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Abstract—Single image super-resolution is a classic and active
image processing problem, which aims to generate a high resolu-
tion image from a low resolution input image. Due to the severely
under-determined nature of this problem, an effective image prior
is necessary to make the problem solvable, and to improve the
quality of generated images. In this paper, a novel image super-
resolution algorithm is proposed based on GPS (Gradient Profile
Sharpness). GPS is an edge sharpness metric, which is extracted
from two gradient description models, i.e. a triangle model and a
Gaussian mixture model for the description of different kinds of
gradient profiles. Then the transformation relationship of GPSs
in different image resolutions is studied statistically, and the
parameter of the relationship is estimated automatically. Based
on the estimated GPS transformation relationship, two gradient
profile transformation models are proposed for two profile
description models, which can keep profile shape and profile
gradient magnitude sum consistent during profile transformation.
Finally, the target gradient field of HR (high resolution) image is
generated from the transformed gradient profiles, which is added
as the image prior in HR image reconstruction model. Extensive
experiments are conducted to evaluate the proposed algorithm
in subjective visual effect, objective quality, and computation
time. The experimental results demonstrate that the proposed
approach can generate superior HR images with better visual
quality, lower reconstruction error and acceptable computation
efficiency as compared to state-of-the-art works.

Index Terms—single image super-resolution, gradient profile
sharpness, gradient profile transformation.

I. INTRODUCTION

THE goal of single image super-resolution is to construct
a high resolution (HR) image from a low resolution (LR)

image input. This problem is an classical and active topic in
image processing, which is also a crucial step in many practical
situations, e.g. image display, remote sensing, medical imaging
and so on. However, image super-resolution problem is an
inherently ill-posed problem, where many HR images may
produce the same LR image when down-sampled. As a result,
how to generate an HR image with good visual perception and
as similar as its ground truth has become the goal of image
super-resolution.
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There has been many research works in this field in recent
years, which can be mainly classified into three categories:
interpolation-based approaches, learning-based approaches
and reconstruction-based approaches. The interpolation-based
approaches are the basic image super-resolution methods,
where currently the bi-linear interpolation and bicubic interpo-
lation [1] are still very popular in practice. More sophisticated
interpolation models have also been proposed, e.g. auto-
regression model [2], multi-surface fitting model [3], edge
directed models [4], sparse representation models [5] and
ICBI (Interactive Curvature Based Interpolation) algorithm [6].
Interpolation-based approaches always have fast computation
speed. However, as pointed out in [4], interpolation-based
approaches tend to blur high frequency details if the up-scaling
ratio is large and if the low-resolution image is generated with
anti-aliasing operation.

The learning-based approaches assume that the lost high
frequency details in LR images can be retrieved and halluci-
nated from a dictionary of image patch pairs. One category of
learning-based approaches learn example patches from a data
set retrieved from fixed HR image set or website [7], [8], [9],
[10], [11]. Naturally, the performance of these approaches is
highly correlated to the similarity between the LR image patch
and the learned HR image patches. To reduce the dependence
on the training HR image, self-example based approaches were
proposed, which utilized the observation that patches tended to
redundantly recur inside an image within the same image scale
as well as across different scales [12], [13], [14], [15], or there
existed a transformation relationship across image space [16],
[17], [18], [19], [20], [21], [20], [22], [23]. These approaches
are more robust, however there are always some artifacts
on their super-resolution results. Generally, the computational
complexity of learning-based super-resolution approaches is
quite high.

To make a tradeoff between algorithm performance and
algorithm computational efficiency, many reconstruction-based
approaches have been proposed over the years [24], [25],
[26], [27], [28], [29], [30], [31], [32], [33], [34], [35]. The
reconstruction-based approaches enforce a constraint that the
smoothed and down-sampled version of the estimated HR
image should be consistent with its LR image. Based on
this idea, reconstruction models are proposed using back-
projection [25] or convex projection [24], [26]. To make the
ill-posed reconstruction problem solvable and to find the best
estimated HR image, an effective regularization term should
be added as the model constraint, which is crucial for the
reconstruction-based approaches.

Various regularization terms have been proposed based on
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local gradient enhancement [27], [29], [30], [31] and global
gradient sparsity [32], [36], [37], [38]. Recently, metrics of
edge sharpness have attracted researchers attention as the
regularization term, since edges are of primary importance in
visual image quality [39]. Fattal [27] introduced the conception
of gradient profile to describe the spatial resolution of edges,
where a gradient profile is represented using three features, i.e.
total intensity change, distance from center pixel to the pixel
of zero gradient magnitude, and profile standard deviation. Sun
et.al. [29], [31] modeled the normalized gradient profile with a
GGD (generalized Gaussian distribution) model, and adopted
the standard deviation of GGD model as the edge sharpness
metric. With the help of GGD model, methods of [29], [30],
[31] could describe gradient profile shapes using an adjustable
and controllable model, which played an important role in
gradient profile description and transformation. However, the
GGD model is symmetric and regularly shaped, which is
hard to represent the gradient profiles with asymmetric and
complicated shapes. Furthermore, the metric of [29], [30],
[31] is extracted from a normalized gradient profile, where the
contrast difference between two gradient profiles are neglected
in the profile normalization step.

According to the analysis in [40], edge contrast is a key
feature for describing edge visual significance, which should
be adopted for the computation of edge sharpness. In this
paper, a novel edge sharpness metric GPS (gradient profile
sharpness) is extracted as the eccentricity of gradient pro-
file description models, which considers both the gradient
magnitude and the spatial scattering of a gradient profile. To
precisely describe different kinds of gradient profile shapes,
a triangle model and a mixed Gaussian model are proposed
for short gradient profiles and heavy-tailed gradient profiles
respectively. Then the pairs of GPS values under different
image resolutions are studied statistically, and a linear GPS
transformation relationship is formulated, whose parameter
can be estimated automatically in each super-resolution appli-
cation. Based on the transformed GPS, two gradient profile
transformation models are proposed, which can well keep
profile shape and profile gradient magnitude sum consistent
during the profile transformation. Finally, the target gradient
field of HR (high resolution) image is generated from trans-
formed gradient profiles, which is added as the image priors
in HR image reconstruction model. Extensive experiments
are conducted to fully evaluate the proposed super-resolution
approach. It is demonstrated that the proposed approach can
generate superior HR images with better visual similarity and
lower reconstruction error as compared with state-of-art works.

The framework of the proposed algorithm can be divided
into four parts.

• Extract GPS from two gradient profile description mod-
els.

• Estimate GPS transformation relationship under different
image resolutions.

• Transform gradient profiles to generate the target gradient
field in HR image.

• Solve the HR reconstruction model based on estimated
target gradient field.

Corresponding to the framework, the rest of this paper is
organized as follows: The gradient profile description models
and GPS metric in the first part is defined in Section II.
Section III provides the formulation of GPS transformation
relationship and the estimation of GPS transformation param-
eter, which is applied in the second part of the framework.
The third part and the fourth part are introduced in Section
IV, where two gradient profile transformation models are
proposed and the solve of HR image reconstruction model is
introduced. Moreover, detailed experimental comparisons are
made between the proposed approach and other state-of-the-art
super-resolution methods, which are demonstrated in Section
V. The conclusion of this work is given in Section VI.

II. GRADIENT PROFILE DESCRIPTION MODELS AND GPS
METRIC

As initially proposed in [4], gradient profile is a feature
describing the spatial layouts of edge gradients. It is defined
as a 1-D profile of gradient magnitudes along the gradient di-
rection of an edge pixel, which is extracted by starting from an
edge pixel and tracing along the edge pixel’s gradient direction
(both sides) until the gradient magnitude does not decrease.
Generally, a sharp edge always corresponds to a group of
concentrated pixels with large gradient magnitudes, while a
smooth edge always corresponds to a group of scattered pixels
with weaker magnitudes. Hence it is possible to measure edge
sharpness using the shape of a gradient profile.

Traditional methods [29], [31] represented a gradient profile
using the GGD model, which is symmetric with a regular
shape. However, the extracted gradient profiles of most edges
are asymmetric and even with complicated shapes. In this case,
GGD model may produce large fitting errors in gradient profile
description.

To realize a better description of gradient profiles, a triangle
model and a mixed Gaussian model are proposed respectively,
where the triangle model is for gradient profiles with short
length, and the mixed Gaussian model is for gradient profiles
with heavy tails. These two models can not only accurately fit
gradient profiles with different lengths, but can also flexibly
describe gradient profiles with symmetric and asymmetric
shapes. Based on the two gradient profile description models,
GPS is defined as the eccentricity of gradient profile models.

For the convenience of profile description and profile trans-
formation, the coordinate system of each gradient profile is
normalized, where the profile peak is located at the center
x0 = 0. Then two gradient profile description models are set
up in the above-mentioned coordinate system.

A. Triangle model

When edges are sharp or unnoticeable with small intensity
changes, the extracted gradient profiles are always short with
no tails. For this kind of gradient profiles, a triangle model is
most suitable for the profile description.

To flexibly represent a gradient profile, the two sides of the
triangle model are fitted separately using the extracted gradient
profile points of each side. The linear function of each profile
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(a) Fitting results of symmetric gradient profiles

(b) Fitting results of asymmetric gradient profiles

Fig. 1. The fitting results of triangle model and GGD model for short gradient
profiles.

side is formulated as

mT (x) =

{
kdx + h, if the value ≥ 0
0 otherwise (1)

where mT (x) is the gradient magnitude of pixel x in the
triangle model, dx is the distance between the pixel x and the
profile peak x0, k and h are the slope-intercept parameters
of the linear function. The peak value of the triangle model
is constrained to be the maximum magnitude of provided
gradient profile, which is denoted as h in (1).

The slope k is fitted using the pixels on the corresponding
side of provided gradient profile,

k = min
k

∑
x∈p

[m(x)− k · dx − h]2, (2)

where m(x) is the gradient magnitude of pixel x on the
provided gradient profile p.

Four fitting examples of short gradient profiles are shown in
Fig. 1, where the blue stars are the extracted gradient profile
points and the red lines are the fitting results of proposed
triangle model. To make a comparison, the fitting results of
GGD model [31] (the green curves) are also provided. As
shown in Fig. 1 (a), it is hard to estimate an accurate GGD
model with only a small number of extracted gradient profile
points, so there is large fitting error at the gradient profile
peak. Moreover, when gradient profiles are asymmetric as
shown in Fig. 1 (b), the fitting error of GGD model is even
larger. Compared with GGD model, the triangle model is quite
flexible, which can well represent gradient profiles with both
symmetric and asymmetric shapes.

B. Mixed Gaussian model

When edges are smooth, gradient profiles become longer
and profile shapes become complicated with heavy tails. For

Fig. 2. The histogram of profile length under different up-scaling ratios (R=2,
3, 4).

such kind of gradient profiles, a mixed Gaussian model is
proposed, which is a mixture of two Gaussian models

mG(x)=

 a1√
2πb1

e
-(x−c1)2

2b2
1 + a2√

2πb2
e

-(x−c2)2

2b2
2 if the value ≥ 0

0 otherwise
.

(3)
The parameters of a1 and a2 are the mixing rates of each
Gaussian model, which can be two positive numbers or a
positive value and a negative one. The parameters of b1 and b2
are the standard deviations and c1 and c2 are the mean values
of two Gaussian models.

The six parameters are estimated using the ’lsqcurvefit’
function in Matlab. To ensure the mixed Gaussian model is
unimodal, a regularization term about c1 and c2 is added in
the parameter estimation process,

(a∗1, b
∗
1, c
∗
1, a
∗
2, b
∗
2, c
∗
2)

= min
(a1,b1,c1,a2,b2,c2)

{∑
x∈p

[
m(x)− a1√

2πb1
e

−(x−c1)2

2b2
1

− a2√
2πb2

e
−(x−c2)2

2b2
2

]2
+ β(c1 − c2)2

}
(4)

where β is the regularization coefficient, which is empirically
set to be 0.1.

According to (3), there are six parameters in the mixed
Gaussian model, so there should be at least six extracted
gradient profile points input in (4). To realize a robust and
accurate parameter estimation, the number of input profile
points should be as large as possible. However, according to
the distribution histograms of gradient profile length, which
is shown in Fig. 2, the histogram of profile length decreases
dramatically as the profile length increases. (Each histogram
is generated using the 29,000 randomly extracted gradient
profiles in the up-sampled reference images of LIVE database
[41].) Thus, fewer gradient profiles can be described by mixed
Gaussian model when there is a large threshold set on gradient
profile length. To make a balance, it is assumed that only
the gradient profiles with more than eight profile points are
described by the mixed Gaussian model.
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(a) Fitting results of gradient profiles with regular shapes

(b) Fitting results of gradient profiles with complicated shapes

Fig. 3. The fitting results of mixed Gaussian model and GGD model for long
gradient profiles.

Eight fitting examples of heavy-tailed gradient profiles are
provided in Fig. 3, where the first four gradient profiles
are nearly symmetric with regular shapes and the other four
gradient profiles are asymmetric with complicated shapes. It
is shown both two models can produce good fitting results
when profiles are symmetric. However, when gradient profiles
are symmetric, the proposed mixed Gaussian model has much
better performance than the GGD model, which is more
flexible to describe the detail shape changes in the gradient
profiles with complicated shapes.

C. Evaluation of gradient profile fitting performance

To evaluate the fitting performance of proposed gradient
profile description models, an image set containing 1000
images from the INRIAPerson dataset [42] is adopted for
gradient profile extraction. For each image, edges are detected
using Canny algorithm [43]. Then, 1000 edge pixels are
selected randomly to produce 1000 gradient profiles. For
each gradient profile, both the GGD model and the proposed
gradient profile description models are adopted in the fitting
process.

For each gradient profile, if there are less than 8 extracted
profile points, the triangle model is applied; Otherwise, both
the mixed Gaussian model and the triangle model are applied,

Fig. 4. The fitting error distributions of the GGD model and the proposed
model.

and only the one with smaller fitting error is adopted in the
gradient profile description. In this way, the wrongly estimated
mixed Gaussian models can be well removed.

The fitting errors of GGD model and the proposed models
are measured using Kullback-Leibler (KL) divergence and
Chi-square distance. The distributions of fitting error are
shown in Fig. 4, where the green histogram belongs to the
GGD model and the red histogram belongs to the proposed
models. It is observed that the fitting errors of the proposed
models are dominantly distributed close to zero whether they
are measured by KL divergence or Chi-square distance. The
fitting errors of GGD model are concentrated at 0.06 using KL
divergence and concentrated at 12 using Chi-square distance.

Based on the statistical evaluation on gradient profile fitting
error, the proposed models are more appropriate for gradient
profile description. Such precise gradient profile description
models will contribute a lot for preserving the illumination
change details around edge pixels.

D. GPS definition

The key features of the triangle model and the mixed
Gausssian model are their height h and spatial scattering d.
Thus a metric of gradient profile sharpness (GPS) is defined
based on the eccentricity of two gradient profile description
models, which is the ratio of the height to the spatial scattering

η = h/d. (5)

The height h represents the edge contrast of extracted
gradient profile, which is the maximum gradient magnitude of
the gradient profile. The spatial scattering d represents the edge
spatial spread of extracted gradient profile. For triangle model,
it is defined as the distance between the horizontal intersection
points when the mT (x) in (1) equals zero. For mixed Gaussian
model, it is the distance between the two points that mG(x)
stops decreasing, which is the points whose averaged decrease
value is smaller than 5% · h (or 0.001 when h is very small),
|mG(x−1)−mG(x)|+|mG(x)−mG(x+1)|

2 < max(0.05 · h, 0.001).
(The range of gradient magnitude is normalized to [0, 1].)

GPS takes both edge contrast and edge spatial scattering in
its consideration. Since edge contrast plays an important role
in human perception of edge sharpness, GPS can represent
edge sharpness perceptually well. Two examples are shown in
Fig. 5, where the GPS values are normalized to [0, 1].

A larger GPS value implies a sharper edge, and the cor-
responding color for each GPS value is demonstrated by the
color bar on the right. As shown in Fig.5 (a), there are both
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(a) (b)

Fig. 5. Edge sharpness representation using GPS. (a) The original image.
(b) The edge sharpness image obtained using GPS. The GPS values are
normalized to [0, 1], where a larger value implies a sharper edge. The
corresponding color of each GPS value is demonstrated by the color bar.

sharp edges (in the regions of parrot and flower) and smooth
edges (in the background which is out-of-focus) in the original
images. The GPS results are shown in Fig. 5 (b), where
sharp edges and smooth edges can be distinguished easily. The
smooth edges in the background always have the smallest GPS
values, while the sharp edges in the regions of Parrots eyes
and flower always have large GPS values, which is consistent
with human perception. Thus GPS is robust and appropriate
for edge sharpness description.

III. ESTIMATE GPS TRANSFORMATION RELATIONSHIP

To obtain the target gradient field for HR image reconstruc-
tion, the gradient profiles in LR image should be transformed
into the ones in HR image. To formulate gradient profile
transformation model, the relationship of GPSs in different
image resolutions should be studied, and the parameter in the
GPS relationship should be well estimated.

A. The study of GPS transformation relationship
Following the previous works of [27], [31], [44], the rela-

tionship of GPSs in HR images and LR images is represented
using the relationship of GPSs in HR images and up-scaled
images (denoted as UR image). Thus a group of corresponding
GPS pairs (ηH , ηU ) are collected.

Given an HR image IH , its LR image IL is generated
by down-sampling IH according to the down-sampling ratio
1/R. Then an UR image IU is obtained by interpolating IL
according to the up-scaling ratio R, which produces an image
pair of (IH , IU ). After that, edge pixels in IU are detected
using Canny algorithm [43]. For each edge pixel xU0 in IU ,
its corresponding edge pixel in IH is searched by comparing
pixel spatial distance and pixel gradient difference,

xH0 = argmin
x∈N

(
d(x, xU0 )

2 + β · ‖
−→
GH(x)−

−→
GU (x

U
0 )‖2

)
(6)

where d(x, xU0 ) is the spatial distance between the positions
of x and xU0 , and ‖

−→
GH(x) −

−→
GU (x

U
0 )‖ is the magnitude of

the gradient difference between gradient vectors of x and xU0 .

(a) (b) (c)

Fig. 6. The study of GPS transformation relationship. The first row contains
three 2-D GPS distribution histograms, where the histogram values are
normalized to [0, 1] and displayed using different colors. The corresponding
color for each histogram value is demonstrated by the color bar on the
right side. The second row contains the ridge points of the 2-D GPS
distribution histogram. The third row includes the PPCC (Pearson Product-
moment Correlation Coefficient) coefficients of the GPS data in the first
row. (a), (b) and (c) are the corresponding results under three up-sale ratios
R = 2, 3, 4.

The gradient vector contains the gradients in horizontal and
vertical directions, where the magnitude range of gradient
vector is normalized to [0, 1]. The maximum magnitude of
gradient difference vector is 2, which can be obtained when
−→
GH(x) =

[
1
0

]
, and

−→
GU (x

U
0 ) =

[
−1
0

]
. Thus the range of

‖
−→
GH(x)−

−→
GU (x

U
0 )‖2 in (6) is [0, 4].

The N in (6) is the neighborhood region centered at xU0 ’s
position in IH , which is set to be 5 × 5 in this paper. Thus
the largest distance value of d(x, xU0 ) is 2

√
2, and the range

of d(x, xU0 )
2 is [0, 8].

To make a balance between the two terms in (6), the regu-
larization coefficient β is set to be 2. When the corresponding
edge pixels (xH0 , x

U
0 ) are obtained, a pair of corresponding

gradient profiles are extracted from IH and IU at the positions
of xH0 and xU0 , then the GPS pair (η(xH0 ), η(xU0 )) is calculated
according to (5).

The GPS relationship is studied under three up-scaling ratios
R = 2, 3, 4. The image set of 1000 photos from INRIAPerson
dataset [42] is adopted to produce IH images. The corre-
sponding IU is generated by down-sampling from IH and
then interpolated back. At each up-scaling ratio, 1000 pairs of
(xH0 , x

U
0 ) are collected randomly from each pair of IH and

IU , which produces 1,000,000 GPS pairs of (η(xH0 ), η(xU0 ))
in total.

Based on these GPS pairs, GPS relationship can be demon-
strated using the distribution histogram in 2-D space of
(ηH , ηU ). Three 2-D GPS distribution histograms are shown
in Fig. 6. The range of GPS value is quantized into 50
bins, which produces a 50x50 2-D GPS space. The histogram
values are normalized and displayed using different colors.
The correspondence between the histogram value and the color
is shown by the color bar.

An important observation can be draw from the histograms
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(a)

(b)

(c)

Fig. 7. Demonstration of a∗ estimation. Three up-scaling ratios R = 2, 3, 4 are adopted corresponding to (a), (b) and (c) respectively. For each up-scaling
ratio, two example images are randomly selected to show their GPS histograms of LR image (green), HR image (red), UR image and transformed GPS
histogram (blue).

in the first row of Fig. 6, that is most GPS pairs (ηH , ηU )
are tightly concentrated along a line. To further demonstrate
this observation, the ridge points of the 2-D GPS distribution
histogram is extracted. For each bin along ηU axis, its inter-
sections with all bins along ηH axis are searched to find the
ridge point with the maximum histogram value. The collected
ridge points are shown in the second row of Fig. 6. It is
clearly noted that the GPS ridge points are concentrated along
a line. Moreover, all (ηH , ηU ) data is measured using PPCC
(Pearson Product-moment Correlation Coefficient), which is a
measurement for the linear dependence between two variables.
As shown in Fig. 6, all the PPCC values of three up-scaling
ratios are above 0.7. Consequently, there is a strong linear
correlation between ηH and ηU .

A linear model is adopted to describe the GPS transforma-
tion relationship across different image resolutions.

ηH = α · ηU (7)

where α determines the enhancement degree of GPS transfor-

mation relationship.

B. Parameter estimation of GPS transformation relationship

When the up-scaling ratio R increases, edges are more
blurred during the up-scaling process. Thus the sharpness
difference between ηH and ηU becomes more significant and
the slope of the linear model (7) becomes steeper, as shown in
Fig. 6. To determine the value α for each specific image super-
resolution application, an α estimation algorithm is proposed
based on the 1-D GPS distributions in LR image and UR
image.

Since an LR image is obtained by down-sampling its
HR image, sharp edges and smooth edges suffer from the
same degree of attenuation during the down-sampling. Thus
the percentage that sharp edge pixels account for the total
image pixels is almost unchanged after down-sampling. It is
reasonable to represent the unknown GPS histogram f(ηH) in
IH with the obtained GPS histogram f(ηL) in IL. Moreover,
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according to the GPS transformation relationship in (7), it
is assumed that the estimated GPS histogram f(η̂H) in IH
should be similar with the histogram formed by the data of
α · ηU (denoted as f(α · ηU )). Therefore, the parameter α can
be estimated by minimizing the histogram difference of f(ηH)
and f(η̂H), which is represented by the histogram difference
of f(ηL) and f(α · ηU )).

α∗ = argmin
α
X 2
(
f(ηL), f(α · ηU )

)
. (8)

The accuracy of α estimation is evaluated under three up-
scaling ratios (R = 2, 3, 4). For each up-scaling ratio, two
test images are selected randomly from the LIVE database
[41], and their GPS histograms of f(ηH), f(ηU ), f(ηL) and
f(α·ηU )) are shown in Fig.7, where f(ηL) is colored in green,
f(ηH) is colored in red, f(ηU ) and f(α · ηU ) are colored
in blue. The estimated α∗ of each image super-resolution
application is labeled above each f(α · ηU ).

It can be observed that f(ηL) and f(ηH) are very similar in
most cases, so it is reasonable to represent the unknown f(ηH)
using f(ηL). Moreover, the estimated distribution f(α · ηU )
is also very close to f(ηH), which demonstrates the accuracy
of the estimated α∗.

IV. GRADIENT PROFILE TRANSFORMATION AND HR
IMAGE RECONSTRUCTION

In this section, two gradient profile transformation models
are proposed corresponding to the triangle model and the
mixed Gaussian model respectively. After gradient profile
transformation, the target gradient field of HR image can be
obtained as the prior constraints for HR image reconstruction.

Three constraints are proposed to preserve the total energy
and the shape of original gradient profile consistent during
gradient profile transformation.
• The sum of profile’s gradient magnitude should be un-

changed. It is assumed that the gradient profile approx-
imates the first derivation of image luminance change
along the gradient direction. Thus the profile’s gradient
magnitude sum represents the integration of the first
derivation of image luminance, which implies the lumi-
nance difference around edges and should be consistent
during gradient profile transformation.

• The shape of the transformed gradient profile should be
consistent with its original gradient profile, e.g. if the left
side is sharper than the right side in the original gradient
profile, such sharpness difference should be kept in the
transformed gradient profile.

• To avoid edge shifting, the transformed gradient profile
should keep its peak position unchanged (xH0 = 0).

Based on the three constraints, gradient profile transforma-
tion models can be proposed for the triangle model and the
mixed Gaussian model.

A. Gradient profile transformation for triangle model

For the triangle model, its shape has been fixed, so its
gradient profile transformation is simplified as the transforma-
tion between two triangle models. Since the sum of gradient

Fig. 8. The transformation of two triangle models, where the triangle area
and shape remain unchanged during the transformation.

magnitude is unchanged during the transformation, the triangle
area should remain unchanged. Based on this constraint and
the GPS transformation relationship (7), two triangle models
can be related as{

hHT · dHT = hUT · dUT
hHT /d

H
T = α∗ · hUT /dUT

(9)

where hHT and dHT are the height and spatial scattering of the
triangle model in HR image, hUT and dUT are the counterparts
of the corresponding triangle model in UR image. Since hUT
and dUT can be obtained from the UR image, the unknown hHT
and dHT can be calculated from (9) as{

hHT =
√
α∗ · hUT

dHT =
√
1/α∗ · dUT

(10)

The two slopes of the triangle model in HR image can
also be calculated linearly. Take the slope on the left side
for example, it can be computed as

kHleft = −
hHT
dHTleft

= − hHT
γ · dHT

=

√
α∗ · hUT√

1/α∗ · γ · dUT
= α∗kUleft

(11)
where dHTleft is the width of the left part of the triangle bottom
line. The parameter γ is the ratio of dHTleft divided by dHT ,
which is assumed to be constant to maintain the triangle shape
during the transformation. The same procedure can also be
imposed on the calculation of dHTright .

The gradient magnitude of each point on the gradient
profile can be transformed linearly. For example, the gradient
magnitude of pixel xi on the left side of the gradient profile
can be calculated as

m̂H
x =

{
kHleftdx + hHT if dx ≤ dHTleft
0 otherwise

(12)

where dx is the distance between xi and the edge pixel x0.
The whole gradient profile transformation of triangle model is
demonstrated in Fig. 8.

B. Gradient profile transformation for mixed Gaussian model

For mixed Gaussian model, its shape is not as regular as the
triangle model, thus its transformation is more complicated.
Suppose the spatial range of original gradient profile is within
[dUGleft , d

U
Gright

], the spatial range of transformed gradient
profile is with [dHGleft , d

H
Gright

], and the spatial scattering dHG is
reduced by a ratio of λ during the transformation (dHG = λdUG).
To keep profile shape consistent during the gradient profile
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transformation, the ratio of
∣∣dHGleft∣∣ to dHG should be equal to

the ratio of
∣∣dUGleft ∣∣ to dUG, which implies that

dHGleft = λdUGleft and dHGright = λdUGright . (13)

Since the gradient magnitude sum in mixed Gaussian model
is unchanged during the transformation, then

∫ dUGright

dU
Gleft

( aU1√
2πbU1

e

−(x−cU
1

)2

2(bU
1

)2 +
aU2√
2πbU2

e

−(x−cU
2

)2

2(bU
2

)2
)
dx

=

∫ dHGright

dH
Gleft

( aH1√
2πbH1

e

−(x−cH
1

)2

2(bH
1

)2 +
aH2√
2πbH2

e

−(x−cH
2

)2

2(bH
2

)2
)
dx.

(14)

To satisfy (14) and keep the shape of mixed Gaussian model
consistent, each Gaussian model is assumed to preserve its
gradient magnitude sum respectively.
∫ dUGright
dU
Gleft

aU1√
2πbU1

e

−(x−cU
1

)2

2(bU
1

)2 dx=
∫ dHGright
dH
Gleft

aH1√
2πbH1

e

−(x−cH
1

)2

2(bH
1

)2 dx

∫ dUGright
dU
Gleft

aU2√
2πbU2

e

−(x−cU
2

)2

2(bU
2

)2 dx=
∫ dHGright
dH
Gleft

aH2√
2πbH2

e

−(x−cH
2

)2

2(bH
2

)2 dx

(15)
Based on the scattering range equation (13), the right part of
the first equation in (15) can be reformulated as

∫ dHGright

dH
Gleft

aH1√
2πbH1

e

−(x−cH
1

)2

2(bH
1

)2 dx=
∫ λdUGright

λdU
Gleft

aH1√
2πbH1

e

−(x−cH
1

)2

2(bH
1

)2 dx.

(16)
Denote x = λz, (16) can be reformulated as

∫ λdUGright

λdU
Gleft

aH1√
2πbH1

e

−(x−cH
1

)2

2(bH
1

)2 dx

=
∫ dUGright

dU
Gleft

λaH1√
2πbH1

e

−(λz−cH
1

)2

2(bH
1

)2 dz

=
∫ dUGright

dU
Gleft

aH1
√
2π

bH
1
λ

e

−(z−
cH
1
λ

)2

2(
bH
1
λ

)2 dz.

(17)

Thus the equations of (15) can be expressed as

∫ dUGright
dU
Gleft

aU1√
2πbU

1

e

-(x-cU
1

)2

2(bU
1

)2 dx=
∫ dUGright
dU
Gleft

aH1
√

2π
bH
1
λ

e

-(z-
cH
1
λ

)2

2(
bH
1
λ

)2 dz

∫ dUGright
dU
Gleft

aU2√
2πbU

2

e

-(x-cU
2

)2

2(bU
2

)2 dx=
∫ dUGright
dU
Gleft

aH2
√

2π
bH
2
λ

e

-(z-
cH
2
λ

)2

2(
bH
2
λ

)2 dz.

(18)
Based on (18), the relationship between the Gaussian param-
eters are as follows{

aH1 = aU1 , bH1 = λbU1 , cH1 = λcU1
aH2 = aU2 , bH2 = λbU2 , cH2 = λcU2 .

(19)

Fig. 9. The mixed Gaussian model based gradient profile transformation. The
red curve in the left figure demonstrates that the mixed Gaussian model for
a gradient profile in UR image, where the green curve and the blue curve
are two Gaussian models multiplied with their mixing ratios. After gradient
profile transformation (20), the transformed gradient profiles in HR image are
shown in the right figure, where the green dotted curve and the blue dotted
curve are two transformed Gaussian models and the magenta dotted curve is
the transformed mixed Gaussian model.

Thus the mixed Gaussian model for HR image is

mG(x) = aU1√
2πλbU1

e

−(x−λcU
1

)2

2(λbU
1

)2 + aU2√
2πλbU2

e

−(x−λcU
2

)2

2(λbU
2

)2 if the value ≥ 0

0 otherwise
(20)

There is only one parameter λ to be estimated in the gra-
dient profile transformation model of mixed Gaussian model.
According to the GPS definition, there is ηH = hH/dH , where
dH = λdU and hH can be approximated by the peak value of
mG(0) in (20).

hH =
aU1√
2πλbU1

e

−(λcU
1

)2

2(λbU
1

)2 +
aU2√
2πλbU2

e

−(λcU
2

)2

2(λbU
2

)2

=
1

λ
·
{ aU1√

2πbU1
e

−(cU
1

)2

2(bU
1

)2 +
aU2√
2πbU2

e

−(cU
2

)2

2(bU
2

)2
}

=
hU

λ
.

(21)

Thus the GPS definition can be reformulated as

ηH =
hH

dH
=
hU/λ

λdU
=

1

λ2
ηU . (22)

According to the GPS transformation relationship in (7), where
ηH = α∗ηU , the parameter λ can be calculated as λ =

√
1
α∗ .

A demonstration of gradient profile transformation for
mixed Gaussian model is shown in Fig. 9, where the GPS
enhancement parameter α∗ is set to be 4. It can be observed
that the original profile shape (the red curve in the left image)
is well preserved in its transformed profile (the magenta dotted
curve in the right image), where the right side is sharper than
the left side. Moreover, the transformed gradient profile are
more concentrated in the central region, which makes the edge
sharper in the generated HR images.

C. Evaluation of gradient profile transformation model

To evaluate the performance of the proposed gradient pro-
file transformation model, a statistical analyze is made on
the fitting errors between the transformed gradient profiles
and their corresponding gradient profiles in HR image. The
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Fig. 10. The fitting error distribution of the GGD based gradient profile
transformation model (green histogram) and the proposed gradient profile
transformation model (red histogram).

matched gradient profiles are extracted in 1000 pairs of UR
image and HR image following the same idea in Section III-
B. Then the transformed gradient profiles are generated using
proposed gradient profile transformation model. To make a
comparison, the fitting errors of GGD based gradient profile
transformation model are also provided. The fitting errors are
measured using KL divergence and Chi-square distance. The
distribution histograms of fitting errors are shown in Fig. 10
(a) and (b).

Since the HR image contains more high frequency infor-
mation, it is hard to make the transformed gradient profiles
exactly same with the gradient profiles extracted in HR image.
By comparing Fig. 4 and Fig. 10, it is noted that the fitting
errors in Fig.10 are larger than the ones in Fig. 4. However, the
fitting errors of the proposed gradient profile transformation
model is still concentrated close to zero, which are much
smaller than the fitting errors of the GGD based gradient
profile transformation models.

D. HR image reconstruction

Based on the gradient profile transformation models of
(12) and (20), gradients in UR image can be transformed
to generate the target gradient field 5ÎH for HR image.
When the prior 5ÎH is added in the HR image reconstruction
model, HR image can be obtained by minimizing the sum of
reconstruction error in image domain and gradient domain

I∗H = min
IH

E(IH |IL,5ÎH)

= min
IH

(
EI(IH |IL) + β · EG(5IH | 5 ÎH)

)
,

(23)

where EI(IH |IL) implies that the smoothed and down-
sampled version of HR image should be consistent with its
LR image

EI(IH |IL) = ‖ ↓ (IH ⊗G)− IL‖2, (24)

and EG(5IH | 5 ÎH) implies that the gradients of HR image
should be consistent with the estimated gradients 5ÎH

EG(5IH | 5 ÎH) = ‖ 5 IH −5ÎH‖2. (25)

The parameter β in (23) is the regularization coefficient to
obtain a trade-off between the two terms. In our experiments,
β = 0.85 is empirically selected to achieve a good balance
between reconstruction artifacts and consistency of image
color and contrast.

Since the energy function (23) is a quadratic function with
respect to IH , the global minimum value can be reached by a
gradient descent approach

It+1
H = ItH − τ ·

(
∂E(ItH |IL,5ÎH)/∂ItH

)
(26)

where

∂EI(I
t
H |IL)

∂ItH
= 2G⊗ ↑

(
↓ (ItH ⊗G)− IL

)
(27)

EG(5ItH | 5 ÎH)

∂ItH

=
∂
(
‖ 5x ItH −5xÎH‖2 + ‖ 5y ItH −5y ÎH‖2

)
∂ItH

(28)

Denote 5xItH = ItHDx, 5yItH = DyI
t
H , equation (28)

becomes

EG(5ItH | 5 ÎH)

∂ItH
= 2
[
ItHDxD

T
x −5xÎHDT

x +DT
y DyI

t
H −DT

y 5y ÎH
]
(29)

In the implementation of (26), the step size τ is set to be 0.2,
the up-scaled image IU is used as the initial value of IH , and
the iteration number is set to be 100. These parameters are
not sensitive to different super-resolution applications.

V. EXPERIMENTAL RESULTS

To fully evaluate the proposed approach, comparisons be-
tween the proposed approach and the state-of-the-art super-
resolution approaches are made on subjective visual effect,
objective quality, and computation time. Given a colorful LR
image, the image is first transformed from RGB color space to
YUV color space, and super-resolution is performed only on
the luminance channel image. In this way, there is less color
distortions in the estimated HR image. The test LR images
in Section V-A and V-B can be downloaded from public web
sites [45], [46], [47], and the test LR image in Section V-C are
generated by directly down-sampling from their corresponding
HR images.

As mentioned above, the enhancement parameter α in (7) is
learned according to (8), the weight β in (23) is set to be 0.85,
and the step size τ in (26) is set to be 0.2. The Gaussian kernel
G in (24) has different sizes according to different up-scaling
factors: a 3x3 mask with a standard deviation of 0.8 for X2
super-resolution, a 5x5 mask with a standard deviation of 1.2
for X3 super-resolution, a 7x7 mask with standard deviation of
1.4 for X4 super-resolution, and a 9x9 with standard deviation
of 1.6 for the super-resolution reconstruction whose up-scaling
factor is larger than 4.

Since the approach Sun11 in [31] and the proposed approach
both solve the image super-resolution problem by modeling
edge gradient profiles, the two approaches are compared
first. Then the proposed method is compared with other
interpolation-based, learning-based and reconstruction-based
image super-resolution approaches.
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IL Sun11[31] Our results Ground truth

Head SSIM: 0.75, RMS: 8.4 SSIM: 0.86, RMS: 6.6

Lady SSIM: 0.89, RMS:9.5 SSIM: 0.91, RMS: 9.4

Starfish
SSIM: 0.79,
RMS:11.5

SSIM: 0.84,
RMS:11.3

Fig. 11. The comparison between the method in [31] and the proposed
method. The up-scaling ratio of image Head is 4 (LR is 70x70 and HR is
280x280), and the up-scaling ratio of Lady and Starfish is 3 (LR is 107x160
and HR is 321x480)

A. Comparison with gradient profile based super-resolution
method

The main difference between the work Sun11 [31] and the
proposed approach are in four aspects, which are listed as
below:

1) The work Sun11 [31] adopted symmetric GGD model for
its gradient profile description. The proposed approach utilizes
triangle model and mixed Gaussian model to describe gradient
profiles with different lengths and complicated asymmetric
shapes, which are more flexible to produce better fitting
performance.

2) The edge sharpness metric of Sun11 [31] is based on
normalized gradient profile, where the magnitude difference
between different gradient profiles is neglected during profile
normalization. The proposed metric GPS considers both gradi-
ent profile’s gradient magnitude and spatial scattering, which
emphasizes the impact of illumination contrast on human
visual perception.

3) The work Sun11 [31] proposed an exponential sharpness
enhancement function. The proposed approach has a linear
GPS transformation relationship between different image res-

olutions, where its validity is proved by the PPCC values in
Fig. 6. Moreover, the parameter of GPS transformation model
can be estimated automatically for each specific image super-
resolution application.

4) In the work Sun11 [31], gradient profiles are transformed
to be symmetric due to the symmetric GGD model. In the
proposed approach, gradient profiles are transformed under
the constraint that the sum of gradient magnitude and the
shape of gradient profile should be consistent during the
transformation. Based on these constraint, gradient profiles are
enhanced according to their original shapes, which makes the
generated HR image more close to the ground truth.

Three super-resolution comparisons between the method
Sun11 [31] and the proposed approach are provided in Fig. 11.
The three images are the publicly available images that Sun11
[31] had provided their ground truth HR images, estimated
HR images and objective measurement results totally. The
objective measurements adopted in the comparison are RMS
(Root Mean Square) and SSIM (Structural SIMilarity) [48],
where RMS is a measurement for reconstruction error and
SSIM is a measurement for the structural similarity between
the estimated HR image and the ground truth HR image. A
lower RMS value and a higher SSIM value represent a better
reconstruction result.

As demonstrated by the results in Fig. 11, the proposed
approach outperforms the method Sun11 [31] in both objective
and subjective measures. The proposed approach can generate
clearer HR images with little artifacts, since GPS is more
consistent with human perception and the proposed gradient
profile description models are more accurate. The objective
measurements also show that the HR image estimated by the
proposed approach is more consistent with the ground truth
HR image in higher visual similarity and lower reconstruction
error.

B. More comparisons with the state-of-the-art methods

The proposed method is compared with more state-of-the-
art super-resolution methods, which include one interpolation-
based method (ICBI11 [6]), three reconstruction-based meth-
ods (Fattal07 [27], Shan08 [32] and Sun11 [31]), four learning-
based methods (Freeman02 [7], Glasner09 [13] and Freed-
man11 [14], BPJDL13 [17]), and one leading commercial
product Genuine FractalsTM [49]. The super-resolution results
of [6], [7], [13], [14], [27], [32], [31] are available from the
public website of [45], [46], [47].

The comparison results are shown in Fig. 12 to Fig. 15.
In general, it can be observed that the interpolation-based
method [6] and the commercial product [49] are always gen-
erate blurred HR image. The learning-based super-resolution
methods ([7], [13], [14], [17]) can produce vivid HR images
by hallucinating details from example patches. However, the
hallucinated details may be different from the ground truth HR
image. The results of reconstruction-based super-resolution
methods ([27], [31], [32] and the proposed approach) are
more faithful to the ground truth, but are less vivid since high
frequency details are lost. Compared with the state-of-the-art
methods, the proposed approach achieves comparable or even
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Results of learning-based methods

SSIM: 0.563, RMS: 23.728 SSIM: 0.567, RMS: 23.609 SSIM: 0.574, RMS: 24.065 SSIM: 0.689, RMS: 17.082
(a) Freeman02 [7] (b) Glasner09 [13] (c) Freedman11 [14] BPJDL13 [17]

Result of interpolation-based method Results of reconstruction-based method

SSIM: 0.608, RMS: 21.680 SSIM: 0.616, RMS: 23.713 SSIM: 0.676, RMS: 18.265 SSIM: 0.752, RMS: 15.318
(e) ICBI11 [6] (f) Fattal07 [27] (g) Shan08 [32] (h) Our result

Fig. 12. The 4X super-resolution on ‘Baby’ image. LR is 128x128, and HR is 512x512.

Results of learning-based method

(a)Glasner09 [13] (b) Freedman11 [14] (c) BPJDL13 [17]
Results of reconstruction-based methods

(d) Fattal07 [27] (e) Shan08 [32] (f) Our result

Fig. 13. The 4X super-resolution on ‘Chip’ image. LR is 244x200, and HR is 976x800. Please zoom in to see the detail changes.
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Result of a commercial product Result of learning-based method

(a) Geniue FractalsTM [49] (b)Freedman11 [14] (c) BPJDL13 [17]
Result of reconstruction-based methods

(d) Fattal07 [27] (e) Shan08 [32] (f) Our result

Fig. 14. The 3X super-resolution on ‘Kitchen’ image. LR is 188x188, and HR is 564x564.

better super-resolution results in most situations. A detailed
analysis about each test image is given below.

Since the ground truth of ‘Baby’ HR image is available,
both objective measurement (SSIM and RMS) and subjective
measurement can be evaluated for all methods. As shown
in Fig. 12, the learning-based methods [7], [13], [14], [17]
produce good visual quality. Among the four methods, the
learned high-frequency information of (a), (b), (c) are different
from the original HR image, which produces low objective
measurement values. The method [17] produce excellent ob-
jective measurement, but jagged edges can be observed in
the eyelid region of (d). The result of interpolated method
(e) is most blurred. The reconstruction-based super-resolution
methods make a tradeoff between visual effect and the fidelity
to its original HR image. Among these approaches, the edges

on baby’s eyelid fold seems jaggy in result of (f). The result
of (g) seems blurred and it also has jaggy artifacts around the
contour of baby face. Compared with the above mentioned
methods, the proposed method achieves a clear HR image with
the best objective quality measurement.

The ‘Chip’ image contains artificial edges on the numbers
and English letters. As shown in Fig. 13, there are obvious
artifacts on the chip border in the results of (a), (c) and (d),
and on the characters of (c) and (e), as marked by red boxes.
For the image (b), it is noticed that the letters like ‘A’ and ‘7’
have been changed greatly, which is different with the results
of other methods. The result of the proposed approach (f) has
little artifacts, which is highly consistent with the LR image.

The ‘Kitchen’ image is quite complicated with different
kinds of straight lines and curves at different resolutions. The
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generated HR images are listed in Fig. 14. It is shown that the
result of (a) is a little bit noisy and unclear. The result (b),
as pointed out in the red box, has some edges over-enhanced
while some edges are merged together. In the results of (c), (d)
and (e), jagged edges can be observed obviously in the regions
of carpet, which are marked with yellow boxes. The proposed
approach generates a clear HR image with little artifacts as
shown in (f).

An image super-resolution application with large up-
sampling factor (R=8) is made on the ‘Status’ image, where
the results are shown in Fig. 15. Since the up-sampling
rate is large, less similar patches can be learned to generate
the high frequency information of HR image. Therefore, the
result of (a) becomes excessive hallucinated in the eye region,
which looks different with the other results. The edges in the
result of (b) seems jaggy. For the reconstruction-based image
super-resolution methods, obvious jaggy artifacts can also be
observed in the results of (c), (d) (the eyelid region) and (e)
(the top left corner of the local image). Moreover, in the result
of (d), smooth edges are over-enhanced, which changes the
status’s texture appearance. The proposed method generated
an excellent HR image, where the skin region is quite smooth
while the sharp edges are well enhanced without artifacts, as
shown in (f).

C. Comparison in objective quality measurement
A comparison in objective quality measurement is made

to evaluate the three categories of super-resolution methods
including one interpolation-based method (ICBI11 [6]), two
learning-based methods (Freedman11 [14] and CSR11 [15])
and three reconstruction-based methods (Shan08 [45], Sun11
[31] and the proposed method), which achieved state-of-the-art
super-resolution results.

The HR images in this comparison are from the LIVE
database [41], which is a widely-used database containing 29
reference images of the most common image categories. The
HR image index and its corresponding image name is listed
in Table I. The LR images are generated by down-sampling
the HR images according to three ratios (1/2, 1/3, and 1/4)
without anti-aliasing filtering. Then the HR images are up-
scaled back using the six selected super-resolution methods.
The parameters of [6], [14], [15], [45], [31] are set according
to the suggested values in their corresponding papers. All the
methods are compared using the objective measurements of
SSIM and RMSE, and the results are listed in Table II and
Table III.

As aforementioned, the learning-based super-resolution
methods try to enhance HR images by learning high frequency
details from other example patches (Freedman11 [14]) or
a sparse representation model (CSR11 [15]). Generally, the
learned details cannot be exactly consistent with the original
details. Thus the objective measurement results of learning-
based methods (Freedman11 and CSR11) are poor with low
SSIM and high RMSE values as compared with the other
kinds of methods. Among the two methods, CSR11 obtained
superior improvement to Freedman11, since it not only consid-
ered image local redundancy but also exploited image nonlocal
redundancy.

The interpolation-based method ICBI11 [6] has better result
than Freedman11 and CSR11 when the up-scaling ratio is
small (R = 2, 3). However, as the up-scaling ratio increases,
its estimated HR images begin to suffer from blurring, and the
SSIM and RMS results become worse for R = 4.

The reconstruction-based methods have the best objective
measurement results due to the constraint that the down-
sampled version of the estimated HR image should be con-
sistent with its LR image. The method Shan08 [32] real-
ized its super-resolution by a feedback scheme of iterative
de-convolution and re-convolution, whose results are highly
dependent on an appropriate convolution kernel. Instead of
using a fixed kernel, the method Sun11 [31] and the proposed
method are based on the analysis of local gradient profiles.
The results of Sun11 is close to the results of Shan08 even
without a feedback scheme. The proposed method achieves
the highest SSIM value and the smallest RMS value in most
results under different up-scaling ratios.

D. Comparison in computation time

The computation time of super-resolution methods is mainly
affected by three factors: image content, LR/HR image size,
and up-scaling ratio. The effect of image content can be
eliminated by making a statistical analysis on large amount
of LR images. Thus only the impacts of LR/HR image size
and up-scaling ratio are discussed in this section.

The reference images adopted in the experiment are from
LIVE database [41]. All the methods are tested under four
HR image sizes (240× 240, 480× 480, 720× 720, and 960×
960) and three up-scaling ratios (R = 2, 3, 4), where their
corresponding LR image sizes are shown in the second column
of Table IV. For each HR image size and each up-scaling
ratio, 100 LR images are generated by first randomly selecting
an image and then randomly picking up a region with the
LR image size. The computation time is represented by the
mean value and standard deviation of the 100 super-resolution
implementations.

The six methods adopted in the comparison are one
interpolation-based method (ICBI11 [6]), two learning-based
methods (Freedman11 [14], and CSR11 [15]), and three
reconstruction-based methods (Shan08 [32], Sun11 [31] and
the proposed method). Shan08 has provided an executable
program on the website [45]. Since there are no public
codes/software for Freedman11 and Sun11, these two methods
are implemented by ourselves, where the parameter configu-
ration are set according to [14] and [31]. The test platform
for ICBI11, Freedman11, CSR11, Sun11, and the proposed
approach is MATLAB R2010a. All the methods are executed
on a computer of Intel Core2 CPU with 2.33 GHz, 1.95GB
memory. The results of computation time are listed in Table
IV. Since ICBI11 can only afford a super-resolution image
with a 2N up-scaling ratio (N is a positive integer), there is
not the computation time of ICBI11 under the up-scaling ratio
of 3.

Three basic observations can be drawn from Table IV:
(1) The interpolation-based method has the fastest com-

putation speed, the learning-based methods need the longest
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Learning-based method Reconstruction-based method

(a) Freedman11 [14] (b) BPJDL13 [17] (c) Fattal07 [27]
Reconstruction-based method

(d) Sun11 [31] (e) Shan08 [32] (f) Our result

Fig. 15. The 8X super-resolution on ‘Status’ image. LR is 70x85, and HR is 560x680.

TABLE I
THE IMAGE INDEX NUMBERS AND THEIR CORRESPONDING IMAGE NAMES IN LIVE DATABASE[41]

Index
number Image name Index

number Image name Index
number Image name Index

number Image name Index
number Image name

1 bikes 2 building2 3 buildings 4 caps 5 carnivaldolls
6 cemetry 7 churchandcapitol 8 coinsinfountain 9 dancers 10 flowersonih35

11 house 12 lighthouse2 13 lighthouse 14 manfishing 15 monarch
16 ocean 17 paintedhouse 18 parrots 19 plane 20 rapids
21 sailing1 22 sailing2 23 sailing3 24 sailing4 25 statue
26 stream 27 studentsculpture 28 woman 29 womanhat
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TABLE II
SSIM RESULTS OF DIFFERENT METHODS UNDER DIFFERENT UP-SCALING RATIOS ON THE LIVE IMAGE DATASET.

No
Learning-based Interpolation-based Reconstruction-based

Freedman11 [14] CSR11 [15] ICBI11 [6] Shan08 [32] Sun11 [31] Our results
R=2 R=3 R=4 R=2 R=3 R=4 R=2 R=3 R=4 R=2 R=3 R=4 R=2 R=3 R=4 R=2 R=3 R=4

1 0.785 0.584 0.434 0.772 0.585 0.549 0.817 0.630 0.533 0.864 0.759 0.656 0.868 0.740 0.632 0.889 0.787 0.680
2 0.697 0.461 0.339 0.665 0.489 0.422 0.755 0.528 0.415 0.823 0.688 0.559 0.817 0.654 0.529 0.849 0.716 0.590
3 0.704 0.512 0.389 0.747 0.524 0.471 0.740 0.548 0.459 0.798 0.685 0.597 0.801 0.662 0.568 0.848 0.705 0.615
4 0.892 0.801 0.738 0.904 0.837 0.827 0.904 0.833 0.795 0.902 0.860 0.829 0.919 0.867 0.830 0.926 0.880 0.839
5 0.823 0.686 0.626 0.814 0.704 0.682 0.863 0.738 0.670 0.888 0.824 0.759 0.892 0.821 0.752 0.901 0.841 0.770
6 0.678 0.466 0.455 0.699 0.566 0.533 0.791 0.584 0.491 0.843 0.717 0.607 0.849 0.704 0.596 0.866 0.743 0.636
7 0.820 0.686 0.566 0.811 0.670 0.637 0.831 0.687 0.618 0.864 0.790 0.719 0.874 0.778 0.704 0.889 0.801 0.728
8 0.798 0.635 0.549 0.817 0.657 0.637 0.850 0.703 0.627 0.882 0.808 0.738 0.894 0.803 0.728 0.903 0.830 0.757
9 0.611 0.566 0.482 0.698 0.566 0.531 0.781 0.592 0.507 0.835 0.736 0.643 0.838 0.710 0.612 0.851 0.739 0.648

10 0.639 0.600 0.489 0.714 0.573 0.499 0.777 0.582 0.487 0.840 0.719 0.605 0.834 0.691 0.583 0.858 0.732 0.625
11 0.791 0.647 0.563 0.800 0.677 0.665 0.829 0.689 0.628 0.853 0.759 0.689 0.869 0.769 0.698 0.880 0.796 0.723
12 0.731 0.647 0.618 0.765 0.690 0.659 0.814 0.682 0.628 0.837 0.745 0.680 0.846 0.752 0.684 0.866 0.778 0.706
13 0.848 0.727 0.618 0.826 0.715 0.685 0.843 0.721 0.666 0.875 0.801 0.739 0.881 0.796 0.731 0.889 0.819 0.755
14 0.669 0.444 0.452 0.718 0.609 0.572 0.790 0.620 0.552 0.831 0.724 0.643 0.840 0.718 0.636 0.855 0.746 0.662
15 0.922 0.831 0.741 0.908 0.850 0.836 0.941 0.867 0.820 0.947 0.931 0.901 0.953 0.925 0.888 0.960 0.935 0.903
16 0.825 0.704 0.616 0.831 0.713 0.687 0.818 0.701 0.646 0.836 0.745 0.692 0.851 0.759 0.702 0.869 0.782 0.721
17 0.772 0.609 0.507 0.779 0.630 0.605 0.812 0.653 0.582 0.858 0.758 0.675 0.859 0.749 0.665 0.878 0.783 0.696
18 0.928 0.869 0.820 0.919 0.880 0.873 0.940 0.883 0.852 0.942 0.916 0.888 0.955 0.921 0.892 0.954 0.930 0.900
19 0.890 0.800 0.726 0.856 0.815 0.806 0.887 0.812 0.775 0.896 0.851 0.815 0.907 0.852 0.811 0.912 0.865 0.824
20 0.773 0.620 0.499 0.779 0.628 0.603 0.817 0.658 0.577 0.850 0.752 0.668 0.862 0.752 0.666 0.880 0.785 0.700
21 0.771 0.628 0.510 0.759 0.618 0.583 0.767 0.610 0.543 0.808 0.684 0.603 0.814 0.690 0.608 0.844 0.725 0.638
22 0.828 0.784 0.749 0.854 0.795 0.781 0.883 0.792 0.747 0.898 0.853 0.805 0.909 0.851 0.799 0.911 0.867 0.814
23 0.783 0.751 0.711 0.848 0.758 0.743 0.874 0.767 0.715 0.893 0.841 0.786 0.906 0.842 0.784 0.909 0.861 0.802
24 0.798 0.654 0.553 0.806 0.668 0.649 0.807 0.669 0.610 0.831 0.740 0.677 0.847 0.744 0.677 0.863 0.770 0.701
25 0.799 0.730 0.714 0.847 0.759 0.748 0.887 0.779 0.722 0.908 0.857 0.802 0.919 0.861 0.802 0.924 0.880 0.821
26 0.671 0.467 0.320 0.624 0.468 0.410 0.685 0.478 0.392 0.751 0.596 0.489 0.746 0.584 0.481 0.795 0.636 0.529
27 0.726 0.487 0.374 0.722 0.509 0.437 0.774 0.545 0.428 0.843 0.707 0.570 0.838 0.678 0.545 0.867 0.729 0.601
28 0.655 0.574 0.531 0.744 0.615 0.584 0.801 0.635 0.556 0.841 0.739 0.645 0.847 0.737 0.641 0.869 0.775 0.680
29 0.777 0.726 0.689 0.832 0.760 0.751 0.866 0.761 0.711 0.876 0.811 0.760 0.896 0.826 0.769 0.905 0.849 0.787
avg 0.773 0.645 0.565 0.788 0.666 0.637 0.826 0.681 0.612 0.859 0.772 0.698 0.867 0.767 0.690 0.882 0.796 0.719

TABLE III
RMS RESULTS OF DIFFERENT METHODS UNDER DIFFERENT UP-SCALING RATIOS ON THE LIVE IMAGE DATASET.

No
Learning-based Interpolation-based Reconstruction-based

Freedman11 [14] CSR11 [15] ICBI11 [6] Shan08 [32] Sun11 [31] Our results
R=2 R=3 R=4 R=2 R=3 R=4 R=2 R=3 R=4 R=2 R=3 R=4 R=2 R=3 R=4 R=2 R=3 R=4

1 18.85 29.80 32.11 17.83 23.93 24.17 15.42 22.18 24.83 13.82 16.39 19.22 12.66 17.31 20.30 11.94 16.25 19.21
2 29.07 38.60 42.68 26.97 33.89 34.60 23.71 31.99 36.04 20.83 24.57 28.95 19.13 25.56 29.86 18.75 23.97 28.31
3 24.92 34.88 41.23 24.15 29.50 30.81 21.89 29.93 32.97 18.80 22.09 25.25 17.69 23.12 26.53 17.36 22.07 25.20
4 7.68 11.07 13.78 6.12 8.18 8.79 6.15 8.67 10.12 5.50 6.53 7.59 5.21 6.82 7.99 5.03 6.52 7.75
5 19.05 24.03 28.00 15.62 19.44 20.24 16.77 19.85 24.05 12.08 15.18 18.81 12.25 15.57 19.10 12.01 14.46 17.57
6 23.84 32.08 30.89 18.07 22.07 22.56 17.53 24.96 26.82 14.44 18.76 21.78 14.04 19.68 22.58 13.50 18.52 21.53
7 18.10 24.92 30.98 18.49 21.19 21.97 17.01 23.85 26.59 14.56 17.38 20.30 13.48 18.36 21.20 13.36 17.34 20.13
8 15.07 23.18 25.71 13.01 18.32 18.73 12.72 17.91 21.20 10.22 11.90 14.77 9.50 12.53 15.50 9.37 11.73 14.48
9 32.01 32.27 35.25 23.54 27.45 28.53 20.63 29.94 31.99 17.56 21.80 24.44 16.88 22.89 25.75 16.61 21.64 23.92

10 31.76 32.89 36.94 25.86 29.57 30.59 23.75 31.17 34.55 21.21 25.07 29.09 19.63 25.79 29.62 19.46 24.57 28.37
11 11.51 15.77 17.22 9.23 12.04 12.77 9.60 13.19 14.27 8.47 10.32 11.83 8.31 10.56 12.05 8.00 10.11 11.72
12 20.65 23.17 23.07 11.22 14.39 16.95 13.25 18.49 19.98 11.96 14.16 16.33 11.21 14.64 16.90 11.01 14.03 16.24
13 12.75 18.36 23.81 10.62 11.45 14.39 12.27 16.96 18.60 10.78 12.73 14.47 10.26 13.23 15.07 10.03 12.67 14.43
14 24.16 34.06 33.88 18.30 20.48 21.20 17.07 23.17 24.65 13.62 17.66 19.51 13.50 18.27 20.21 13.19 17.21 18.94
15 10.79 18.08 24.25 12.34 15.85 16.13 9.13 15.29 18.11 7.65 8.40 10.57 6.61 9.65 12.18 6.49 8.65 11.16
16 9.10 11.49 13.50 8.20 10.32 10.66 8.51 10.88 12.32 7.63 9.17 10.20 7.31 9.19 10.26 7.24 8.94 10.09
17 17.29 22.77 25.45 14.61 17.46 19.44 14.58 19.23 20.63 13.12 15.53 17.43 12.58 16.02 17.90 12.49 15.44 17.46
18 7.54 11.63 14.00 7.49 8.72 9.73 6.16 9.49 10.91 5.56 6.48 8.01 4.95 6.89 8.43 4.67 6.40 8.00
19 10.49 16.26 20.53 9.66 12.07 12.40 9.44 13.56 15.31 8.13 9.93 11.41 7.88 10.38 11.98 7.53 9.65 11.22
20 13.49 18.43 22.35 13.04 16.09 17.59 11.55 16.44 18.66 10.06 12.03 14.25 9.59 12.50 14.73 9.32 11.87 14.19
21 15.74 19.81 22.35 13.26 15.07 16.59 13.27 17.28 18.60 11.83 13.91 15.77 11.46 14.16 16.08 11.25 13.69 15.63
22 13.99 15.27 15.80 9.91 11.48 12.31 8.85 13.13 14.76 7.40 8.62 10.64 7.02 9.33 11.31 6.77 8.72 10.62
23 13.38 14.05 15.20 9.26 12.00 12.94 9.10 12.58 13.83 7.55 8.94 10.49 7.27 9.23 10.85 7.14 8.72 10.37
24 12.55 16.94 19.71 11.99 14.28 15.47 11.00 15.00 16.44 9.77 11.56 13.08 9.36 12.03 13.58 9.26 11.55 13.14
25 13.43 16.02 16.59 9.62 12.56 13.70 9.11 12.82 14.20 7.63 9.02 10.53 7.53 9.31 10.90 7.21 8.83 10.45
26 21.12 27.60 32.19 19.73 22.52 25.25 19.63 25.23 27.04 18.12 20.76 23.16 17.00 21.21 23.61 16.93 20.45 22.94
27 23.27 30.80 34.28 21.95 25.21 27.75 19.15 26.25 29.46 16.83 20.31 24.19 15.42 20.97 24.71 15.18 19.75 23.53
28 19.26 20.66 20.82 14.36 17.15 19.38 13.27 17.67 19.21 11.98 13.90 15.92 11.25 14.25 16.33 11.20 13.58 15.79
29 11.08 12.67 14.19 7.88 10.04 11.35 7.44 10.75 12.07 6.35 7.80 9.12 6.25 7.85 9.37 5.92 7.41 8.97
avg 17.31 22.33 25.06 14.56 17.68 18.86 13.72 18.89 20.97 11.85 14.17 16.45 11.21 14.73 17.06 10.97 13.96 16.25
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TABLE IV
COMPUTATION TIME RESULTS OF DIFFERENT METHODS UNDER DIFFERENT UP-SCALING RATIOS ON THE LIVE IMAGE DATASET.

HR size Up-scaling ratio Computational Time Measured in Seconds (mean value, standard deviation)
ICBI11 [6] Freedman11 [14] CSR11 [15] Sun11 [31] Shan08 [32] Proposed

240x240 R=2 (0.55, 0.08) (92.93, 1.98) (399.79, 100.88) (3.44, 2.06) (3.17, 0.12) (5.94, 4.91)
480x480 R =2 (2.39, 0.03) (377.80, 3.79) (2111.21, 415.22) (12.02, 4.37) (5.94, 0.35) (24.01, 17.74)
720x720 R =2 (5.51, 0.82) (862.55, 5.13) (3993.43, 719.78) (27.18,10.73) (39.26, 0.93) (49.83, 31.84)
960x960 R =2 (9.99, 0.14) (1543.00, 23.52) (7250.60, 873.97) (50.79, 22.79) (57.77, 2.14) (82.22, 46.61)
240x240 R =3 – (68.54, 1.51) (374.64, 105.70) (2.66, 2.48) (1.73, 0.10) (6.64, 4.89)
480x480 R =3 – (282.92, 6.48) (1543.67, 502.68) (6.83, 2.71) (6.34, 0.23) (30.25, 16.21)
720x720 R =3 – (646.33, 9.21) (3102.31, 693.94) (20.91, 10.89) (11.69, 0.36) (55.58, 40.33)
960x960 R =3 – (1183.00, 77.02) (5343.98, 1096.58) (39.85, 23.59) (23.23, 0.99) (114.38, 63.31)
240x240 R =4 (0.64, 0.02) (70.62, 1.23) (251.69, 28.96) (1.68, 0.94) (1.76, 0.09) (9.56, 8.21)
480x480 R =4 (2.91, 0.04) (290.13, 6.50) (1547.56, 525.77) (5.48, 6.98) (7.54, 0.46) (33.81, 21.17)
720x720 R =4 (6.78, 0.08) (663.42, 7.85) (3271.93, 513.95) (16.80, 7.87) (14.45, 0.62) (61.98, 48.46)
960x960 R=4 (12.21, 0.15) (1209.27, 36.84) (5808.28, 1418.26) (26.41, 14.44) (29.95, 1.08) (133.7, 95.07)

computation time, and the reconstruction-based methods is
a tradeoff between the two kinds of methods. Among the
reconstruction-based methods, the computation time of the
proposed method is larger than Shan08 and Sun11 due to the
estimation of mixed Gaussian model.

(2) When the up-scaling factor is fixed, the computation
time of all methods increases as the HR/LR image size grows.
When the HR image size is fixed, the change of computation
time is complicated as the up-scaling ratio increases. For
ICBI11, a larger up-scaling factor means more iterations and
longer computation time. For Sun11, its computation time
decreases since there are less edge pixels in the UR image.
For the proposed method, its computation time increases since
more heavy-tailed gradient profiles in the UR image need
to be described using mixed Gaussian model. There is not
a certain rule for Shan08, Freedman11 and CSR11. These
three methods need to search matched pixeles/patches during
their implementation. As up-scaling ratio grows, the searching
iteration becomes larger, but the patches to be searched in
LR image become less. These two factors are with opposite
effects, which makes the change of computation time of
Shan08, Freedman11 and CSR11 more complicated.

(3) The computation time deviation also varies for different
methods. ICBI11 and Shan08 implement the same operation
for all pixels, thus they have small standard deviations. The
methods of Freedman11, CSR11, Sun11, and the proposed
approach are with large standard deviations, since their com-
putation time varies greatly for a smooth image and a richly-
textured image.

VI. CONCLUSION

In this paper, a novel single image super-resolution algo-
rithm is proposed based on the edge sharpness metric of GPS.
Two gradient profile description models are proposed for rep-
resenting gradient profiles with different lengths and different
complicated shapes. Then, GPS is defined, the GPS transfor-
mation relationship is studied statistically, and a method is
proposed to estimate the parameter of GPS transformation
relationship automatically. Based on the transformed GPS,
two gradient profiles transformation models are proposed,
which can keep the profile magnitude sum and profile shape
consistent during the transformation. Finally, the transformed
gradients are utilized as priors in the high resolution image re-
construction. Plenty of experiments are conducted to evaluate

the performance of the proposed method on subjective visual
quality, objective quality, and computation time. Experimental
results show that the proposed approach can faithfully recover
high-resolution image with little observable artifacts.
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