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ABSTRACT
This paper proposes a novel approach to single image super-
resolution. First, an image up-sampling scheme is proposed
which takes the advantages of both bilateral filtering and
mean shift image segmentation. Then we use a shock fil-
ter to enhance strong edges in the initial up-sampling re-
sult and obtain an intermediate high-resolution image. Fi-
nally, we enforce a reconstruction constraint on the high-
resolution image so that fine details can be inferred by back
projection. Since strong edges in the intermediate result are
enhanced, ringing artifacts can be suppressed in the back
projection step. We compare our algorithm with several
state-of-the-art image super-resolution algorithms. Qualita-
tive and quantitative experimental results demonstrate that
our approach performs the best.

Categories and Subject Descriptors
I.4.3 [Image Processing and Computer Vision]: En-
hancement

General Terms
Algorithms, Experimentation

Keywords
Image Super-Resolution, Edge-Preserving

1. INTRODUCTION
The goal of single image super-resolution is to recover a

high-resolution image from a low-resolution image. Image
super-resolution is important in many applications of multi-
media such as playing a video on a higher-resolution screen.
Although much work has been available, super-resolution
has not be solved very well yet. As pointed out in [2], the
generation process of a low-resolution image can be modeled
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as smoothing and down-sampling a high-resolution image.
Single image super-resolution is a challenging problem be-
cause there is inevitable information loss in down-sampling
and the number of unknowns in the recovery exceeds the
number of observed data.

Previous approaches to super-resolution can be catego-
rized into three groups: interpolation based, reconstruction
based, and learning based. The comparison of different
approaches is summaried in Table 1. Interpolation based
methods [1, 9] do not introduce high-frequency information.
Therefore, their results often appear over-smooth and have
jagged artifacts along the edges.

The reconstruction based approaches [4, 5, 14] are formu-
lated under the framework of enforcing a reconstruction con-
straint and imposing prior knowledge on high-resolution im-
ages. The reconstruction constraint requires that the high-
resolution image via smoothing and down-sampling should
be as close as possible to the low-resolution image. In [13],
Shan et al. utilize the heavy-tailed distribution prior of nat-
ural image gradient for image/video super-resolution. Dif-
ferent from above mehtods, statistical edge features between
the low-resolution and high-resolution image are used in [5,
14]. In these methods, the imposed prior is not true for arbi-
trary images and many artifacts (e.g., ringing) may appear
in the high-resolution image.

The category of learning based approaches [6, 15, 19, 18,
11, 21, 10],also known as image hallucination techniques, is
originally proposed in [6] for learning high frequency details
that do not appear in the low-resolution image from a num-
ber of training examples. The framework can be formulated
by a Markov Random Field (MRF) and solved by belief
propagation. The learning based methods are often time-
consuming. To speed up their algorithm, Sun et al. [15]
propose to learn only the primal sketch priors (e.g., edges,
ridges, and corners) for image hallucination. In [21], sparse
representation is incorporated into the learning step. Re-
cently, Sun et al. [16] propose a context-constrained hal-
lucination method which pays much attention to textural
regions. Because of insufficient training examples, high fre-
quency artifacts often appear in the results of a learning
based approach.

Almost all image super-resolution methods [6, 15, 4, 13,
14, 21] need an initial high-resolution image for latter steps
via up-sampling the input low-resolution image. Previous
approaches often use interpolation methods (e.g., bicubic
interpolation) to obtain the initial high resolution result.
Such a simple method severely degrades the final result. In
this paper, we propose a novel up-sampling method to ob-
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Table 1: Comparison of different super-resolution approaches.
Categorization Description Disadvantages

Interpolation based using different interpolation techniques over-smooth, jagged artifacts
Reconstruction based using reconstruction constraint and image prior ringing artifacts, imposing additional prior

Learning based learning high frequency details from training set high frequency artifacts, relying training set

Figure 1: Framework of our approach.

tain the initial high-resolution result. Our scheme incorpo-
rates a soft-edge and a hard-edge constraints in up-sampling.
The soft-edge constraint is enforced via bilateral filtering [17]
which smoothes the image while preserving edges. The hard-
edge constraint is enforced after applying the mean shift im-
age segmentation algorithm [3].

After obtaining the initial result via up-sampling, we use
the complex shock filter [7] to enhance strong edges in the
high-resolution image, instead of imposing prior knowledge
on the high-resolution image which is used in most previous
methods [4, 13, 5, 14]. These methods with a prior have two
main disadvantages. First, the prior is not suitable for all im-
ages. With it imposed, many artifacts may be introduced to
the high-resolution image or the result appears over-smooth.
Second, solving for a high-resolution image with a prior is
computationally expensive.

Finally, we enforce a reconstruction constraint on the high-
resolution image and the final result is solved by back projec-
tion [8]. The results obtained by the original back projection
[8] often suffer from ringing artifacts. Due to the combina-
tion of up-sampling scheme and the complex shock filter,
our algorithm obtains results without noticeable ringing ar-
tifacts.

Compared with previous work, our algorithm has two ad-
vantages. The first is that it works without any prior and
thus can handle arbitrary images. The second is that it
preserves edges excellently.

2. FORMULATION OF OUR APPROACH
Let IL be the input low-resolution image, IU be the initial

high-resolution result obtained by our up-sampling method,
IS be the intermediate result after the shock filter, and IH
be the final high-resolution image. The framework of our
algorithm is shown in Fig. 1.

2.1 Up-Sampling
In previous image up-sampling algorithms, the filter is

constructed considering only spatial information with useful
intensity information discarded. Motivated by bilateral fil-
tering in [17], we propose a novel up-sampling scheme con-
sidering both spatial and intensity information. Bilateral
filtering can be defined as

B(p) =
1

W (p)

∑
q∈Ω

I(q)Gσs(‖p− q‖)Gσr (‖I(p)− I(q)‖), (1)

where I is the input image, and Ω is the set of all pixels of

(a) (b) (c) (d)

Figure 2: Illustration of the soft-edge and hard-edge
constraints in our up-sampling scheme. (a) One
patch of a low-resolution image (Fig. 4 (a)). The
blue pixel is the current center and the red rect-
angle denotes its filtering neighborhood region. (b)
The result of mean shift segmentation. (c) The bilat-
eral filtering weight BF (pl, q) for the blue pixel. (d)
The final up-sampling weight BF (pl, q)M(pl, q) for the
blue pixel. A larger intensity in (c) and (d) denotes
a larger weight value. These values are scaled for
visualization.

the image, p and q denote pixel locations over the image,
and W (p) is the normalization constant at p, and Gσs and
Gσr are two Gaussian functions with standard deviations σs

and σr, respectively.
The intuition of bilateral filtering is to smooth the image

using pixels which are close both in the spatial domain and
the intensity domain. We call this as soft-edge constraint.
In our algorithm, to interpolate a target pixel, we choose its
nearby pixel with similar colors. In order to preserve edges
better, we also propose a hard-edge constraint. We first
perform segmentation on the input low-resolution image by
the mean shift algorithm [3]. Then for each pixel, we use
only pixels in the same segment for up-sampling.

Let IM be the result of mean shift image segmentation.
By combining both the soft-edge constraint and the hard-
edge constraint, our up-sampling is formulated as

IU (ph) =
1

W (ph) + β
(
∑
q∈Ω

BF (pl, q)M(pl, q)IL(q)+βIL(pl)),

(2)

BF (pl, q) = Gσs(‖pl − q‖)Gσr (‖IL(pl)− IL(q)‖), (3)

M(pl, q) =

{
1 if IM(pl) = IM (q)
0 if IM(pl) �= IM (q)

, (4)

where β is a balance parameter, ph is pixel position in the
high-resolution image, and pl is the position in the low-
resolution image corresponding to ph. If the coordinates
of pl are not integers, IL(pl) and IM (pl) are obtained by
nearest interpolation on the low-resolution image. The term
βIL(pl) in (2) is used to emphasize the importance of the
filter center pl.

Fig. 2 gives an example to illustrate the soft-edge con-
straint and hard-edge constraint. From this example, we
can see that the color of each pixel in the high-resolution
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(a) (b) (c) (d)

Figure 3: Comparison of different algorithms at
3× magnification on the “mickey” and “Lena” im-
ages. (a) Bicubic interpolation. (b) Sharpen bicu-
bic (bicubic interpolation + unsharp mask in Adobe
Photoshop). (c) Back projection. (d) Our approach.
(Better viewed on the screen with more than 400%
zooming-in.)

image is determined by both the soft-edge and hard-edge
constraints.

2.2 Shock Filter
Based on the up-sampling result IU , a shock filter is em-

ployed to enhance strong edges in the high-resolution image.
The shock filter is a blind deconvolution technique and origi-
nally developed in [12] for image enhancement. The classical
2D shock filter formulation is:

It = −sign(Iηη)‖∇I‖, (5)

where ∇I = (Ix, Iy)T and Iηη = IxxI
2
x + 2IxyIxIy + IyyI

2
y

denote the gradient and the second derivative, respectively.
The drawback of the original shock filter is that it is very

sensitive to noise. Consequently, it enhances both true edges
and noise. Later improved shock filter algorithms have been
proposed. In this paper, we choose the complex shock filter
in [7] to obtain the enhanced image. General 2D complex
shock filter is defined as

It = − 2

π
arctan(aIm(

I

θ
))‖∇I‖+ λIηη + λ̃Iξξ , (6)

where Iξξ = IxxI
2
y − 2IxyIxIy + IyyI

2
x, λ = reiθ is a com-

plex scalar, λ̃ is a real scalar, the parameter a controls the
sharpness of the slope near zero, θ is the phase angle of the
complex part, and Im( I

θ
) denotes the complex part of I

θ
.

More details can be found from [7].
Then we update IS by the following operation:

It+1
S = ItS + It ∗ dt (7)

where dt is a iteration step. In our experiments dt = 0.1
and the initial input in the iteration procedure is IU .

2.3 Reconstruction Constraint Refinement
The obtained intermediate result IS often does not sat-

isfy the reconstruction constraint. Reconstruction error is
defined as

E(IL, IH) = IL − (IH ⊗ g)↓s, (8)

where ⊗ is the convolution operator, g is a spatial filter, and
↓s denotes the down-sampling operator with factor s. The

(a) (b) (c) (d)

Figure 4: Comparison with a reconstruction based
method at 3× magnification on the “Hat” image. (a)
Original image zoomed-in by nearest interpolation.
(b) Bicubic interpolation. (c) Result by [13]. (d)
Our approach. (Better viewed on the screen with
zooming-in.)

(a) (b) (c) (d) (e)

Figure 5: Comparison with another reconstruction
based method at 3× magnification on the “Zebra”
image. (a) Original image zoomed-in by nearest
interpolation. (b) Bicubic Interpolation. (c) Back
Projection. (d) Result by [4]. (e) Our approach.
(Better viewed on the screen with zooming-in.)

reconstruction constraint requires that the high-resolution
image after smoothing and down-sampling should be as close
as possible to the input low-resolution image.

As in many image super-resolution methods [15, 14, 4,
13], the reconstruction error can be minimized by the back
projection algorithm [8] which is an iterative gradient-based
minimization method:

It+1
H = ItH + (((ItH ⊗ g)↓s − IL)↑s)⊗ f (9)

where ItH is the high-resolution image at iteration t, and g
and f are a spatial filter and a Gaussian “back projection”
filter, respectively. The intermediate result IS is used as
the initial IH at the first iteration. In our experiment, the
standard variances of g and f are set to s/2.

3. EXPERIMENTAL RESULTS
We compare our approach with bicubic interpolation and

sharpen bicubic interpolation (using the “unsharp mask” in
Adobe Photoshop with the default parameters on the re-
sult of bicubic interpolation), and back projection [8] on the
“mickey” and “Lena” images in Fig. 3. As shown in the
zooming-in region, bicubic interpolation over smoothes the
whole image, especially at strong edges. The Sharpen bicu-
bic and back projection methods introduce ringing artifacts
on salient edges. The edges of our result are sharp without
noticeable artifacts.

Fig. 4 shows the comparison of our approach with a re-
construction based method using the gradient heavy-tailed
distribution prior [13] (the code is downloaded from http://

www.cse.cuhk.edu.hk/~leojia/projects/upsampling) on
the“Hat”image, where the results by bicubic interpolation is
also given. In Fig. 5, we compare our approach with another
reconstruction based method using the soft edge smoothness
prior [4] (the results are downloaded from http://vision.
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(a) (b) (c) (d) (e)
Figure 6: Comparison with the learning based
method at 3× magnification using the “Man” image.
(a) Original image zoomed-in by nearest interpola-
tion. (b) Back projection. (c) Result by [4]. (d)
Result by [21]. (e) Our approach. (Better viewed
on the screen with zooming-in.)

Table 2: RMS values obtained by sveral methods.
The best results are in bold.
Images Bibubic BP[8] [13] [21] Ours

Man 3.4621 3.3399 4.9643 3.5426 3.0115
Zebra 3.9180 3.7476 5.3520 3.9090 3.6105
Fire 3.0549 2.2970 2.6483 2.6483 2.4373

KNhair 3.6888 3.2124 4.9028 3.6311 3.1747

eecs.northwestern.edu/research/IP/SR) on the “Zebra”
image. The method in [13] suppresses the details in the
texture region, such as the region in the rectangle. The re-
sult obtained by [4] suffers from ringing artifacts because the
imposed prior may not be compatible with the input low-
resolution image. On the other hand, our approach preserves
the details and sharp edges in the high-resolution results.

In Fig. 6, we compare with a learning based method [21]
(the matlab code can be obtained from http://www.ifp.

illinois.edu/~jyang29/) on the“Man” image. We observe
that the learning based method introduces many high fre-
quency artifacts from training data. Our result does not
have visible artifacts with strong edges close to the input
low-resolution image.

Table 2 shows quantitative results by several algorithms,
result by other algorithms are not given because their codes
are not available. The measure is root mean error (RMS).
Table 3 shows results with structural similarity (SSIM) [20]
which is one of the most popular image quality measures.
From these two tables, we can see that our algorithms per-
forms the best overall.

4. CONCLUSION
In this paper, we have proposed a novel image super-

resolution algorithm that can preserve edges well. First, we
perform an up-sampling on the low-resolution image by com-
bining both the soft-edge and hard-edge constraints. Then,
a complex shock filter robust to noise is used to recover
strong edges. Finally, we enforce a reconstruction constraint
on the high-resolution result and obtain the final result by
back projection. The main advantages of our algorithm are
that it does not require image priors and that it preserves
edges well. We have tested our algorithms qualitatively
and quantitatively. Compared with several state-of-the-art
super-resolution algorithms, ours performs the best overall.
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