers given respective bases rep-
resenting corresponding frequency components.

Cor. 2.1 is a direct result of the image co-occurrence
prior, and has been validated by numerous example-based
SR work [9]. Our focus in this paper, however, is to reveal
another invariant property between different resolution ver-
sions of a same image. This is discussed in the next section.

3. Resolution-Invariant Image Representation

3.1. Generating multi-resolution base set

In this section we want to examine the relation among
different layers from different resolution versions of a same
image. To start with, we generated a multi-resolution image
patch pair set S with the following steps: First, for each
image I in a given dataset, we try to obtain its LR version
Ī by first down-sample I to 1/U scale, then up-sample it
back to the original size, In this way the high frequency
layer Ih is discarded in Ī . As explained in subsection 2.1,
N image patch pairs can be extracted from the Im and Ih

layers respectively, and we denote the obtained set as SU =
{Sm

U ,Sh
U} = {pm

i,U ,ph
i,U}N

i=1. The subscript U is used to
indicate that SU is from the U th resolution (I and IU are
interchangeable thereafter).

Next, we want to obtain similar patch pair sets
{S1, ...,SU−1} but from different resolution version of I .
To elaborate, for the uth set Su, u = 1, ..., U −1, we shrink
I to u/U size (denoted as Iu), and down-sample Iu to 1/u
size then up-sample back to obtain Īu. Then we can accord-
ingly extract Su = {Sm

u ,Sh
u} = {pm

i,u,ph
i,u}N

i=1. Note that
the order of the base elements are specially arranged such
that the ith pair in {Sm

u ,Sh
u} and the ith pair in {Sm

U ,Sh
U}

are from patches at the same relative location as highlighted
by the red center pixels in Figure 4.

As explained above, each base Su can be used to do ×u
scale image SR. However, in this paper, our intension is to
examine the relation among bases from different resolution
versions. This is discussed in the next subsection.

2514



Resolution 1

Resolution 2

Resolution U

...

Figure 4. Sampling the base set

3.2. Resolution-invariant property of S
An ideal image down-grading process to obtain Īu from

IU can be modeled by

Īu = IU ↓u ⊗Gm
u , (5)

where ↓u denotes the down-sample operator to u/U scale,
and Gm

u simulates a Gaussian blurring kernel to discard the
high frequency layer. Hence we can have

Im
u = Īu − Īu ⊗ Gl

u (6)

= IU ↓u ⊗Gm
u − IU ↓u ⊗Gm

u ⊗ Gl
u ,

where Gl
u simulates a Gaussian blurring kernel to discard

the middle frequency layer. Similar to subsection 2.2, let
P m

u be an Dm
u × N matrix to represent all the elements in

base Sm
u , where Dm

u is the dimension of patch pm
u , and ym

u

be the middle frequency component of an input patch yu.
With Eq. (6) we can have

P m
u = P U ↓u ⊗Gm

u − P U ↓u ⊗Gm
u ⊗ Gl

u , (7)

and

ym
u = yU ↓u ⊗Gm

u − yU ↓u ⊗Gm
u ⊗ Gl

u . (8)

As explained in section 2.2, the optimal representation
between ym

u and P m
u can be obtained by solving Eq. (3).

Taking Eq. (7) and Eq. (8) into Eq. (3), we can get

x∗
u = argmin

xu

||yU − P Uxu||2 + γ|xu| , (9)

From Eq. (9), it can be seen that the optimal represen-
tation x∗

u is irrelevant of u. Hence we can generalize the
second invariant property for a multi-resolution base set:

Corollary 3.1. The optimal representation x∗ is invari-
ant across different resolution inputs given respective bases
representing corresponding resolutions.

Cor. 3.1 reveals that, if the different resolution versions
of the same image are related by Eq. (5), then the opti-
mal representation learned from any resolution version can
also be applied for another version. Since the image down-
grading process in realistic imaging system may not be
simply modeled by Eq. (5), the next subsection validates
Cor. 3.1 for real images.

3.3. Validation for realistic imaging system

To examine how much Cor. 3.1 holds for real images,
the following experiments examine the similarity of the op-
timal representation x learned from 5 different resolution
versions of a same image (i.e. U = 5). First, from a train-
ing HR image, we generated a multi-resolution patch pair
set S with around 8000 patch pairs in each resolution ver-
sion. Next, for each testing image, we extracted around
2000 patches from every resolution version as well, and five
versions were used as that in S. Then we solved Eq. (3) to
get their representations x = {xj,u}2000

j=1 , u = 1, ..., 5 at
each resolution level respectively. If Cor. 3.1 holds, xj,u

should be very similar to xj,v , u �= v. Hence we com-
puted the overall similarity between every two elements in
xj = {xj,1,xj,2,xj,3,xj,4,xj,5} by

sim(xj) =
1

C2
5

4∑

u=1

5∑

v=u+1

corj
u,v ,

where corj
u,v is the correlation between xj,u and xj,v .

Finally, the overall similarity is averaged over the 2000
patched to get a score. To make the experiment more com-
prehensive, we applied two γ values, γ = 11 and γ = 25,
for Eq. (3), to get the “Low sparsity” and “High sparsity”
profiles. We also tested different redundancy level in the
base set by either random removing or using K-Mean clus-
tering methods to reduce the base cardinality from 8000 to
until 50. The experiments were repeated 5 times with differ-
ent training images, and the results are shown in Figure 5.
As can be seen from Figure 5, the minimal similarity score
is greater than 0.44, and the maximal score reaches almost
0.8. The results proves the high similarities between xu and
xv from different resolutions, hence Cor. 3.1 still holds to
a considerable extent. The reason why the scores are rela-
tively lower when the cardinality is large is due to the na-
ture of images, where there are very similar elements in the
base, such that the SC algorithm may not select exactly the
same elements for reconstruction. When such redundancy
is removed, the similarity between representations becomes
significantly higher.

For simplicity, we call Cor. 3.1 the Resolution-Invariant
Image Representation ( RIIR) property, X = {x∗

j} an RIIR,
and the multi-resolution patch pair sets S an RIIR set. With

RIIR property, it is able to saves the computational ex-
pensive SC process for multi-scale resolution enhancement

2515



−1000 0 1000 2000 3000 4000 5000 6000 7000 8000
0.4

0.45

0.5

0.55

0.6

0.65

0.7

0.75

0.8

Base size

C
or

re
la

tio
n

High sparsity (Rand)
Low sparsity (Rand)
High sparsity(KMean)
Low sparsity(KMean)

Figure 5. Correlation between different resolution versions

tasks, hence it’s very desirable in may important applica-
tions. In the following two sections, we apply the RIIR
framework to three interesting image resolution enhance-
ment applications.

4. Multi-Scale Image Magnification

There are many scenarios where users need different res-
olution image/video of a same object, e.g. viewing an image
in a PDF document at different zooming, streaming videos
over wireless channels to users with different receiver res-
olutions, etc. If the original image/video does not meet
the resolution requirement, up-sampling methods such as
BiCubic interpolation are usually adopted. Although nu-
merous example-based image SR approaches have been re-
ported to achieve better quality than simply 2-D image in-
terpolation (Section 1), they cannot be easily applied for
the Multi-Scale Image Magnification (MSIM) problem, be-
cause in typical example-based image SR approaches [9],
different models are built for different scale factors, and
usually these models are not interchangeable, e.g. the model
computed for ×2 scale SR cannot be used for ×3 SR.

With the RIIR method, the MSIM problem can be eas-
ily solved. First, the RIIR X can be learned at any resolu-
tion level once. Then by applying different RIIR sets Su,
the same X can be used to magnify the image to multiple
scales. Hence the testing set S created in previous section
is able to do ×1 ∼ ×5 SR. Finer magnification scales can
be achieved by simply increasing the level of resolutions
used in creating S. The advantage of the method is that,
the magnification process requires only matrix-vector mul-
tiplication by Eq. (4), which can be implemented very effi-
ciently. In addition, the RIIR set can be stored locally, and
the computed RIIR can be transmitted together with the im-
age/video document.

The key challenge in applying RIIR method for MSIM
problem is how to generate a suitable RIIR set. By “suit-
able” we mean that the set is both resolution-invariant and
compact. The directly sampled set S in section 3.1 is
inarguably resolution-invariant. However, it’s not com-
pact, and thus both searching for the optimal representation
and reconstructing the missing high frequency layer require
lengthy computation. To cope with the problem, we want to
learn a more compact base set Ŝ = {Ŝm

u , Ŝh
u}U

u=1 to replace
S. Each Ŝm

u or Ŝh
u contains M elements, and M < N . This

is achieved by solving the following optimization problem,

minimizeB,X ||P m
u − BX||2 + γ

∑

i

|X(:, i)| (10)

s.t.
∑

j

||B(:, j)||2 ≤ c,∀j = 1, ..,M ,

where P m
u represents {pm

i,u}N
i=1, B is a Dm × M matrix

representing Ŝm
u , X is a M × N matrix representing X ,

and u indicates the resolution level used to learn the optimal
representation. To solve Eq. (10), an iterative optimization
process is applied. First we start from random initialization
of B. Then we iteratively search for the optimal sparse rep-
resentations X based on the current values of B, and train
an optimal base B for the obtained X , until converge. Then
X is fixed and u is changed between 1 ∼ U in Eq. (10) to
train each Su.

5. Continuous Image Scaling

An intuitive extension of MSIM is to perform Continu-
ous Image Scaling (CIS). For this purpose, with traditional
example-based SR technique, the users have to store a con-
tinuous set of models, or at least at a very fine granularity,
which requires huge storage space and computation power.
With the RIIR method, the user only need to store a lim-
ited scale of bases which can then be used to generate a
new base at the required scale on the fly. E.g., from the
S = {Su}5

u=1 generated in section 3.1, we can generated a
new base at ×2.4 scale using S2 and S3. To elaborate, let v
be the target scale factor which is between u and u + 1, the
ith element in Sv can be obtained by

pi,v = wu,vp̃i,u + (1 − wu,v)p̃i,u+1 , (11)

where p̃i,u is the patch interpolated from scale u, and p̃i,u+1

is interpolated from scale u + 1. The weight wu,v =
(
1 +

exp
(
(v − u − 0.5) ∗ τ

))−1
where in our implementation,

τ = 10. Some example images can be found in Figure 6.

6. Content-Based Automatic Zooming

Viewing visual content on small display devices is a
challenging and demanding application nowadays. Exist-
ing zoomable User Interfaces (UI) usually provide multiple
fixed scales. Hence a typical viewing process is tedious be-
cause the user must manually scroll around the image and
select different zoom by pressing the scroll and zoom but-
tons many times. Image Content-Based Automatic Zoom-
ing (CBAZ) provides improved viewing experience where
zooming can be automatically performed as the user navi-
gates. The optimal scale is determined based on the content
in the viewport, e.g. complexity, degree of interest, distor-
tion function [4], user attention [12], etc. In this way the
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scale: ×2.05 scale: ×2.55 scale: ×3.1 scale: ×4.2

Figure 6. Illustration of Continuous Image Scaling (top-left: the original image; top: BiCubic interpolation; bottom: our results)

viewing process becomes faster and less tedious because the
display area is more effectively utilized.

While many existing CBAZ works focus on solving the

src region: 114 × 152 pixels, dest region: 240 × 320 pixels, scale: ×2.1

src region: 76 × 102 pixels, dest region: 240 × 320 pixels, scale: ×3.15

Figure 7. Illustration of Content-Based Automatic Zooming (left:
the original image and the local complexity map; middle: our re-
sults; right: BiCubic interpolation)

optimal scale, another important issue is how to generate the
magnified image region. Since the image content factors are
usually continues, the optimal scale factor is also continues.
As explained in previous section 5, example-based SR ap-
proaches are not capable of such situations. Fortunately, the

RIIR technique can be utilized. As illustrated in Figure 7:
First, the user navigates to the desired image region (high-
lighted by the center point in the rectangle region), and the
optimal scale u is computed based on the content of the re-
gion. Then using the stored representations {x∗

j} and Su,
the magnified image region can be generated (Figure 7 mid-
dle column). Note that to speed up processing, only patches
inside the highlighted region need to be estimated.

7. Experimental Results

The first set of experiments evaluated the performance
of the RIIR framework for MSIM applications (section 4).
To begin with, a RIIR set S was trained. Around 20000
patch pair examples were extracted from some widely used
images, e.g. “peppers”, as input for Eq.(10). Similar to sec-
tion 3.3, firstly we wanted to examine the RIIR property in
S. Hence we ranged the cardinality between 50 to 8000
by changing the input value M in Eq.(10), and solved the
optimal representations using Eq. (3) for around 30 testing
images to examined their averaged similarity score between
×2 ∼ ×5 scales. The results are listed in Figure 8, where it
can be seen that the learned base set S presents good RIIR
property, as the maximal score reaches almost 0.84, and the
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average score is 0.56. Figure 9 plots the first 16 base ele-
ments representing the middle and high frequency compo-
nents at ×3, ×4 and ×5 scales. The high similarity between
the corresponding vectors at different scales can be easily
observed. Besides, the shapes of these base elements are
similar to those found by [17].
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Figure 8. Correlation between different resolution versions
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Figure 9. Example learned base elements (reshaped to be squares)

Next we wanted to find a suitable cardinality. As ex-
plained in section 4, a good base requires both excellent
modeling capacity and reduced redundancy. Hence we eval-
uated the PSNR score over BiCubic interpolation with re-
spect to different cardinalities. According to the results
shown in Figure 10, the suitable cardinality falls between
1000 ∼ 2000 as it leads to the highest PSNR score. It is
noticed that the improvement by ×2 scale is lowest because
the quality of interpolated images by BiCubic method at ×2
scale is already very good. However, when larger scales are
used, the performance of BiCubic will decrease.
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Figure 10. Image quality under different base cardinalities

Finally, we magnified 30 testing images and compared
the results with two existing example-based SR methods,
“KNN” [9] and “LLE” [3], two functional interpolation SR
methods, “Enhance” [21] and “Soft edge” [5], and a sparse
representation method based on non- RIIR set, “SC” [23],
in terms of PSNR score over BiCubic interpolation. As

can be seen from Figure 11, in all the cases, both the SC
method in [23] and our RIIR method achieved the best re-
sults which are both sharp and natural, with unperceivable
artifacts. This is reasonable because both the two meth-
ods utilized the whole bases to learn the optimal sparse im-
age representation. The difference between the two is that,
the SC method learns a different sparse representation for
different scale factors, while in our RIIR method a single,
resolution-invariant sparse representation is learned once.
Hence our method requires much less computation. In ad-
dition, it is only with this resolution-invariant property that
the RIIR framework can be used in the following two appli-
cations discussed in section 5 and section 6.
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Figure 11. Image quality under different scales

The second experiment demonstrated the CIS applica-
tion under the RIIR framework (section 5). We first gener-
ated the RIIR base set S from ×1 ∼ ×5 scales, with step
size 0.5, i.e. a base is trained at every u and u + 0.5 scales,
u = 1, ..., 5. This would take up 15Mb storage space if the
cardinality is selected to be 2000. For each testing image,
the RIIR is learned at scale ×3. Next we conducted continu-
ous scaling between ×1 ∼ ×5 with step size 0.05. A DELL
PRECISION 490 PC (3.2GHz CPU, 2G RAM) was used to
conduct a subjective user study where 10 people were asked
to compare the image quality with BiCubic interpolation.
All of them rated significantly higher scores for our results,
and most of them were not aware of the processing delay
in generating the magnified images. This results validate
the good performance of CIS using RIIR method as well as
the low computational cost in generating the up-scaled im-
ages. Some example images can be found in Figure 6, and
a video demo recording the real-time operation of the CIS
application is available in the supplemental materials.

The third experiment examined the performance of RIIR
framework for CBAZ applications (section 6). We targeted
at a QCIF (320×240 pixels) display size which is typical for
most PDA/cell phones. The provided UI allows the user to
navigate to a certain region by clicking on the original im-
age or the local complexity map, as illustrated in Figure 7.
Then an optimal scale factor is calculated based on the con-
tent of the selected region, and the RIIR method was used to
magnify the selected region to the QCIF screen. The same
10 people were asked to rate the results in comparison to
BiCubic interpolation, and our RIIR technique won a large
margin. In addition, since only a subset patches need to be
reconstructed, the processing delay is even less noticeable.
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Some example images can be found in Figure 7, and a video
demo recording the real-time operation of the CBAZ appli-
cation is provided in the supplemental materials.

It is of interest to further discuss the perceptual quality
of our zoomed image. A visually pleasing image preserves
both sharp edge boundaries and fine texture grains. While
the former can be reconstructed by using the co-occurrence
patterns (Cor. 2.1), the later is usually synthesized rather
than reconstructed [8]. As shown in Figure 12, although our
results preserve good edge sharpness, compared to other ap-
proaches [8] that superimposed certain level of grains, a tex-
ture synthesization step that is irrelevant to the RIIR prop-
erty can be added into our framework to further improve the
perceptual image quality.

(a) Bicubic (b) Our method (c) Method by [8]
Figure 12. Texture synthesization capability with ×3 scale

8. Conclusion and Future Work

We proposed the Resolution-Invariant Image Represen-
tation ( RIIR) framework based on the idea that an image
should have identical representation at various resolution
levels. In the framework, we obtain the sparse resolution-
invariant representation of any image patch at an input reso-
lution given an RIIR base set. With the resolution-invariant
representation, we are able to reconstruct the image patch
at any resolution level. We discuss three interesting appli-
cations: in the first application, we introduced a strategy
to built a compact RIIR base set and applied it for Multi-
Scale Image Magnification; in the second application, we
proposed to construct a new base at any arbitrary scale from
existing RIIR base set to allow Continuous Image Scal-
ing; and in the third application, we combined the image
content-based zooming concept with our RIIR framework
to perform Content-Based Automatic Zooming. Experimen-
tal results show that in all these applications, our RIIR based
method outperforms existing methods in various aspects.

The future work of the research includes the following
issues: first, in addition to image magnification, we will in-
vestigate the possibility of applying the RIIR frameowrk to
improve image shrinking quality; second, we will examine
additional optimization strategies to learning a more com-
pact base set with uncompromised or even improved re-
construction accuracy; and third, we will evaluate the RIIR
property in other coding types such that the optimal rep-
resentation may be learned faster, or requires less storage
space. This has obvious the importance for coding, stream-

ing, personalization, etc applications.
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