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A Single-Image Super-Resolution Method Based on
Progressive-Iterative Approximation

Yunfeng Zhang , Ping Wang , Fangxun Bao , Xunxiang Yao, Caiming Zhang , and Hongwei Lin

Abstract—In this paper, a novel single image super-resolution
(SR) method based on progressive-iterative approximation is
proposed. To preserve textures and clear edges, the image SR
reconstruction is treated as an image progressive-iterative fitting
procedure and achieved by iterative interpolation. Due to different
features in different regions, we first employ the nonsubsampled
contourlet transform (NSCT) to divide the image into smooth
regions, texture regions, and edges. Then, a hybrid interpolation
scheme based on curves and surfaces is proposed, which differs
from the traditional surface interpolation methods. Specifically,
smooth regions are interpolated by the non-uniform rational
basis spline (NURBS) surface geometric iteration. To retain
textures, control points are increased, and the progressive-iterative
approximation of the NURBS surface is employed to interpolate
the texture regions. By considering edges in an image as curve
segments that are connected by pixels with dramatic changes,
we use NURBS curve progressive-iterative approximation to
interpolate the edges, which sharpens the edges and can maintain
the image edge structure without jaggy and block artifacts.
The experimental results demonstrate that the proposed method
significantly outperforms the state-of-the-art methods in terms of
both subjective and objective measures.

Index Terms—Single image super-resolution, regional division,
surface geometric iteration, curve geometric iteration.
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I. INTRODUCTION

S INGLE image super-resolution (SISR) aims to reconstruct
a high-resolution (HR) image from a single low-resolution

(LR) image. SISR is receiving increasing attention because of its
extensive application in many fields, such as image-based med-
ical analysis, satellite remote sensing imaging, video surveil-
lance, and computer vision. Various SISR methods have been
reported. Overall, the SISR approaches can be divided into three
categories: reconstruction-based methods, interpolation-based
methods, and learning-based methods.

For the reconstruction-based methods, the LR image is treated
as an image obtained from several degradation factors such as
down-sampling and blurring, which leads to the SISR being an
ill-posed problem. Consequently, various priors are employed to
reconstruct the corresponding HR image. The commonly used
priors include smoothness prior [1]–[3], gradient prior [4]–[6],
sparsity prior [7], [8], nonlocal self-similarity prior [10]–[12],
and learned-based prior [9]–[11]. All of these priors have rel-
evant advantages and disadvantages because their focuses are
different. Methods that integrate two or more priors have also
been presented [10]–[13]. The reconstruction-based method can
effectively suppress unwanted artifacts by adding constraints.
However, the high-frequency details can easily be regarded as
artifacts, which may lead to being smoothed as the magnification
increases.

For the interpolation-based methods [14]–[18], the core idea
is to estimate the missing information from the LR neighbors.
There are two popular interpolation schemes: polynomial-based
schemes and edge-directed strategies. The bilinear interpolation
and the bicubic interpolation are typical polynomial-based inter-
polation methods. Because of their low computational complex-
ity, these approaches have been widely applied in many fields.
However, the interpolated images often suffers from blurry and
jaggy artifacts along the edges of objects. To solve this prob-
lem, edge-directed methods [14]–[17] are presented. Zhou et al.
[15] proposed an edge-directed cubic convolution interpolation
scheme and presented a method for estimating missing pixels
on the strong edge. Such methods can maintain edge structures
but typically incur noise or distortion in texture regions. To re-
construct a high-quality HR image, Zhu et al. [18] obtained the
interpolated pixels by using the nonlocal geometric similarities
and directional gradients of the LR image. The details of objects
can be preserved, but the obtained HR image is not satisfac-
tory, suffering from relevant artifacts such as jaggy artifacts.
These interpolated-based approaches produce less jaggy edges.
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However, the recovery of high-frequency components is lim-
ited due to the inadequate information. As the magnification
increases, these types of methods are more prone to generate
artifacts, such as distortion, aliasing, and blocks [19].

The learning-based methods recover the HR image by build-
ing the mapping relationship between LR and HR image pairs.
According to how the mapping relationship is constructed, the
learning-based methods can be classified as example-based algo-
rithms [20]–[22], sparse-coding-based algorithms [23], [24], and
regression-based algorithms [25]–[28]. For the example-based
algorithms, Huang et al. [21] proposed a self-similarity-driven
SR algorithm (selfExSR), which expanded the internal patch
search space through geometric variations. This method can im-
prove visual effects well, but it cannot produce fine details for the
LR image without sufficient patterns. For sparse-coding-based
algorithms, Yang et al. [23] learned LR and HR dictionaries
independently and employed a consistent coding scheme to en-
sure the accuracy of HR coding coefficients. Kang et al. [24]
achieved SR by using sparse representation and image decom-
position, and the method can avoid block artifacts. The results
of these methods are still not satisfactory when there are not
enough textures present in the training sets. Regression-based
algorithms obtained good quality. Timofte et al. [25] developed
the anchored neighborhood regression (ANR) to reconstruct SR
images, and then an adjusted anchored neighborhood regression
(A+) method was developed for fast SR [26]. Recently, deep
learning has attracted the attention of many researchers [29],
[30]. Dong et al. [29] presented a SR method (SRCNN) based
on a convolutional neural network. This method performs well
for some types of images. However, it is prone to generate visual
blur and aliasing artifacts [6].

The combination of different methods has recently been at-
tracting more attention [31]–[33]. Dong et al. [31] presented an
image interpolation method by combining a machine learning
method with image interpolation. By embedding a nonlocal au-
toregressive modeling (NARM) into the sparse representation
model, the method can reduce the correlation between the sam-
ple matrix and the sparse representation dictionary such that the
sparse representation is more effective. The constructed image
can maintain the edge structure and suppress the zigzag and
ringing artifacts. However, when the image is processed with a
larger scale factor, the image details are lost and the textures are
blurred. Zhang et al. [32] presented a novel image restoration
method that combines nonlocal selfsimilarity and global struc-
ture sparsity in a single efficient model. Combining the fractal
method with rational interpolation, Zhang et al. [33] presented
a SISR method based on the constructed rational fractal inter-
polation model. Because the rational interpolation function can
preserve edge structures, and the fractal is an effective tool to
describe image textures, the method can retain fine details and
clear edges to some extent.

In practice, a natural scene is a continuous surface [34], also
called a realistic surface, and the images are captured from nat-
ural scenes. Therefore, the image can be regarded as a discrete
data point set from the realistic surface which can be obtained
by sinc kernel function. Based on this fact, interpolation meth-
ods are highly feasible. However, it is difficult for traditional

polynomial interpolation and rational interpolation approaches
to achieve the realistic surface. For example, polynomial in-
terpolation function fails to approximate sinc kernel function
effectively, which could not get the realistic surface. Compared
with the polynomial interpolation function, rational interpola-
tion function can better approximate the sinc kernel function.
Nevertheless, the rational surface is generated by the interpo-
lation data in one time so that there are errors between the
generated rational surface and the realistic surface, leading to
unpleasing results in image edges and textures. In comparison
to traditional methods, geometric iterative method, also called
progressive-iterative approximation (PIA), has a clear geometric
meaning, and this approach was developed by Lin [35]. By ad-
justing the control points of the curve or surface iteratively, the
limited curve or surface will interpolate the given data point set.
In another word, geometric iterative method can approximate
the sinc kernel function by a series of rational function. In this
paper, inspired by this, we treat the procedure of restoring the HR
image as an iterative interpolation procedure that can gradually
approximate the realistic surface. By embedding the interpola-
tion into the geometric iteration, a novel SR method based on
geometric iterative method is proposed. The framework of the
proposed method is illustrated in Fig. 1.

Overall, the main contributions of the proposed method are
as follows:

1) Treating the image SR reconstruction as an image
progressive-iterative fitting procedure, we present a novel
SISR method based on PIA. The intermediate result of
the proposed SR method is explicit, which facilitates
human-computer interactions.

2) Considering the features of regions and edges, a hybrid
scheme for reconstructing HR images is proposed, which
combines surface interpolation and curve interpolation.
The scheme can not only preserve more high-frequency
details on texture regions but also obtain sharp and clear
image edges.

3) For edges, in contrast to patch interpolation, we present
the curve interpolation using the pixels. The pixel-based
curved interpolation method can avoid producing jaggy
and block artifacts.
The remainder of this paper is arranged as follows. The
proposed progressive-iterative approximation-based SR
method is detailed in Section II. The Experimental results
and discussions are presented in Section III. Section IV
concludes this paper.

II. PROPOSED INTERPOLATION METHOD BASED ON PIA

In this section, we propose a novel SISR method based on PIA.
First, the image is divided into three regions, namely, smooth
regions, texture regions, and edges, via the nonsubsampled con-
tourlet transform (NSCT). Then, a hybrid interpolation scheme
based on curves and surfaces is proposed to handle these dif-
ferent regions. The input LR image is considered as the initial
control points. For the smooth regions, the geometric iteration
of the non-uniform rational basis spline (NURBS) surface is
employed, which can gradually interpolate the LR image. For
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Fig. 1. Flowchart of the proposed method.

texture regions with more details, more control points are added,
which contributes to the fitting precision. Then the geometric
iterative method is employed to gradually approximate the lim-
ited surface. The constructed surface with more control points
can better characterize the textures of the image. Edges can be
regarded as some curve segments where the grey value dramat-
ically changes. Interpolation geometric iteration of the NURBS
curve is designed for edges. Finally, an experiment on training
sets is conducted to determine the termination condition. The
NURBS is part of numerous industry-wide standards, and it is
well known that the NURBS function yields stable and robust
interpolation results [36]. Using the same format of curve and
surface can ensure that the reconstructed SR image is authentic
without splice marks.

A. Regional Division

In an image, different regions have different structural fea-
tures. It is necessary to handle the different regions with differ-
ent methods. Therefore, regional division plays a vital role in the
image interpolation. The results of the regional division directly
affect the interpolation quality.

The NSCT can detect the smooth regions, the texture regions,
and the edges [37]. Moreover, the NSCT is shift-invariant, which
means that each pixel of the transform subbands corresponds to
that of the input image in the same location. The NSCT is used
to divide the image.

We can obtain the high frequency information of the image
in different directions by using the NSCT. The high-frequency
coefficients are closely related to the edges and details. A higher
absolute value of the coefficient indicates clearer edges. Thus,
according to the coefficients, the thresholds are estimated for
guiding the regional division. From statistics, the high-frequency
coefficients obey a normal distribution, which can be proven
by K-S tests [38]. The images and their corresponding high-
frequency coefficient histograms are shown in Fig. 2. Let μ be
the mean value and σ be the standard deviation. Then, THk_1 =

Fig. 2. Images and the high frequency sub-band coefficient histogram.

Fig. 3. Procedure of the regional division.

μ+ σ and THk_2 = μ+ 2σ are viewed as the thresholds, and
k = 1, 2, 3, 4. If the absolute value of the coefficient is higher
than THk_2, then the corresponding pixel belongs to the edges.
If the absolute value of the coefficient is between THk_1 and
THk_2, then the pixel belongs to the texture regions. Otherwise,
it belongs to the smooth regions. Fig. 3 shows the procedure of
the regional division.

Fig. 4(b) shows the results of the regional division. The exper-
imental results imply the effectiveness of the regional division.

Edge localization with high quality plays a key role in image
SR since 80–90% of the image energy lies in edges. Though
NSCT can detect smooth regions, texture regions and edges, it
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Fig. 4. Results of the regional division (the blue regions are the smooth regions, the white regions are the texture regions, and the black curves are edges).

is pixel-based method, which the detected edges may suffer from
discontinuity. Canny edge detector can detect complete contour.
To ameliorate the edge localization, the stack of edges detected
by NSCT and edges detected by Canny is regarded as the edges.
Fig. 4(c) shows the improved results of regional division (the
stack of edges detected by NSCT and edges detected by Canny
is regarded as the edges, the texture regions detected by NSCT
except edges detected by Canny is regarded as texture regions).

B. Interpolation of Smooth Regions

We apply the NURBS surface progressive-iterative approxi-
mation to interpolate the smooth regions.

For the given m× n LR image patch, first, let P = {Pi,j :
i = 0, 1, . . . ,m− 1; j = 0, 1, . . . , n− 1} be the data set, which
is also the initial control point set. Each Pi,j corresponds to a
blending basis function Ni,j(u, v), and u ∈ [0, 1], v ∈ [0, 1] are
parameters. Then, the initial NURBS surface is constructed as
follows:

R(0)(u, v) =

m−1∑

i=0

n−1∑

j=0

R
(0)
i,j Ni,j(u, v), (1)

where R
(0)
i,j = (ωi,jP

(0)
i,j , ωi,j) is the control points in the

projective space, and ωi,j is the weight factor. Ni,j(u, v) =
Bi,j(u)Bi,j(v), andBi,j(u) andBi,j(v) are B-spline basis func-
tions defined on the u−direction and v−direction knot vectors
respectively. The initial control points and the constructed initial
NURBS surface are shown in Fig. 5.

Fig. 5. The initial NURBS surface construction.

After constructing the initial patch, a NURBS surface pro-
gressive fitting procedure is applied to make the NURBS patch
approximate the data set. The progressive fitting algorithm is
a geometric iterative scheme that begins with an initial patch
R(0)(u, v). The kth step of the iteration is taken as an example
to explain the algorithm. Suppose that the NURBS surface patch
after the kth iteration is R(k)(u, v) with control points P (k)

i,j .

R(k)(u, v) =

m−1∑

i=0

n−1∑

j=0

R
(k)
i,j Ni,j(u, v). (2)

where R
(k)
i,j = (ωi,jP

(k)
i,j , ωi,j) is the control points in the pro-

jective space.
To obtain the (k + 1)st NURBS surface patch R(k+1)(u, v),

the difference vector δ(k)i,j for each data point Pi,j is calculated.

δ
(k)
i,j = Pi,j −R(k)(ui, vj). (3)
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Fig. 6. The construction procedure of (k + 1)st NURBS surface patch.

Fig. 7. Limit NURBS surface patch and the HR image patch.

Then, the new NURBS control points P (k+1)
i,j for the (k + 1)st

NURBS surface patch R(k+1)(u, v) are generated.

P
(k+1)
i,j = P

(k)
i,j + δ

(k)
i,j . (4)

According to the new control points, the (k + 1)st NURBS sur-
face patch is derived as follows. Fig. 6 shows the construction
procedure of (k + 1)st NURBS surface patch.

R(k+1)(u, v) =

m−1∑

i=0

n−1∑

j=0

R
(k+1)
i,j Ni,j(u, v). (5)

Finally, the limited NURBS surface patch that approximates
the data set is obtained, as shown in Fig. 7(a). According to
the limited surface patch, we can acquire the corresponding HR
image patch, as shown in Fig. 7(b). The red dots represent the
LR image pixels, and the blue dots are the interpolated pixels.

C. Interpolation of Texture Regions

Compared with the smooth regions, the texture regions feature
complicated details. The control points determine the shape of
the surface, and adding additional control points allows a better
approximation of a given data set, which means that more tex-
tures can be captured for HR images. Here, we employ bicubic
interpolation to add more control points. In the experiments, we
also evaluate the reconstructed HR images with different inter-
polation methods of increasing control points. According to the
experimental results, different methods with increased control
points have little influence on the reconstructed HR images. The
initial NURBS surface patch is constructed with these control
points for geometric iterative interpolation.

After increasing the number of control points, we construct
the NURBS surface geometric iterative model to interpolate
the texture regions. For the given m× n LR image patch, at
the beginning of the iteration, Pi,j (i = 1, 2, . . . , 2m− 1; j =
1, 2, . . . , 2n− 1) are selected as the initial control point set, as
shown in Fig. 8(a). The dots in the red box represent the LR im-
age pixels, and the remaining dots represent the additional con-
trol points. According to the control points, the initial NURBS

Fig. 8. The initial control points and the initial NURBS surface.

Fig. 9. The construction procedure of (k + 1)st NURBS surface patch.

surface R(0)(u, v) is constructed, as shown in Fig. 8(b).

R(0)(u, v) =
2m−1∑

i=1

2n−1∑

j=1

R
(0)
i,j Ni,j(u, v) (6)

The difference vector δ(1)i,j for each data point Pi,j is calculated
as follows.

δ
(1)
i,j = Pi,j −R(0)(ui, vj)

Although the difference vectors of all control points are cal-
culated, we focus on the difference vector of LR pixels rather
than that of the additional control points. Furthermore, the new
control points are obtained.

P
(1)
i,j = P

(0)
i,j + δ

(0)
i,j ,

and the new surface

R(1)(u, v) =

2m−1∑

i=1

2n−1∑

j=1

R
(1)
i,j Ni,j(u, v).

Similarly, suppose that the kth NURBS surface R(k)(u, v) =∑2m−1
i=1

∑2n−1
j=1 R

(k)
i,j Ni,j(u, v) is obtained, and then the differ-

ence vectors and the new control points are acquired.

δ
(k)
i,j = Pi,j −R(k)(ui, vj) (7)

P
(k+1)
i,j = P

(k)
i,j + δ

(k)
i,j (8)

Then, the (k + 1)st surface can be derived as

R(k+1)(u, v) =

2m−1∑

i=1

2n−1∑

j=1

R
(k+1)
i,j Ni,j(u, v). (9)

where R(k+1)
i,j = (ωi,jP

(k)
i,j , ωi,j). Fig. 9 shows the construction

procedure of (k + 1)st NURBS surface patch. The limited surface
is the result of fitting the data points Pr,l(r = 1, 3, 5, . . . ; l =
1, 3, 5, · · · ), as shown in Fig. 10. The blue surface is the initial
surface, and the red surface is the limited surface. Then, the SR
image patch can be obtained based on the limited surface.
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Fig. 10. The limited NURBS surface.

Fig. 11. Comparison of using the patch interpolation and the curve interpola-
tion for SR.

Fig. 12. The edge and the initial curve.

D. Interpolation of Edges

Edges are curve segments in an image. The curve segments
are connected by pixels with dramatic changes in the intensity
function or in the spatial derivatives of the intensity function. For
edges, traditional interpolation methods are prone to produce
jaggy and block artifacts. This occurs because the methods use
patch interpolation to interpolate the roughness edges, which
also considers the pixels in non-edge regions. Fig. 11 presents
the SR reconstruction results obtained by patch interpolation and
curve interpolation. Fig. 11(a) is the input LR image. Fig. 11(b)
shows a local HR image obtained using patch interpolation. To
solve this problem, we apply NURBS curve geometric iterative
method to interpolate the edges, which only uses information
provided by pixels on the edges. Fig. 11(c) shows a local HR
image obtained using the curve. Compared with Fig. 11(b), it is
clear that using the curve to interpolate the edges can preserve
the sharp edges.

Fig. 12(a) is the LR patch, and the black block represents the
edge pixels. We treat the pixels that are on the edges as initial
control points P

(0)
i (i = 0, 1, 2, . . . ,m− 1), and we construct

the initial NURBS curveQ(0)(t). Fig. 12(b) is the initial NURBS
curve with five control points.

Q(0)(t) =
m−1∑

i=0

Q
(0)
i Bi(t), (10)

Fig. 13. The curve Q(1)(t) and the limited curve.

Fig. 14. PSNR changes with iterations.

where m is the number of edge pixels, and Q
(0)
i = (ωiP

(0)
i , ωi).

ωi,j are the weights. Bi(t) are B-spline basis functions defined
on the knot vectors t.

Then, the difference vector of each point is calculated as
follows:

δ
(1)
i = P

(0)
i −Q(0)(ti).

Furthermore, the new control points are obtained by

P
(1)
i = P

(0)
i + δ

(1)
i ,

and the new curve Q(1)(t) can be constructed as follows.

Q(1)(t) =

m−1∑

i=0

Q
(1)
i Bi(t),

where Q
(1)
i = (ωiP

(1)
i , ωi). In Fig. 13(a), the black blocks are

the initial control points, which are also LR pixels, and the yel-
low blocks are the new control points P (1)

i . The green curve is
Q(1)(t).

Similarly, for the kth iteration, we can obtain the difference
vector δ(k)i and the new points P (k)

i .

δ
(k)
i = P 0

i −Q(k)(ti) (11)

P
(k)
i = P

(k−1)
i + δ

(k)
i (12)

Then, the kth curve is generated as

Q(k)(t) =

m−1∑

i=0

Q
(k)
i Ni(t). (13)

Fig. 13(b) shows the limited curve, the red curve, which is the
result of fitting the data points P

(0)
i . Then, according to the
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Fig. 15. Reconstructed results of Birds (×2).

limited curve, the HR pixels from the edges can be obtained, the
edges are further reconstructed.

Since the iterative process of the geometric iterative method
has a clear geometric meaning, geometrical constraint condi-
tions can be added in each iterative process. In order to get more
clearer edges, a gradient constraint term is given.

P
(k)
h = P∇, P∇ =

P
(0)
i + P

(0)
j

2
,

where P (0)
i and P

(0)
j are two data points, namely initial control

points, andP∇ is the point in the gradient direction between edge
pointsP (0)

i andP (0)
j , which is regarded as the new control points

P
(k)
h . i, j, h are the index of the control points, which represents

the position of the control points. k represents the number of the
iteration. The gradient constraint term is introduced to the edge
interpolation iterative process. The edge interpolation iterative
process with the gradient constraint can still run unattended.

III. EXPERIMENTAL RESULTS

To demonstrate the efficiency of our proposed progressive-
iterative approximation based SR method, we compare it with
other state-of-the-art methods: bicubic, DCCI [15], ANR [25],
A+ [26], SelfExSR [21], SRCNN [29], CCS [23], NARM [31],
and SR_RFI [33]. Set5 [39], Set14 [40], Kodak [41], and B100
(consists 100 images randomly selected from BSDS500 [42])
are employed to evaluate the performance of the SISR methods
in this paper. Moreover, the PSNR, structural similarity (SSIM),
and feature similarity (FSIM) are employed to evaluate the ob-
jective quality of the SR results. Besides, the execution time of
different SR algorithms are discussed. We also provide results
of experimental cases with real and synthetic images in terms of
interpolation performance.

A. Selection of Threshold N

Since the geometric iteration function converges for the blend-
ing curves and surfaces with normalized totally positive basis
[35], we prescribe a threshold N to control whether to terminate
the iteration procedure. When the number of iterations exceeds
the prescribed threshold N , the progressive fitting iterations are

terminated. Then, the limited curve or surface is obtained, and
the HR image is reconstructed.

We derive the thresholdN through testing. The peak signal-to-
noise ratio (PSNR) values of three test image sets (Train91, Ur-
ban100, SunHays80) versus the iteration times are plotted. The
LR counterparts are obtained by down-sampling the input im-
ages. The HR images were reconstructed from the LR images us-
ing the proposed method with different value of N . The changes
in the average PSNR curves with the different value of N are
shown in Fig. 14. It is clear that the higher PSNR values can be
achieved when N ∈ [30, 40]. The PSNR values change slightly
when N > 40. Thus, we set N = 40 in our implementation.

B. Experimental Configuration

The proposed SISR method is based on the geometric itera-
tive model. The model can generate continuous limit surface,
according to which the image can be amplified at any mul-
tiple via sampling process. In the experiments, HR images
are down-sampled directly along both the horizontal and ver-
tical directions for generating LR images by a factor of 2
and 3. Moreover, The human visual system is more sensitive
to the luminance channel than the chrominance channel. We
transform the color RGB images into YCbCr color space, and
the SR process is only performed on the luminance channel
(Y), and bicubic interpolation is used to interpolate the rest
of the components (Cb and Cr which are usually low fre-
quency channels and stores the chromatic information only).
The three modified components are then combined and con-
verted back to RGB to get the estimated color SR image
displayed.

C. Subjective Evaluation

Fig. 15–Fig. 19 present the SR 2× results, and Fig. 20–Fig. 24
present the SR 3× results.

From Fig. 15–Fig. 18, we find that the bicubic, DCCI, ANR,
A+, SelfExSR, and SRCNN methods produce unpleasing jaggy
artifacts along the edges. In Fig. 17 and Fig. 18, the NARM
also suffers from unpleasing jaggy artifacts along the edges.
The NARM can generate clear edges in Fig. 15 and Fig. 16.
However, NARM produces over-smoothed textures. The DCCI
method produces unpleasant HR images with severe distortion
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Fig. 16. Reconstructed results of Foreman (×2).

Fig. 17. Reconstructed results of Man (×2).

Fig. 18. Reconstructed results of Building (×2).

and unnatural textural details. In Fig. 18, bicubic, DCCI, ANR,
A+, SelfExSR, SRCNN, and NARM also suffer from the dis-
tortion. SR_RFI generates more natural textures but yield jaggy
edge artifacts. Our method produces clear edges and details with
fewer artifacts.

In Fig. 19, there are severe unpleasing artifacts in the HR
images generated by bicubic, DCCI, ANR, A+, SelfExSR, SR-
CNN, NARM and SR_RFI. Though the HR image has slightly
blur, the HR image generated by the proposed method has high
quality without artifacts.
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Fig. 19. Reconstructed results of Parrots (×2).

Fig. 20. Reconstructed results of Lena (×3).

Fig. 21. Reconstructed results of Boats (×3).
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Fig. 22. Reconstructed results of Birds (×3).

Fig. 23. Reconstructed results of Pepper (×3).

Fig. 24. Reconstructed results of House (×3).

As shown in Figs. 20 and 23, the HR images generated by
bicubic, ANR, A+, SelfExSR, and CCS suffer from severe jaggy
artifacts along the edges. SRCNN and SR_RFI produce obvious
aliasing artifacts. The results of NARM have clear and sharp
edges, but the texture regions are over-smoothed, and some
details are lost. The proposed method can recover satisfactory
edges and more details.

As shown in Fig. 21, the HR images obtained with the bicubic,
ANR, A+, SelfExSR, SRCNN, CCS, and NARM methods suffer

from severe jaggy artifacts. Meanwhile, the images from the
bicubic, ANR, A+, SelfExSR, and SRCNN methods also suffer
from distortion. The results achieved with CCS and NARM are
over-smoothed. SR_RFI can efficiently preserve the details, but
the edges suffer from block artifacts. Additionally, the image
constructed by the presented method shows an improvement in
quality relative to the compared methods.

As shown in Fig. 22, the results achieved by the bicubic, ANR,
A+, SelfExSR, SRCNN and NARM methods show artifacts, and
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TABLE I
OBJECTIVE QUALITY ASSESSMENT OF DIFFERENT METHODS

textures are heavily twisted. The CCS method is prone to blur-
ring the details. SR_RFI and the presented method can efficiently
preserve the vivid details.

In Fig. 24, the HR images generated by bicubic, ANR, A+,
SelfExSR, SRCNN, CCS, and NARM are discontinuous at the
edge and suffer from the information loss. SR_RFI produces
block artifacts along the edge. Comparing with other methods,
the proposed method gets a high quality HR image.

High quality edge localization can further improve the super-
resolution reconstruction results. We improve edge localization
by regarding the stack of edges detected by NSCT and edges
detected by Canny as the final edges. Then, the improved HR
images are obtained, shown as Fig. 15–Fig. 24(k). The edge
reconstruction can be ameliorated through improving edge local-
ization and fully utilizing the edge information. In the process of
edges interpolation, based on the improved the edge localization,
edge constraint conditions can be added to improve the recon-
struction quality. We add the gradient constraint term to make the
reconstructed edges more sharp. The reconstructed results are
shown as Fig. 15–Fig. 24(l). From Fig. 15–Fig. 24(j)(k)(l), the
visual effects are improved for specific images (such as Fig. 21,
Fig. 23, and Fig. 24).

D. Objective Evaluation

In this subsection, Set5, Set14, Kodak, and B100 are em-
ployed to evaluate the performance of upscaling factors of 2
and 3. The PSNR, SSIM, and FSIM values achieved by these

methods on part of the images from the four datasets are listed
in Table I. Table II and Table III show the objective data of dif-
ferent methods on Set5 and Set14. From top to bottom, each
line represents the PSNR, the SSIM, and the FSIM respectively.
“-” indicates that related methods failed to magnify with the
corresponding factor.

These results clearly demonstrate that the developed algo-
rithm is notably better compared with the other methods in
terms of the three quantitative assessments. Specifically, the pro-
posed method yields the best quantitative results for most of the
test images. When the image is magnified with higher magni-
fication, the objective data of the proposed method are higher
than the state-of-the-art, 0.46–5.98 dB PSNR better than other
methods on average. Thus, the proposed SR method achieves
the best performance among all the compared methods. For the
proposed method with the improved edge localization and the
improved edge reconstruction, the quality of generated HR re-
sults is ameliorated in terms of the objective evaluation. In fact,
in the proposed method, the image can be regarded as a dis-
crete data point set from the realistic surface, and the geometric
iterative model can generate the continuous limit surface of re-
alistic surface based on the given LR image. Thus, the loss of
the high frequency information is restored. Specifically, when
the image is magnified with higher scale factors, the proposed
method has obvious superiority. The higher values in SSIM and
FSIM, compared with other methods, illustrate that the proposed
method can preserve the structure of the original image. More-
over, comparing with other methods, the higher PSNR illustrates
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TABLE II
OBJECTIVE QUALITY ASSESSMENT OF DIFFERENT METHODS ON SET5

that rich information can be restored. This result demonstrates
that the proposed SR reconstruction method based on the geo-
metric iterative model is quiet efficient for preserving the image
information and the structure.

E. Execution Time of the Algorithm

We also provide execution time of the algorithm, compared
against the others. Given 256× 256 images, for factors 2,3,4, the
average execution time of different SR methods are shown in Ta-
ble IV. The bicubic and the DCCI are simple interpolation-based
methods. This two kinds of methods have lower execution time,
but the visual effects are not satisfying. The NARM takes the
most running time. Learning-based methods cost lots of time
in the training stage because they rely on data sets and much
exercises, but they spend less time in the test stage. In the
Table IV, the execution time of ANR, A+, SRCNN refer to the
test time. Compare to the ANR, A+, and SRCNN, the SelfExSR
is self-learning method so that its execution time is long. Com-
paratively, the SR_RFI and the proposed method are competitive
in terms of the execution time.

F. Results on Synthetic and Real Images

To further demonstrate the interpolation performance of the
proposed method, we also do experiments on synthetic and real
images. Fig. 26 and Fig. 27 are synthetic images. Fig. 28 is
a real image. In Fig. 26, the proposed method can obtain the
satisfying HR image without distortion and discontinuity on

Fig. 25. Results generated by different control points added methods.

edges. As shown in Fig. 27, the proposed method can get bet-
ter textures without distortion. From Fig. 28, different from the
state-of-the-art methods, our method can obtain high quality
image with clear and undistorted edges. Table V shows the ob-
jective data of different methods. Compared to other methods,
the proposed method achieves the best performance on synthetic
and real images.
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TABLE III
OBJECTIVE QUALITY ASSESSMENT OF DIFFERENT METHODS ON SET14

TABLE IV
EXECUTION TIME COMPARISON OF DIFFERENT ALGORITHMS

Fig. 26. Reconstructed results (×2).
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Fig. 27. Reconstructed results (×2).

Fig. 28. Reconstructed results (×2).

TABLE V
OBJECTIVE DATA COMPARISON OF DIFFERENT ALGORITHMS ON SYNTHETIC AND REAL IMAGES

G. Effects of Different Methods of Increased Control Points

In this section, we conduct an experiment to illustrate the im-
pact that is exerted by different methods of increased control
points. Here, we take the bicubic and fractal interpolation algo-
rithms as examples. Fig. 25(b) shows the HR results generated
by our method after increasing control points via the bicubic,
and Fig. 25(c) shows the HR results by the proposed method
after increasing control points via fractal interpolation method.

As shown in Fig. 25, the HR results achieved by the proposed
method with bicubic and fractal control points added approaches

both preserve textures and clear edges. There are few differences
between the two reconstructed images. Thus, we employ the
bicubic algorithm with simple form to insert control points in
this paper.

IV. CONCLUSION

In this paper, a novel single image SR method based on
progressive-iterative approximation is presented. By adjust-
ing the control points of the curve and surface iteratively, the
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limited curve and surface that interpolate the given data point set
are obtained. According to the limited curve and surface, we can
obtain the required HR image. First, the NSCT algorithm is em-
ployed to detect textures and edges such that more textures and
edge structures can be acquired, and the LR image is divided into
a smooth region, a texture region and edges. Second, considering
the features in different regions, a hybrid interpolation scheme
based on curves and surfaces is proposed to interpolate the LR
image for maintaining the textural details and clear edges. The
NURBS surface geometric iteration and the NURBS curve geo-
metric iteration are used for the smooth and texture regions and
the edges, respectively. Specifically, in order to preserve more
details in the texture region, we insert new control points before
performing the NURBS surface geometric iteration procedure.
Finally, based on the limited curve and surface, the HR image
is obtained. The experimental results show that the proposed
single-image SR can achieve competitive results and produce
high-quality SR images with rich textures and clear edges.
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