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High Resolution Local Structure-Constrained
Image Upsampling
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Abstract— With the development of ultra-high-resolution
display devices, the visual perception of fine texture details is
becoming more and more important. A method of high-quality
image upsampling with a low cost is greatly needed. In this
paper, we propose a fast and efficient image upsampling method
that makes use of high-resolution local structure constraints. The
average local difference is used to divide a bicubic-interpolated
image into a sharp edge area and a texture area, and these two
areas are reconstructed separately with specific constraints. For
reconstruction of the sharp edge area, a high-resolution gradient
map is estimated as an extra constraint for the recovery of sharp
and natural edges; for the reconstruction of the texture area,
a high-resolution local texture structure map is estimated as
an extra constraint to recover fine texture details. These two
reconstructed areas are then combined to obtain the final high-
resolution image. The experimental results demonstrated that the
proposed method recovered finer pixel-level texture details and
obtained top-level objective performance with a low time cost
compared with state-of-the-art methods.

Index  Terms—Image upsampling, image upscaling,
super-resolution, gradient morphology, local binary pattern.

I. INTRODUCTION

MAGE upsampling, also known as single-image

super-resolution or image upscaling, is a fundamental
technique for various applications in machine vision and
image processing, such as digital photographs, image
editing, high-definition television and ultra-high-definition
television, medical image processing, and object recognition.
Recently, face super-resolution has also drawn significant
attention [48], [49]. The goal of image upsampling is to
recover a high-resolution image (HRI) from a low-resolution
image (LRI). The means by which to reconstruct high-quality
HRIs at a low cost are still elusive.

One classic method of image upsampling is the use of
interpolation techniques such as nearest neighbor, bilinear
interpolation, bicubic interpolation, and splines [1], [2]. Unfor-
tunately, these methods often produce some unnatural artifacts
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such as blurring, ringing, and jagged edges. It is recognized
that edges are more obvious than random textures for image
perception [5]; thus many methods have been proposed to
suppress the unnatural artifacts of interpolated edges. Some
methods refined the edges by enforcing edge knowledge,
such as smooth edge [6] and geometric regularity [7].
Some other methods, such as the triangle interpolation [11],
parallelogram interpolation [12], and local segment adaptive
interpolation [13], [14] methods, alter the local interpolation
grids. Some edge-enhancing algorithms have been proposed to
sharpen upscaled edges, including contrast enhancement [15],
graph-based interpolation [34], and iterative edge refining
interpolation methods [16]. These interpolation-based methods
are capable of producing sharp edges but cannot recover high-
frequency details.

The example-based methods aim to learn the high-
frequency information from the low-resolution (LR)/
high-resolution (HR) example pairs in the dictionary. This
type of method was first proposed in [3] and was further
developed in [17]-[23] and [35]-[39]. In [19], Yang et al
proposed an effective learning method based on sparse
representation and achieved impressive results. Many sparse
representation based methods were then proposed, such as
bilevel dictionary learning [20], beta process joint dictionary
learning [38], a statistical prediction model-based method [39],
nonlocally centralized sparse representation [35], and a
subdictionary-based method [21]. In [24], [25], and [45],
local self-example-based methods were introduced by
consideration of the similarities of local patches in different
scales of the same image. The computational cost of example-
based methods is very high as a result of patch-by-patch
computing. In [37], Timofte et al. proposed an accelerated
method in which the LR patch was replaced with the most
similar dictionary atom and the corresponding embedding
matrix was precomputed. Recently, Zhang et al. [47] proposed
an efficient super-resolution method by means of multiple
linear mapping. These example-based methods can recover
some high-frequency components and are effective for areas
with a stable structure. However, as noted by Cohen et al. [4],
these methods still fail to reproduce fine pixel-level
high-frequency texture details.

The reconstruction-based approaches impose the similarity
constraint between the downsampling of the target HRI
and the original LRI. Early multiframe reconstruction-based
methods [40] fused multiple LRIs of the same scene to
recover an HRI. However, the multiple frames were difficult
to align and tended to produce new artifacts. Recently, many
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methods based on single-image reconstruction have been
proposed with the use of different image models or extra
constraints. For example, some edge-directed constraints
have been introduced in recent reconstruction-based methods,
such as the gradient profile prior [8], [9], the estimated
gradient map [10], [41], and the displacement field [42].
In [46], nonlocal means and steering kernel regression were
adopted as reconstruction constraints. Some de-blurring-
based and de-convolution-based methods have also been
proposed [31]-[33]. Most reconstruction-based methods have
focused on edge constraints and have also failed to recover
fine pixel-level textural details.

Motivated by the methods based on edge-directed recon-
struction [9], [10], we propose a simple sharpness-preserving
reconstruction process to recover the sharp edges. In addition,
we first propose the reconstruction of fine texture details by
means of the estimated local texture structure constraint.

In this paper, we propose a fast and efficient image
upsampling method to recover both sharp edges and fine
texture details by means of HR local structure constraints.
We make use of the average local difference (ALD) to
segment the bicubic-interpolated LRI into a sharp edge area
and a texture area, and these two areas are reconstructed
separately with specific constraints. For the sharp edge area, an
HR gradient map is estimated as an extra constraint to recover
the sharp and natural edges; for the texture area, an HR local
texture structure map is estimated as an extra constraint to
reconstruct the fine texture details. Finally, the reconstructed
sharp edge area and texture area are combined to obtain
the HRI. The experimental results demonstrate the advantages
of the proposed method over state-of-the-art methods.

The main technical contributions of our algorithm are
summarized as follows.

1) For reconstruction of the sharp edge area, we propose

a simple morphology-based method to estimate an
HR gradient map; this estimated HR gradient map
is then used as an edge constraint to suppress the
blurry and jagged artifacts caused by the traditional
interpolation methods. Compared with other gradient
constraint based methods proposed in [9] and [10], our
morphology-based method has two merits. First, our
method does not require that the gradient profile prior be
learned from a training dataset as in [9] or calculation
of the gradient direction as in [10], so our method is
much faster. Second, our method is only applied to the
sharp edge area to prevent an over-sharpening artifact.

2) For reconstruction of the texture area, we first propose

to estimate the HR local texture structure map by
adding high-frequency components to the local binary
pattern (LBP) map of the interpolated image and using
the estimated HR local texture structure map as an extra
constraint to reconstruct the texture details. Our method
obtains finer pixel-level texture details than example-
based methods.

The rest of this paper is organized as follows. The texture
blurring origins of the traditional methods are analyzed
in Section II. Section III presents the proposed method
in detail. Section IV provides the experimental results to
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demonstrate the effectiveness of our method, and Section V
concludes the paper.

II. TEXTURE BLURRING ANALYSIS OF
TRADITIONAL METHODS

The local texture is described by the particularity of
individual pixels and the regularity of the local region.
The pixel values of HR textures are abundant and various.
Interpolation methods tend to retain the regularity of the local
region, whereas they ignore the recovery of the particularity
of individual pixels, which causes texture blurring. Many
upsampling methods have recently been proposed, but they
still cannot recover fine details at the pixel level.

The back projection (BP) method attempts to refine texture
details by means of the following global similarity constraint,

X =argmin | DHX — Y 13 (1)

where X denotes the reconstructed HRI, Y is the LRI,
D denotes a downsampling operator, and H is a blurring
filter. This optimization problem can be solved by means of
gradient descent. In the BP method, the residues between
DHX and Y are iteratively added to the upscaled image to
increase the high-frequency details. However the LR residues
of (DHX — Y) must be upscaled before they can be added to
the HRI. This upscaling process blurs the residues; thus, the
BP-like method cannot recover fine texture details at the pixel
level.

Many example-based methods have been proposed that
make use of pretrained HR patches to recover image details.
These methods can recover some details in areas with a
stable structure, but they also tried to reconstruct HR random
texture with several fixed prelearned atoms. However, unlike
the structural textures or sharp edges with a stable local
structure, random texture contains various local gray value
distributions and abundant pixel-level details. The atoms in
the pretrained dictionary often have stable local structures,
such as edge-like patches. Thus, it is difficult to recover
the pixel-level random texture details by combining these
atoms that lack high-frequency information. Consequently,
these example-based methods can recover the details of sharp
edges and structural textures but still cannot obtain fine pixel-
level random texture details [4]. The term “texture details”
as used in this paper mainly denotes the random texture that
contains abundant high-frequency pixel-level details. More-
over, these methods attempt to use the relationship between
LR patches and LR examples to represent the relationship
between HR patches and HR examples. However, it is difficult
to set up the bijection between the LR texture and the HR
texture, thus this assumption is not sufficiently robust to
recover fine texture details.

Some other similarity constraint-based methods, such as
the local self-similarity (LSS) based method, have been
proposed [25]. In the LSS-based method, a similar patch
in the downsampled image of LRI Y (DHY) is used to
estimate the HR residues. The merit of LSS is that extra HR
examples are not required and the estimated residues do not
require upscaling. However, the additional downsampling of
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Fig. 1. The close-ups of upsampled facial texture with different methods.
(a) the green square shows the selected facial texture, (b) the original HR
texture, (c) upsampled texture with bicubic interpolation, (d) upsampled
texture with BP method, (e) upsampled texture with our method.

LRI Y (DHY) loses high-frequency information in LRI Y
and causes texture blurring.

Fig.1 illustrates some close-ups of facial textures upsampled
with different methods. The bicubic interpolation blurred the
high-frequency details in the original HRI. The BP method
recovered some texture details with the global similarity
constraint, but it cannot recover the pixel-level details, as
mentioned previously. Our proposed method obtains finer and
clearer texture details with the HR texture structure constraint.

III. THE PROPOSED METHOD

The natures of the sharp edge and the texture are quite
different. The sharp edge has a stable local structure, whereas
the texture has a high degree of randomness and abundant
high-frequency information. The goals of upsampling the
sharp edge area and the texture area are also different. For the
sharp edge area, the objective is to obtain visually sharp edges
without unnatural artifacts; for the texture area, the objective
is to recover fine pixel-level details. Thus, we divide an image
into a sharp edge area and a texture area and propose different
methods with which to upscale these two respective areas.

We first upsample the LRI with bicubic interpolation. The
sharp edge area of the upsampled image is then extracted,
and the remaining area is designated as the texture area.
The accurate location of edges is difficult. Fortunately, in
this image upsampling scenario, rough extraction of the
area containing the sharp edges is sufficient. It is easy to
understand that local acute gradient transformations, such as
object boundaries and sharp lines, often occur in the sharp
edge area. Hence, we apply the ALD as the local sharp edge
detector, which is calculated as

P-1
1

ALDRR=;;§%wp—gA )
p:

where g. represents the gray value of the center pixel and
gp (p =0,1,2,..., P —1) denotes the gray value of the
neighboring pixel within a circle of radius R, and P is the
total number of neighboring pixels.

After the ALD of each pixel is obtained, we set a threshold
to determine the sharp edge area. The sharp edge area is then
upscaled with the proposed HR gradient constrained method,
and the remaining texture area is upscaled with the proposed
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Fig. 2. Architecture of the proposed method.

HR local texture structure constrained method. Finally, the
two upscaled areas are combined to obtain the final HRI,
as illustrated in Fig.2.

A. HR Gradient Constrained Method for Sharp Edge Area

Motivated by the previous gradient sharpening
methods [8]-[10], we propose an edge-directed upsampling
method based on the HR gradient constraint. The main idea is
to estimate the HR gradient map by sharpening the gradient
map of a bicubic-interpolated image. The estimated HR
gradient map is then used as a gradient constraint to recover
the sharp edges.

The gradient map is composed of the gradient magnitude of
each pixel. For image I, the gradient magnitude at pixel I(x, y)
is calculated by

G(x,y) =1l VI |l2, where VI = (&:1,0,1),

Ol =1(x+1,y)—1(x—1,y),

oyl =1(x,y+1)—1(x,y—1).

We estimate the HR gradient map by means of simple
morphology processing,

G = aE(Gy) 3)
where Gj denotes the gradient map of a bicubic-upsampled
image, E is a morphologic eroding operator, and o denotes
a gain factor (¢ > 1) to enlarge the range of the gradient
magnitude. In our experiments, the value of a is set as 2 for
all test images.

Note that the global erosion process tends to narrow lines
and thus some tiny lines may be eliminated. To retain tiny
sharp lines, we first upsample the gradient map by a factor
of 2 before the morphology process and then downsample it
back to the original resolution. Therefore, Eqn. (3) is changed
to the following equation:

G =aDHE(H"UGy) 4)

where D and U represent the downsampling operator and
upsampling operator, respectively, H is a blurring filter, E,
Gy and o are defined as in Eqn (3). The jaggy artifact can also
be effectively suppressed by applying the above upsampling
and downsampling operations.

The erosion E is calculated by

E()witng = min {I(x +s,y +1)} (5)
(s,1)€B

where I denotes an image matrix, B is a structuring element,
and (s, ) are the coordinate offsets within B. In this paper,
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(a) (b) (c)

Fig. 3.
HRI, (b) gradient map of bicubic upsampled image, (c) estimated gradient
map with our method.

The gradient maps of different images. (a) gradient map of original

ZJI.

gix)

(a) (b)

Fig. 4. Illustration of sharpening gradient magnitude. (a) close-up of an
upsampled boundary between gray foreground and white background. (Note
that X-axis and Y-axis are on the image plane, and Z-axis denotes the gradient
magnitude) (b) gradient magnitude curves along the X-axis. (The blue curve
is the original gradient magnitude; the green curve denotes the gradient
magnitude after the erosion; the red curve represents the final result multiplied
by gain factor a).

B is set as a 3 x 3 local area. The erosion is the minimum of
all pixel values in the region of B.

From the different gradient maps of the “lenna” image
shown in Fig.3, we can see that our method can estimate sharp
and alias-free edges in the gradient map.

In the following paragraphs, we use a simple sharp edge
as an example to demonstrate that the proposed morphology-
based method can sharpen the gradient magnitude (see Fig.4).
Let f(x) be a continuous and monotonic function defined in
the interval of (a, b), and let g(x) be the processed function
of f(x) by our method. The acutance of f(x) is denoted by

ot (f () = LO =L@ ©)
b —al

The larger the m(, ) (f(x)), the sharper the function f(x).

First, the size of structuring element B is fixed, thus |5’ —a’|
equals |b — al.

Second, the gain factor & > 1, thereby, the g(b') =
af) > f(). According to f(b) = f(b') and
fla) = g(a) = 0, we obtain [g(b') — g(a")| = [g(®)| >
Lf ) =1f(b) = fla)l.

Thereby, o p(g(x)) > o@p(f(x)), that is, the
function g(x) obtained by our proposed method is sharper
than f(x).

Fig.5 illustrates the principles of three different methods of
gradient magnitude sharpening. Gradient profile prior (GPP)
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Fig. 5. Comparison of different gradient magnitude sharpening methods.
(a) close-up of an upsampled line, (b) gradient magnitude sharpened by
GPP [9], (c) gradient magnitude sharpened by wangs method [10], (d) gradient
magnitude sharpened by our method. (The blue curves in (b), (c) and (d) are
the original gradient magnitudes along the X-axis; the green curve in (d) is
the gradient magnitude after erosion; the red curve in (d) denotes the final
result multiplied by gain factor a).

method [9] makes use of a trained gradient prior to sharpening
the gradient curve, and Wang er al. [10] proposed sharp-
ening the curve by coordinate shifting. Compared with the
two methods above, our global morphology-based process
has two merits. First, our method does not require that the
gradient profile prior be learned from a training dataset or
the calculation of the gradient direction, so our method is
much faster. Second, the parameter and structuring element
B are fixed for all images, so our method is less sensitive to
parameter values. .

After the HR gradient map G is estimated, it is used as
an additional constraint to recover sharp edges. Consequently,
the HRI is reconstructed by minimizing the following objective
energy function:

X =argmin| DHX —Y|5+ IGx — GI3 @

where X denotes the reconstructed HRI, Y denotes the given
LRI, Gx is the gradient map of X, and 4 is a parameter
to balance the similarity between DHX and Y and the
similarity between Gy and G. This optimization problem can
be solved by gradient descent. Eqn. (7) can then be estimated
by updating X using an iterative formula as

X1 =X, + M HTUY — DHX,) + /2(G* — G%) (8)

where X; is the estimated HRI after the ¢-th iteration,
A1 and A, are iterative constants, and U, D, and H are defined
as in Eqn. (4).

B. HR Local Structure Constrained Method for Texture Area

It is difficult to estimate the HR texture from the LR texture.
We thus propose estimation of the HR local texture structure
instead of direct estimation of the HR texture. The estimated
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Fig. 7.
middle column shows the LBP maps of the HRIs; the right column shows the
LBP maps of the bicubic upsampled images.

Illustration of LBP maps. The left column shows some HRIs; the

HR texture structure is then used as an extra constraint to
recover the fine texture.

We adopt the LBP [26] as the local texture structure
descriptor. The LBP is one of the most popular local texture
descriptors because of its simplicity and efficiency [27], [28].
In the LBP, the values of the neighboring pixels are converted
into binary values by comparing them with the central pixel;
these binary values are then combined to characterize the
local pattern, as illustrated in Fig.6. Usually, the LBP coding
strategy can be described as follows [26],

P—1
1, x>0
LBPp g = s(gp —gc)2”, s(x)y=1" "~ 9
P,R pzzo (gp 8c) (x) 0, x <0 9

where g,, gc, R, and P have been defined in Eqn. (2).

In the local texture analysis theory, the local texture can be
charaterized by two orthogonal components: the local structure
(e.g., the LBP) and the magnitude of the pixel value differ-
ence (e.g., the ALD computed by Eqn. (2)). The LBP maps
of different images are shown in Fig. 7. We find that the
LBP maps of natural HRIs often have abundant high-frequency
details, even in smooth areas. However, the LBP maps of the
interpolated images lose much spatial frequency information.
The loss of the high-frequency information in the local texture
structure leads to a blurry texture. To increase the texture
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Fig. 8. The LBP maps of different images. (a) LBP map of original HRI,
(b) LBP map of bicubic upsampled image, (c) estimated LBP map with our
method.

details, we propose estimation of the HR LBP map by the
addition of high-frequency information into the LBP map
of a bicubic upsampled image. The HR LBP map T is
calculated by

T =TXx* (10)

where T is the LBP encoding operator, and 7X* denotes the
LBP map of X*. X* can be estimated using the result of the
following iteration:

TX. 41 =TX,+ M H'U(TY — TDHX,)
+ 20T (X; +y (Xy) — TX,] (11)

where X; is the estimated HRI after the ¢-th iteration, Y is
the LRI, A; and A; are iterative constants, y (X;) denotes the
addition of high-frequency components into X;, and U, D, and
H are defined as in Eqn. (4). The term [T(X; + y (X;))—T X/]
changes the LBP map by the addition of high-frequency
components into X;. Another term (TY — TDHX,) is a
similarity constraint to maintain the consistency of the new
LBP map with the LBP map of LRI Y. The initial X¢ of the
iteration is set as the bicubic upsampled image of LRI.

Here, we simply set y (X) as A’TX, A’ is a scale number,
so that this high-frequency component is consistent with
the LBP structure. For example, the LBP map has abundant
high-frequency details on the texture area but few details
on the sharp edge area. The A'TX term can then add
considerable high-frequency information into the texture area
without destroying the local structure of the sharp edge area.
Note that the parameter A’ is a small number to restrict the
magnitude of the high-frequency components. The value of
T X ranges from 0 to 255, and the A’ is set as 0.005 to 0.01
in our method. Hence, the LBP map T X; is changed step-by-
step by the addition of this small high-frequency component
into X; in each iteration.

As shown in Fig.8, our estimated LBP map contains more
high-frequency texture structure information than the LBP map
of the bicubic upsampled image. In addition, the additional
high-frequency components do not change the local structure
of the sharp edge area.

After the estimated HR LBP map T is obtained, it is used
as an additional constraint. The HRI texture can then be
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Fig. 9. Converting the LBP map to a coefficient matrix.

reconstructed by minimizing the following objective energy
function:

X = argmin| DHX — YI2+TX -T2 (12)
where T X is the LBP map of X. This optimization problem
is difficult to solve because T is the LBP encoding operator
rather than a function related to the pixel value. Instead of
solving Eqn. (12) directly, we make use of the estimated
HR LBP map and ALD calculated in Eqn. (2) to reconstruct
the HRI. Although many image reconstruction algorithms
were available to utilize the local descriptors [29], [30], these
algorithms are usually based on dictionary learning and are
very time consuming. Because the LRI is known in the upsam-
pling scenario, we propose a simple method of reconstruction
by making use of the LRI. In our method, we first transform
the HR LBP map into a coefficient matrix, which is then used
to reconstruct the HRI. As illustrated in Fig.9, each number in
the LBP map is first converted to an 8-bit binary number, and
the LBP map is split into eight binary maps. The number 0
is then converted to —1 in each binary map. Finally, the eight
maps are combined to form the coefficient matrix.

Accordingly, the HRI X is reconstructed by utilizing the
coefficient matrix C and ALD matrix ﬁ,

X=H"UY+1CQ)D (13)
where () represents the element-wise multiplication of two
matrices, and A is a constant. The C can increase the variety
of local differences, and D restrains the magnitude of these
local differences to prevent noise or unreasonable pixel values.
Eqn. (13) adjusts the local distribution and enhances the high
frequency spatial details according to the HR LBP map T by
the addition of the € X D term. Because T is an estimated
HR LBP map in the proposed method, we then utilize the
following global similarity constraint to ensure the recon-
structed result is still consistent with the known LRI,

X = argm)énHDHX —YI5 (14)

The reconstruction of the HR LBP map can be regarded
as iteratively adding high-frequency “noise” under the texture
structure constraint. Visually fine texture details can be
recovered with the use of our estimated HR LBP map. At
the meantime, the LBP only reflects the local structure and
does not directly relate to the pixel value; thus, the added
high-frequency information in the LBP map will not generate
noise in the image. In other words, the reconstructed HR LBP
map only increases the spatial frequency of the local structure
rather than the magnitude of the pixel value. The ALD
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Fig. 10. Illustration of our method in 1D case. (a) original curve,
(b) downsampled curve, (c) interpolation reconstructed curve, (d) the ALD
value of reconstructed curve in (c), (¢) the 1D LBP map of reconstructed curve
in (c), () the estimated 1D LBP map after adding high frequency components,
(g) high frequency details combined by ALD in (d) and estimated 1D LBP
map in (f), (h) our reconstructed curve by using the curve in (c) and high
frequency details in (g).

describes the magnitude of the local pixel value difference,
which is used to control the contribution of the LBP map to
the HRI. For example, although the reconstructed LBP map
has abundant details in the flat texture area, the ALD of the flat
area is small; therefore, noise will not be involved in the flat
area. Outside the flat texture area, the ALD value is larger, and
thus the estimated LBP map can recover more abundant
details.

We use a 1D case to illustrate the way by which our method
increases the high-frequency details. As shown in Fig.10,
the original curve consists of a series of discrete points
in the range of (0, 100). This curve is first downsampled
into the range of (0, 50) and then upsampled to (0, 100).
A large amount of high-frequency information is lost
during downsampling and interpolation-based upsampling
(see Fig.10(c)). We estimated the HR 1D LBP map (Fig.10(f))
with the addition of some high-frequency components to
the 1D LBP map of the upsampled curve (Fig.10(e)). The
similarity constraint in Eqn. (11) means that the downsampling
of the estimated HR 1D LBP map should be consistent with
the original 1D LBP map of the upsampled curve. The
high-frequency details can then be obtained by combining
the ALD in Fig.10(d) and the estimated HR 1D LBP map.
The HR 1D LBP map decides the sign symbol, and the
ALD value restricts the magnitude. Finally, the curve can
be reconstructed by adding the high-frequency details to the
upsampled curve, as in Fig.10(h). This reconstructed curve
has better visual quality than the interpolated curve.

Finally, we analyze the limitations of our HR local
texture structure constrained method. First, our method can
increase the details in the texture area but cannot recover the
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details in the sharp edge area. Because the LBP map has few
high-frequency details in the sharp edge area, we did not apply
this method in the sharp edge area. Second, the y (X) is simply
set as A’TX in our method; therefore, the estimated result
is partially dependent on the the high-frequency information
contained in the original LBP map (7 Xp). When the texture
details are seriously damaged or the LBP map of the original
LRI contains scarce high-frequency information, the HR LBP
map is difficult to estimate, and the performance of our
method is limited. Third, Eqn. (11) is not convergent because
a high-frequency component is added in each iteration. Hence,
the number of iterations of Eqn. (11) is empirical. In our
experiments, we set the iteration number at 50 for all images.

C. Analysis of Computation Time

Given an image of size N and a number of iterations 7, the
complexity of our HR gradient constrained method is O(TN).
The complexity of the LBP encoding process (R =1, P = 8)
with a fast algorithm is O(PN). Thus the complexity of the
HR local texture structure constrained method is O(TPN).
The overall complexity of our method is O(N) because
T and P are constants. The overall memory complexity of
our constrained iterative process is also O(N). O(N) is used to
hold the updated image matrices and residue matrix in each
iteration.

The computation time of our method depends on the image
size and the number of iterations. In this paper, all experiments
are performed with MATLAB on an Intel Core i5-3317U
laptop PC. For upsampling of the sharp edge area, the erosion
process runs once to obtain the HR gradient map. In each
iteration, we perform gradient filtering twice (along x and
y directions). For example, the erosion process takes about
80 ms for the 512 x 512 image “lenna”, and each gradient
filtering process takes about 5 ms. Each iteration is run
50 times, and the total upsampling process for the edge area for
“lenna” takes about 580 ms. For the texture area upsampling,
the most computational step is the calculation of the LBP map
in each iteration. For example, calculation of the LBP map
in each iteration takes 80 to 100 ms for “lenna”, and the
total time for the texture area upsampling process is about
5 seconds. After taking into account other modules, such
as image combing, it takes about 6 seconds to generate the
final upsampled “lenna”. Note that the proposed algorithm
has much room for acceleration, such as implemention of
these iterations with C instead of Matlab, or the use of CUDA
implementation [16].

D. Summarization of the Proposed Algorithm

The proposed algorithm for HR local structure constrained
image upsampling is summarized in Algorithm 1.

IV. EXPERIMENTAL RESULTS

We test the proposed method on a set of natural
images downloaded from the web and from the Berkeley
image dataset [44].! Color images are first converted from

IThe results and demo video are available at http://zycv.890m.com/
zyProjectPages/projl.html
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Algorithm 1 HR Local Structure Constrained Image
Upsampling

1: Input: LR image Y'; upsampling factor s; sharp edge area
threshold #;

2: Initialization: upsample Y with bicubic interpolation by
a factor of s and obtain initial HR Xp;

3: Calculate the ALD map D of X, by Eqn. (1); divide
image into two areas, sharp edge area and texture area
using D with threshold r;

4: Upsample sharp edge area with gradient constraint:
a) calculate gradient map G, of Xj;

b) estimate HR gradient map G by Eqn. (4);

c) use gradient descent to reconstruct HR sharp edge area
X, which satisfies the reconstruction constraint Eqn.
(D

5: Upsample texture area with local texture constraint:

a) calculate the LBP map 7 Xo, T denotes the LBP
encoding process by Eqn. (9);

b) estimate HR LBP map T by using the Eqn. (11);

¢) convert the T into a coefficient matrix C:‘;

d) reconstruct HR texture area X/ by means of Eqn. (13)
and reconstruction constraint Eqn. (14);

6: Combine the HR sharp edge area X and the HR texture
area X to get the HR image X™;

7: Output: the final HR image X*;

RGB to YUV. The proposed method is then applied only
on the Y (intensity) component, and bicubic interpolation is
used for the U and V components. In our experiments, the
input LRIs are obtained by downsampling the original HRIs
with bicubic interpolation, and the LRIs are then upsampled
to their original size, respectively, with different methods for
the performance comparison. The upsampling factor in our
experiment is set as 2 and 3. In this paper, our method is com-
pared with bicubic interpolation, the ICBI method [16], Shan’s
deconvolution-based method [31], Wang’s edge-sharpening
method [10], and several example-based methods including
ScSR [19], ASDS [21], Zeyde’s method [36], BP-JDL [38],
and ANR [37]. In our method, the threshold to extract the
sharp edge area is set to 1.5 times the mean value of the
ALD of the entire image. The iterative constants (11, A7) in
Eqgn. (8) and Eqn. (11) are set to (0.2, 0.004) and (0.1, 0.01)
respectively, and the iterative constant A in Eqn. (13) is
set to 1.

Fig.11 shows some upsampled edges of the “lenna” image
with different methods. By comparing the close-ups of these
edges, we can make the following observations. First, bicu-
bic interpolation produces blurry edges. Although the ICBI
method can enhance lines, the recovered edges are still blurry.
Second, Shan’s method can sharpen the edges, but it also
generates some unnatural artifacts. Third, Wang’s method,
ScSR, and ASDS can recover sharp edges. Finally, our method
produces sharper edges than the other methods. Fig.12 com-
pares the upsampled results of the “zebra” image with those
of various other methods. By comparing the close-ups of
the stripe and meadow, our method produces the sharpest
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Fig. 11. Upsampled edges of the “lenna” image (2X), (a) the original HRI, (b) with the bicubic interpolation, (c) with ICBI [16], (d) with Shan’s method [31],
(e) with Wang’s method [10], (f) with ScSR [19], (g) with ASDS [21], (h) with our method.

(e) 9

Fig. 12. Upsampled results of the “zebra” image (2X), (a) the original HRI, (b) with the bicubic interpolation, (c) with ICBI [16], (d) with Shan’s method [31],
(e) with Wang’s method [10], (f) with ScSR [19], (g) with ASDS [21], (h) with our method.

edges and the clearest texture details in the meadow area. methods of ScSR and ASDS can also recover natural and sharp
Our method is less sensitive to parameters than Wang’s HR  edges, the edges obtained with the proposed method are still
gradient-constrained method. Although the two learning-based sharper and clearer.
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Fig. 13.

Upsampled results of the “pirate” image (2X), (a) the original HRI, (b) with the bicubic interpolation, (c) with ScSR [19], (d) with Zeyde’s

method [36], (e) with ASDS [21], (f) with ANR [37], (g) with BP-JDL [38], (h) with our method.

Fig.13 illustrates the upsampled results of the “pirate” image
with the recent state-of-the-art example-based methods and our
proposed method. We first compare the close-ups of the sharp
edge area. All of these example-based methods can recover
sharp edges. The BP-JDL method and our proposed method
produce sharper edges than the other methods. Note that our
proposed method is much faster than the BP-JDL method.
We then compare the close-ups of the texture area. Our
proposed HR local texture constrained method can reproduce
finer texture details than these state-of-the-art example-based
methods.

Fig.14 and 15 illustrate the upsampled local textures with
these example-based methods and our proposed method.
By comparing the further close-ups of a local texture patch,
we find that the HR textures have fine pixel-level details,
even in the flat background area. The example-based methods
can reconstruct the sharp edges and fine texture, but they
still fail to obtain pixel-level texture details. By making
use of the HR texture structure constraint, our method can
recover better high-frequency details than the other methods.
The LBP maps of the texture area are shown in the red
squares in Fig.14 and 15. These LBP maps can be used to
visualize the local texture structures of the upsampled results.
By comparing the LBP maps of different methods, we obtain
the following findings. The LBP maps of the original HRIs
have abundant pixel-level high-frequency details. However, the
LBP maps of the upsampled images with bicubic interpolation
or example-based methods still lose a great deal of spatial

frequency information. Our proposed method enhances the
spatial frequency information of the local structure, and
therefore recovers finer pixel-level texture details.

Table I lists the image reconstruction performance (PSNR,
SSIM index [44], and running time) of the various methods
with an upsampling factor of 2. By comparing the PSNR
values, we find that our proposed method, the BP-JDL
method, and the ANR method show better performance than
the other methods. Although our method aims to refine the
visual quality, the average PSNR value of our method is still
comparable to or slightly better than these state-of-the-art
example-based methods. As mentioned earlier, the
performance of the proposed HR local texture constrained
method is partially dependent on the high-frequency
information contained in the original LBP map. When the
original LRI contains scarce pixel-level high-frequency
information, it is difficult to reproduce abundant pixel-level
high-frequency details with the estimated HR LBP map.
Our method thus performs better on images with abundant
high-frequency texture details but slightly worse on images
with less high-frequency information. However, our method
still achieves the best performance on average because most
of the natural images contain various high-frequency details.
By using the SSIM index [43] to measure the structural
similarity of the upsampled images with the original HRI, our
method performs better than the others in almost all cases.

The running times of these methods are also listed
in Table I. The ANR method is the fastest, and our method is
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Fig. 14. Upsampled results of the “face” image (2X), (a) the original HRI, (b) with the bicubic interpolation, (c) with ScSR [19], (d) with Zeyde’s method [36],
(e) with ASDS [21], (f) with ANR [37], (g) with BP-JDL [38], (h) with our method.

Fig. 15. Upsampled results of the “girl” image (2X), (a) the original HRI, (b) with ScSR [19], (c) with ASDS [21], (d) with ANR [37], (e) with BP-JDL [38],
(f) with our method.

the second-fastest. The ANR method saves running time by projection matrix of each input. However, the accuracy of
making use of the precomputed projection matrix of the the approximation mainly depends on the similarity between
nearest atom as an approximation to avoid calculating the the LR input and its nearest dictionary atom. This inexact
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TABLE I
EXPERIMENTAL RESULTS OF DIFFERENT METHODS (UPSAMPLING FACTOR IS 2)

lenna girl pirate face zebra 15004 22093 23025 24004 253027 311081 56028 223061 Average
35.42 34.58 33.29 34.64 27.26 27.44 26.73 31.29 25.60 25.27 24.86 26.50 26.53 29.18
Bicubic 0.991 0.862 0.984 0.903 0.875 0.886 0.851 0.892 0.808 0.829 0.742 0.794 0.791 0.862
31.97 33.03 30.57 3247 25.23 25.96 25.26 29.81 24.32 24.04 23.48 25.08 25.44 27.43
ICBI 0.966 0.832 0.953 0.882 0.836 0.856 0.814 0.861 0.773 0.795 0.685 0.752 0.754 0.827
89.1 16.6 70.5 35.9 82.3 74.2 83.8 55.2 75.4 86.4 72.7 76.7 60.4 61.7
31.20 32.15 29.18 31.28 24.34 24.05 24.29 28.41 23.51 22.68 22.36 23.81 24.28 26.27
Shan’s 0.941 0.779 0.887 0.826 0.758 0.742 0.723 0.772 0.688 0.680 0.581 0.611 0.631 0.740
15.8 2.8 7.2 6.5 5.9 5.9 . 6.1 6.0 6.3 6.4 6.2 6.3 6.7
36.75 35.37 34.40 35.36 28.49 28.46 27.40 31.90 26.06 26.07 25.35 27.33 27.13 30.00
ScSR 0.994 0.875 0.990 0913 0.899 0.913 0.872 0.908 0.834 0.853 0.778 0.830 0.828 0.883
480.9 141.3 329.4 234.5 279.6 286.4 283.9 325.7 307.3 317.3 299.2 299.9 351.2 302.8
36.18 34.52 33.81 34.66 28.53 28.40 27.42 31.95 26.24 26.31 25.30 27.39 26.83 29.81
ASDS 0.926 0.846 0.888 0.892 0.881 0.902 0.857 0.887 0.816 0.837 0.771 0.811 0.806 0.855
819.9 187.4 554.6 301.8 574.5 615.4 672.0 506.4 612.2 605.1 692.9 641.0 614.5 569.0
35.37 34.82 32.89 34.20 27.18 27.23 26.61 31.34 25.47 25.08 24.69 26.38 26.33 29.05
Zeyde’s 0.991 0.862 0.880 0.890 0.874 0.876 0.841 0.878 0.796 0.815 0.731 0.781 0.778 0.845
13.8 4.4 10.5 6.6 10.6 10.7 10.6 10.8 10.8 10.6 10.8 10.8 10.6 10.1
37.13 35.44 34.63 3543 29.12 29.03 27.47 32.02 26.17 26.43 25.53 27.61 27.31 30.25
BPJIDL 0.991 0.788 0.990 0.888 0.900 0.917 0.867 0.900 0.841 0.856 0.758 0.835 0.833 0.874
995.8 294.7 1267.1 906.1 589.6 1097.3 1109.7 973.6 711.9 599.7 596.5 818.1 993.6 842.6
37.26 35.66 34.16 34.92 29.13 28.82 2752 32.18 26.28 26.54 25.57 27.41 27.20 30.20
ANR 0.997 0.883 0.906 0.903 0.912 0914 0.874 0.900 0.835 0.859 0.793 0.828 0.831 0.880
2.5 0.9 2.2 13 1.6 1.6 . 1.7 1.8 1.6 1.7 1.8 1.7 1.7
37.28 35.83 34.84 35.64 28.79 28.56 27.59 32.04 26.30 26.46 25.70 2743 27.22 30.28
Ours 0.997 0.884 0.996 0.916 0.906 0.917 0.880 0.912 0.841 0.871 0.805 0.837 0.835 0.892
63 26 57 3.6 4.9 5.1 5.0 5.1 49 5.0 52 4.9 438

Three results are reported in each cell: Top - PSNR (dB), Middle - SSIM index, Bottom - running time (s). Note that the best result for each image is

highlighted and the second best result for each image is underlined.

TABLE I
EXPERIMENTAL RESULTS OF DIFFERENT METHODS (UPSAMPLING FACTOR IS 3)

lenna girl pirate face zebra 15004 22093 23025 24004 253027 311081 56028 223061 Average
32.12 32.89 30.37 32.54 24.14 24.48 24.45 29.00 23.69 22.62 22.60 24.26 24.75 26.76
Bicubic 0.957 0.800 0.924 0.859 0.766 0.772 0.751 0.814 0.706 0.710 0.556 0.655 0.670 0.764
27.45 29.85 26.56 28.83 21.60 22.30 22.53 26.78 22.05 21.27 20.89 22.01 23.26 24.26
ICBI 0.883 0.740 0.847 0.813 0.670 0.689 0.676 0.746 0.646 0.641 0.449 0.565 0.594 0.689
139.1 28.0 102.4 54.3 122.7 98.9 114.3 81.6 106.8 125.2 90.3 109.4 78.5 96.2
28.16 30.26 26.74 28.96 22.07 22.14 22.60 26.64 22.16 21.32 20.93 22.12 23.20 24.41
Shan’s 0.892 0.738 0.824 0.792 0.675 0.651 0.650 0.710 0.630 0.609 0.421 0.532 0.559 0.668
12.9 39 18.1 11.3 15.9 16.1 X 16.0 16.0 16.1 16.2 15.9 16.0 14.6
32.97 33.10 31.47 32.81 24.98 25.66 25.41 30.16 23.96 23.26 2328 25.09 25.38 27.50
ScSR 0.962 0.811 0.937 0.879 0.794 0.827 0.794 0.838 0.745 0.742 0.631 0.696 0.722 0.798
490.2 146.9 344.2 227.5 275.8 294.7 276.9 337.7 313.7 325.3 289.2 294.1 367.9 306.4
33.17 33.56 31.65 33.61 25.20 25.89 25.51 30.22 24.26 23.28 23.14 2522 25.28 27.69
ASDS 0.903 0.818 0.892 0.873 0.809 0.831 0.791 0.842 0.742 0.750 0.625 0.709 0.718 0.792
791.6 194.1 516.3 307.4 548.3 596.5 534.3 477.1 579.2 527.1 627.4 562.0 543.3 5234
32.08 32.89 30.45 32.81 24.05 24.48 24.51 29.32 23.67 22.54 22.50 24.19 24.52 26.77
Zeyde’s 0.957 0.800 0.815 0.882 0.763 0.766 0.747 0.813 0.703 0.703 0.549 0.652 0.656 0.754
10.9 3.9 8.2 49 6.9 6.8 . 6.9 7.0 6.8 6.8 6.9 6.9 6.9
33.28 33.44 31.15 33.22 25.03 25.21 24.96 29.55 24.14 23.21 22.99 24.90 25.15 27.40
BPJDL 0.967 0.705 0.945 0.836 0.791 0.805 0.761 0.815 0.732 0.730 0.554 0.687 0.692 0.771
1195.2 404.7 684.6 462.9 828.2 590.2 598.4 601.3 599.7 609.1 603.1 595.0 608.5 644.6
33.58 33.62 31.47 33.74 25.12 25.46 25.16 30.05 24.16 23.16 23.00 24.98 25.00 27.58
ANR 0.971 0.822 0.843 0.897 0.806 0.814 0.781 0.840 0.737 0.744 0.610 0.700 0.706 0.790
1.8 0.6 14 0.9 1.2 1.2 1.1 1.2 1.1 1.1 1.2 1.3 1.3
33.29 33.67 31.73 33.64 25.12 25.78 2544 30.25 2421 23.38 23.62 25.32 25.47 27.76
Ours 0.973 0.823 0.946 0.885 0.817 0.837 0.799 0.851 0.750 0.761 0.647 0.716 0.727 0.810
8.9 27 6.1 3.9 53 54 54 5.3 53 5.3 54 54 54

Three results are reported in each cell: Top - PSNR (dB), Middle - SSIM index, Bottom - running time (s). Note that the best result for each image is

highlighted and the second best result for each image is underlined.

estimation may lead to the loss of some high-frequency details
in the texture area, whereas our method can generate finer
pixel-level texture details than the ANR method by means of
the estimated HR LBP maps as an extra constraint. In addition,
most of the time required for our method is consumed in the
calculation of LBP maps. Therefore, our method is slightly
slower than the ANR method, but it can recover better texture
details and is still cost-effective.

We also test the proposed method for 3X magnification,
and the experimental results for different methods are listed
in Table II. The following observations can be made. First, the
performance of these methods decreases when the upsampling
factor increases. Second, although the performance of our
method also degrades, it still obtains the highest average PSNR
value and SSIM index among the methods. Third, our method
is faster than other methods except the ANR method.
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Fig. 16. Upsampled results of the “BDS_56028" image (3X), (a) with the bicubic interpolation, (b) with ScSR [19], (c) with Zeyde’s method [36], (d) with

ASDS [21], (e) with ANR [37], (f) with BP-JDL [38], (g) with our method.

Fig.16 illustrates the upsampled results of the different
methods under 3X magnification. The ASDS method produces
slightly sharper edges than the other example-based methods,
but it amplifies some of the noise in the flat white area at
the same time. By comparing the sharp edges and textures
of the bricks, we can see that our method recovers sharper
edges and finer texture than these state-of-the-art example-
based methods.

The performance of our method degrades rapidly when the
upsampling factor is increased to 4 or greater. Our method
attempts to recover fine texture details by estimating the
HR local texture structures. The LRIs for our experiment
are obtained by downsampling the HRIs. Therefore, the
original LBP maps of these downsampled LRIs contain very
few high-frequency details if the downsampling factor is
large. In this case, the proposed HR local texture structure
constrained method cannot recover pixel-level texture details.
The extreme case is when the estimated HR LBP maps
contain no extra high-frequency information and the HR local
texture constrained method then degrades to the traditional
BP method. Therefore, the proposed method is suitable
for recovering fine pixel-level texture details with small
upsampling factors, such as 2X and 3X magnification, which
are sufficient for typical image upsampling scenarios.

V. CONCLUSION

With the development of ultra-HR display devices, fine
texture details are becoming more and more important for
visual perception. In this paper, we propose a fast and efficient

method for image upsampling by means of HR local structure
constraints. We divide the image into a sharp edge area
and a texture area and use an HR gradient constraint for
reconstruction of the sharp edge area and an HR local texture
structure constraint for reconstruction of the texture area. The
experimental results demonstrate that our method recovers
finer pixel-level high-frequency texture details and obtains
top-level objective performance compared with state-of-the-art
methods in typical upscaling factors.
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