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Abstract: Image interpolation and super-resolution are sub-
jects of great interest in image processing. The main task be-
hind any image interpolation method is to obtain superior high-
resolution images with improved visual quality, and recuperate
rich texture and sharp edges using minimal calculation. In this
sense, the aim of this paper is to present a new method which
is effective in view of high resolution quality, processing speed,
and economic performance by reducing the amount of calcula-
tions required to perform image edge directed image interpola-
tion. This can be attained by operating in an integrated manner
image interpolation using 4-directional image gradient informa-
tion which defines differences in intensities between contiguous
pixels. The proposed method is implemented and tested over
several gray images, and compared to many interpolation meth-
ods in the state of the art. It has been demonstrated to be able
to obtain faithfully better results than the habitual interpola-
tion methods in terms of image quality metrics (PSNR, SSIM,
FSIM) as well as the the perceptual visual appearance of the
reconstructed images.

Keywords: Image interpolation, Cubic convolution, Image integra-
tion, Edge detection.

1. Introduction

Image interpolation aims to generate a high-resolution image
from low-resolution counterparts, its process consists in esti-
mating a set of unknown pixel values from a set of knowing
pixels, to improve the image quality and have a better visu-
al appearance in the output. Image interpolation is referred
in literature by many terminologies, such as resizing, upscal-
ing, zooming, enhancement and enlargement; in addition, it
was widely required in various applications for many areas,
from digital photography to video communication, satellite
remote sensing, objet recognition, medical imaging, surveil-
lance and high-resolution television.

Varieties of image interpolation methods exist. The conven-
tional polynomial-based interpolation methods such as bicu-
bic interpolation, cubic spline, cubic convolution and near-
est neighbor treat the whole image in a uniform way. They
use polynomial approximation to compute each missing pix-
el values from its adjacent known pixels. They are easy for

implementation and performing, moreover, they work well in
smooth areas. However, these techniques have less complex-
ity calculation cost during the interpolation process, there
common drawback is stilling the annoying artifacts such as
jaggies, blurring, aliasing and ringing near edges, due to their
incapacity to adapt to varying pixel structures in the image.
This leads to a blurred image to some extent. To overcome
this drawback, a number of adaptive interpolation method-
s [[1]-[20]] have been developed to reduce these visual ar-
tifacts and improve the quality of the reconstructed high-
resolution image. The major step practiced in these meth-
ods is that they employ models that explicitly or implicitly
extract the characteristics of local features such as dominant
image structure and edge information of the LR image in or-
der to spatially adapt the interpolation coefficients to better
match the local structures nearby the edges.

The important groups among the adaptive algorithms are
edge-directed interpolation methods which follow the prin-
ciple that no interpolation across the edges in the image is
allowed. This can be provided into two main steps: the first
one is to detect the edge characteristics, including localiza-
tion, orientation and intensity variation of the extracted edges
in the neighboring pixels. Then, the second one is to interpo-
late the missed pixels along the estimated edge-direction as
close to the original as possible, to restore more accurate and
visually pleasing results.

II. Related Work

To solve this problem, several image interpolation method-
s that involve more evolved models have been recently pro-
posed in the literature either in adaptive class or non-adaptive
class or by combining the two classes to improve the subjec-
tive quality of the interpolated images. Ramponi [1] suggest-
ed the warped distance to the interpolated pixel instead of
a uniform one, thus modifying the one dimensional kernel
of a separable interpolation filter. The computational com-
plexity of the method remains low, but the upscaling quality
of oriented edges neither horizontally nor vertically is poor.
An improvement of this technique was made by Huang and
Lee [2] which consists in modifying the two-dimensional in-
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terpolation kernel by the characteristics of the local gradient
features.

Other methods of interpolation based on edge detection were
introduced in [3, 18, 4, 13]. In [3], Jensen proposes to esti-
mate the orientation of each edge in the image by using pro-
jection onto orthonormal basis and modify the interpolation
process to avoid interpolating across the edges. An iterative
edge-directed scheme was developed in [18]. The authors
use an estimate of the edge mapping of the high-resolution
image to guide a bilinear interpolation such that interpola-
tion across edges is avoided. Another approach, NEDI, was
proposed by Li and Orchard in [4]. They exploit the geomet-
ric duality between the covariance of a low-resolution image
and the covariance of a high-resolution image, with a help of
linear prediction, to guide the interpolation. The missed pix-
els can be predicted using estimated covariance through 2D
Kalman filter approach.

An improved method of NEDI was proposed by Asuni and
Giachetti [13] INEDI (Improved New Edge-Directed Inter-
polation) to modify the algorithm of Li [4] by varying the
size of the training window according to the edge size. Li and
Zhang [6] suggest to interpolate the missing pixels in prede-
termined multiple directions, and then fuse the directional
interpolation results by linear minimum mean-square-error
estimation (LMMSE). However, the fusion of two orthogo-
nal directions is insufficient in some situations. The authors
in [9] note that the assumptions about image continuity lead
to over smoothed edges in common image interpolation al-
gorithms and suggest a wavelet-based interpolation method
with no continuity limitations. The algorithm estimates the
regularity of edges by computing the decay of wavelet coeffi-
cients across scales and conserves the fundamental regularity
by extrapolating a new subband to be used in image resizing;
then, the HR image is constructed by performing the reverse
WT. Muresan and Parks [5] extended this strategy through
the influence of a full cone sharp edge in the wavelet scale
space, rather than just the top module, for estimation of the
best coefficients of scale through an optimal recovery theo-
ry. An interpolation scheme was recommended by Giachet-
ti and Asuni [8]. This method relies on the combination of
two steps. First, an adaptive algorithm is applied by inter-
polating locally pixel values along the direction where sec-
ond order image derivative is lower. Then the interpolated
values are modified using an iterative refinement minimizing
differences in second order image derivatives information,
thus maximizing second order derivative values and smooth-
ing isolevel curves.

Cha and Kim [7] describe an interpolation method by using
a bilinear interpolation and adjusting the errors by adopting
the interpolation error theorem in an edge-adaptive manner.
Zhou and Shen [10] propose an image zooming using cubic
convolution interpolation with detecting the edge-direction.
This method is based on the detection of the edge-direction
of the missing pixels. In [11], the authors develop an in-
terpolation method based on the analysis of the local struc-
ture on the images. They classified the image into two parti-
tions: homogenous zones and edge areas. Specified algo-
rithms are assigned to interpolate each classified area. In
[14], a contrast-guided image interpolation method is pro-
posed. It includes contrast information into the image inter-
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Figure. 1: Formation of an LR image from an HR image by
downsampling. The black dots represent the LR image pix-
els, while the other circles represent the missing HR pixels.

polation process. Given the image under interpolation, four
binary contrast-guided decision maps (CDMs) are generat-
ed and used to guide the interpolation filtering through two
sequential stages: 1) the 45 ° and 135° CDMs for interpo-
lating the diagonal pixels and 2) the 0° and 90° CDMs for
interpolating the row and column pixels.

The aim of this paper is to develop an interpolation scheme
for the purpose of reducing these artifacts in the input image,
and consequently preserve the sharpness of the edges. Thus a
novel method of image reconstruction is proposed, based on
image interpolation using the integral image, which consists
in estimating the edge-directions using 4 directional images,
then interpolating the missing pixels along the detected edge
direction using a cubic convolution. The missing pixels are
interpolated along the detected edge direction; the latter is
estimated in the 45° and 135°diagonal, horizontal and verti-
cal directions. After that, a cubic convolution interpolation is
used to interpolate the missing pixels along the strong edge.
The organization of the rest of this paper is shown as follows:
Section II describes the proposed interpolation method. Sim-
ulation results are shown in section III. Finally, the conclu-
sion is drawn in section I'V.

III. The proposed algorithm

Let us consider a LR image, which is a downsampled ver-
sion of the [ R image by a factor of two as shown in Figure
1. In this figure, the circles are the pixels to be interpolated
while the black dots are the available pixels in the known LR
image. That is, the H R image is reconstructed by copying
the L R images pixels to high-resolution grid and then filling
with the missing pixels. We can see from this figure that, for
two times zoom, three quarters of the pixels of the HR image
are missed. Also, three types of the missing pixels can be
distinguished: pixels of type 1 with even coordinates, pixels
of type 2 with even row index and odd column index, and
finally pixels of type 3 with odd row index and even column
index.

Various interpolation methods has been proposed to estimate
the unknowing pixels however the main problem found in
traditional methods is the presence of blurring and ringing ar-
tifacts near the edges, which can lead to a jagged aliasing ef-
fect. In contrast, edge-directed interpolation methods detect
the edge orientations, and then interpolate along the detect-
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Figure. 3: Framework of the proposed image interpolation using the integral image technique.
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Figure. 2: A description of computing the summed windows
in a directional gradient image.

ed edge direction. The main drawback of these approaches
is the enormous number of calculations especially if a large
window is used to detect edge orientation. Here we propose a
fast technique for speeding up the edge directed interpolation
methods. An overview of the proposed algorithm is shown
in Figure 3.

A. Edge direction detection

To interpolate the missing pixels in the high resolution im-
age, the first step is to detect the edge directions using 4-
directional image gradient information representing differ-
ences in color intensities between adjacent pixels :

Goo(z,y) = pr(z,y) —Ir(zy+ 1), (D
Gooo(z,y) = rr(z,y) — ILr(z+1,9)],
Guse(z,y) = |Irr(z,y) — Irr(z+ 1,y — 1),

Gisse (z,y) = pr(z,y) — ILr(z + 1,y +1)[.

For each pixel (z,y), we compute the four directional gradi-
ents sums in a window of size (2w + 1,2w + 1) centred at

(z,v). Let Dy(x,y) denote the sum of the pixels in gradient
image for the direction 6. Thus Dy(z,y) can be defined as
follows:

De(%y) =
9e{0°,45°,90°,135°}

>

r—w<z' <z4+w
y—w<y' <y+w

GG (xla y/)’ (2)

To improve processing speed, Dy can be computed using the
integral image technique. The summed area table is a data
structure and algorithm for quickly and efficiently generat-
ing the sum of values in a rectangular subset of a grid. In
the image processing domain, it is also known as an integral
image. It was first introduced to computer graphics in 1984
by Frank Crow for use with mipmaps [27]. In computer vi-
sion it was first used within the Viola—Jones object detection
framework in [25]. However, historically, this principle is
very well known in the study of multi-dimensional probabil-
ity distribution functions, namely in computing 2D (or ND)
probabilities (area under the probability distribution) from
the respective cumulative distribution functions [26].

As the name suggests, the value at any point (z,y) in the
summed area table is just the sum of all the pixels above and
to the left of (z,y), inclusive :

I1Gy(z,y) ZGQ 'y 3)
0€{0°,45°,90°,135°} L
y' <y

Moreover, the summed area table can be computed efficiently
in a single pass over the gradient image, using the fact that
the value in the summed area table at (x, y) is just:

IG@(.T,

y) = Go(z,y)+1Go(z —1,y) “4)

+IGo(z,y — 1) — IGo(z — 1,y — 1).

Once the summed area table has been computed, the task of
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evaluating the intensities over any window requires only four
array references. This allows for a constant calculation time
that is independent of the size of the rectangular window.
That is, using the notation in the Figure 2, having P; = (z —
w,y —w), P = (z+w,y —w),Ps = (x —w,y +w) and
P, = (x4 w,y+ w), the sum of Gy(z,y) over the rectangle
spanned by P;, P, P3 and Py is:

2

r—w<lz' <z+w
y—w<y' <y+w

I1Gy(Py) + IGo(Py) — IGy(P2) — IGy(Ps).

Dy (z,y) Go(z',y) (5)

This calculation is a constant time that is independent of the
choice of w.

Two edge directions are examined for every missing pixel,
horizontal and vertical directions for pixels of type 2 and 3,
while 45° and 135° diagonal directions are examined for pix-
els of type 1.

For the rest of the paper, let D; denote D> for pixels of
types 2 and 3 and D] . for pixels of type 1. Also, Dy de-
notes Do for pixels of types 2 and 3 and D7;_. for pixels
of type 1.

if (D1 — D2) < TH

The edge orientation is on 45° or 0°;

elseif (D2 — D1) < TH

The edge orientation is on 135° or 90°;

else

the pixel is on homegenous or textured region

end
Where TH is a threshold parameter determined experimen-
tally, the choice of TH will be discussed in the next section.

Algorithm 1 The integral image technique

Input: low-resolution image LR
Output: high-resolution image HR

1. Extraction of the edge directions

(a) Compute the directional image gradient G in
the 45° and 135° diagonal, horizontal and ver-
tical directions using eq. (1).

(b) Use the integral image technique for calculat-
ing the summation of the four directional gra-
dient Dy’ (z, y) as in eq. (5).

(c) Estimate the edge directions using the differ-
ence between the two orthogonal directional
integral.

2. if the missing pixel is on the strong edge, we es-
timate the pixel intensity value using the 1-D cu-
bic convolution, otherwise if the missing pixel is
on weak edge or textured region, we Combine the
two orthogonal directional cubic interpolation re-
sults using the weighted average of directional es-
timation (WADE) according to eq. (6).

B. Missing pixel intensity estimation

The interpolation of the missing pixels using the proposed
method consists of three stages. In the first stage, we in-
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terpolate the pixels of type 1 using the four nearest known
pixels from the LR image along the estimated edge. In the
second stage, the pixels of types 2 and 3 are generated, we
will not only using the known pixels from the LR image but
also the already predicted pixels of type 1 obtained from the
first stage. The estimated edge direction at a missing pixel
position is used to estimate the pixel intensity value. The lat-
ter is calculated using the 1D cubic convolution interpolation
along the strongest edge directly.

For a missing pixel in a weak edge or textured region, the
pixel value is estimated by combining the two orthogonal di-
rectional cubic interpolation results by using the weighted
average of directional estimation (WADE)[28]. If we denote
by I the estimation of the intensity value of the missing pixel
at the 45° diagonal or horizontal direction, and I5 the estima-
tion of the intensity at the 135° diagonal or vertical direction,
the weights w,; and w2 combining I; and I, are computed
as follows:

{ Wp1 = exp(f%) (6)

D
wpy = exp(— 52 )
the parameter o is used as a scale of the weights w),; and
Wp2.

Finally, the interpolation value I of the missing pixel at loca-
tion (x,y) in a homogenous or textured region is estimated
as: :

(wpr 1, +wpaly)

I =
(wp1 + wp2)

(N

The results of the proposed algorithm depend on the choice
of the threshold TH and the scale o of the directional weights
in equation 6. These parameters cannot be directly deter-
mined for a given LR image because they depend on the
types of the images. We derive ¢ and TH through number
of training. We use Twenty-four 512x768 Kodak color im-
ages [29] as training sample to obtain the optimal factors of
threshold TH and the scale . These images were first con-
verted into grey images and then downsampled to obtain their
LR counterparts. The H R images were reconstructed from
the LR ones using the proposed method with the different
values of T'H and the scale o. The parameter threshold T'H
was separately set from 0.1 to 1 using step length of 0.1,
and the scale o vary from O to 1 using step length of 0.1.
The Figure 5 shows the average peak signal-to-noise ratio
(PSNR) curves using different values of o and T'H.

From this figure, the PSNR achieves its maximum value
wheno =0.7and TH = 0.7.

The proposed algorithm as defined up to now only gives a 2
x 2 image interpolation. For a larger factor (power-of-two),
it requires multiple executions of such 2 x 2 interpolation se-
quentially. For MxM image interpolation where M is not a
power of two, one can first use the aforementioned N x N im-
age interpolation (where the value of N is chosen as a power
of two and as close to M as possible, but being smaller), fol-
lowed by performing a 2-D bicubic image interpolation with
a rational number (bounded by 2) of image enlargement fac-
tor.
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Figure. 4: Interpolation of the missing pixels a) Type 1 (b) Type (2) (c) Type (3).
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Figure. 5: Selection of the scale parameter o and the threshold T H.

IV. Simulation results

For demonstration of the accuracy of the proposed method,
extension experiments are conducted to evaluate the effec-
tiveness of the proposed method in subjective visual effect
and objective quality. This method has been implemented
in Matlab, tested on several images and compared to the
conventional interpolation algorithms: Cubic Convolution
interpolation (CC) [12], Directional Filtering and Data
Fusion (DFDF) [6], Iterative Curve Based Interpolation
(ICBD) [8], New Edge-Directed Interpolation (NEDI) [4],
Improved New Edge-Directed Interpolation (INEDI) [13],
Kernel Regression (KR) [15].

The bicubic interpolation is performed with the matlab built
in functions, whereas the codes of the other compared meth-
ods are kindly provided by their authors.

For thoroughness and fairness of our comparison study, over
eight gray test images including ’lena’, which contain var-
ious edges and texture contents, have been widely selected
and used for the evaluation to analyze and verify the perfor-
mance of the proposed method, as shown in Figure 6.
Following the conventional setting, the original image was
first directly downsampled by a factor of 2 to get the input
LR image, then, different interpolation methods are applied
to the input LR image, for generating the reconstructed HR
image. To further conduct the performance evaluation of the
proposed method in comparison with the other interpolation
methods, several tests are set in both qualitative subjective
and quantitative objective evaluation. In the part of subjec-

tive visual quality of the output images, the images results
for each of the interpolation methods are displayed in Fig-
ures 7-10.

For the objective measurement of the different interpolation
methods the Peak Signal to Noise Ratio (PSNR), and the
two perceptual metrics the Structural SImilarity Measure
(SSIM) [21] and the Feature SImilarity Measure (FSIM)
[22], which is the quality assessment criterion between the
original image and corresponding interpolating image, are
used to assess the quality of the reconstructed images.

Tables 1, 2 and 3 list the PSNR, SSIM and FSIM scores of
the different methods on the test images.

From Table 1, the highest PSNR value of each row is shown
in bold. It is apparent that the proposed method outperforms
the above-mentioned interpolation methods around three e-
valuating criterion, and achieves the highest PSNR, SSIM
and FSIM scores for all testing images, which fully demon-
strates that the interpolation results by the proposed method
are the best both objectively and subjectively. More specifi-
cally, the proposed method exceeds the average PSNR value
of the second best method (ICBI) by 1.7 dB. Note that on the
image ’Parrot’ which has rich texture, the proposed method
gains 0.98 dB respectively over the second best method INE-
DI [13] algorithm. We can see also that our method achieves
almost the highest SSIM and FSIM values.

The proposed method was compared with state-of-the-art of
image interpolation methods in the part of the visual appear-
ance of the resulted image. As can be shown in Figures
7-10, the filtering-based bicubic interpolation method [12]
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Table 1: Comparison of PSNR (dB) results of the reconstructed images

OUSGUINE et al.

Image CC[12] | DFDF [6] | ICBI[8] | KR[15] | NEDI[4] | INEDI[13] | Proposed (w=1) | Proposed (w=2) | Proposed (w=3)
Bee 34.39 35.05 34.31 34.37 32.11 33.32 34.98 35.15 35
Face 40.53 40.84 39.79 40.26 38.41 39.19 40.69 41.27 41.31
Flinstones 26.93 27.03 27 26.72 25.28 27.03 27.52 27,49 27,24
Lena 33.81 33.77 33.87 33.96 32.79 33.2 34.26 34.45 34.35
Monarch 30.16 30.71 30.85 30.78 28.92 31.26 31.03 31.09 30.8
Parrot 33.31 33.32 33.1 30.76 322 33.49 34.07 3443 34.48
Rings 45.61 42.18 46.53 26.29 30.11 28.66 54.08 54.39 54.5
Watch 3191 31.8 31.68 31.77 30.7 31.84 32.25 32.46 32.36
Average 34.58 34.34 34.64 31.86 31.32 32.25 36.11 36.34 36.25
Table 2: Comparison of SSIM results of the reconstructed images
Image CC[12] | DFDF [6] | ICBI[8] | KR[15] | NEDI[4] | INEDI[13] | Proposed (w=1) | Proposed (w=2) | Proposed (w=3)
Bee 0.9934 0.9926 0.994 0.9917 0.9883 0.9917 0.9933 0.9939 0.9939
Face 0.9926 0.9915 0.9927 0.9906 0.9889 0.9916 0.992 0.9928 0.993
Flinstones | 0.9633 0.9632 0.962 0.9642 0.954 0.9637 0.9672 0,9673 0,9661
Lena 0.972 0.9721 0.97 0.9716 0.9688 0.9692 0.9732 0.9743 0.9739
Monarch 0.9858 0.9862 0.9862 0.986 0.982 0.9869 0.9875 0.9881 0.9878
Parrot 0.9812 0.9806 0.9799 0.9806 0.9782 0.9807 0.9822 0.9832 0.9834
Rings 0.9999 0.9995 0.9996 0.9985 0.9892 0.9825 0.9999 0.9999 0.9999
Watch 0.9809 0.9813 0.979 0.9802 0.9728 0.9824 0.9812 0.9834 0.9835
Average 0.9836 0.9834 0.9829 0.9829 0.9778 0.9811 0.9846 0.9854 0.9852
Table 3: Comparison of FSIM results of the reconstructed images
Image CC[12] | DFDF [6] | ICBI[8] | KR[15] | NEDI[4] | INEDI[13] | Proposed (w=1) | Proposed (w=2) | Proposed (w=3)
Bee 0.9865 0.9869 0.9948 0.9906 0.9841 0.9941 0.9953 0.9957 0.9956
Face 0.9871 0.987 0.9954 0.9923 0.9854 0.9951 0.9961 0.9967 0.9968
Flinstones | 0.9668 0.9663 0.9751 0.9629 0.9658 0.9748 0.9779 0.9782 0.9774
Lena 0.9787 0.9772 0.9868 0.9831 0.975 0.9716 0.988 0.9884 0.9883
Monarch 0.9786 0.9801 0.9866 0.9794 0.9796 0.986 0.9871 0.9881 0.9874
Parrot 0.9823 0.9814 0.986 0.9879 0.9807 0.9905 0.9912 0.9917 0.9918
Rings 0.9999 0.9989 0.9998 0.9988 0.9964 0.984 0.9999 0.9999 0.9999
Watch 0.9774 0.9782 0.9839 0.9849 0.9771 0.9774 0.986 0.9875 0.9875
Average 0.9822 0.982 0.9886 0.985 0.9805 0.9842 0.9902 0.9908 0.9906

Table 4: Average computational time (second) of different interpolation methods

CCl[12]

DFDF [6]

ICBI|[8]

KR[15]

NEDI[4]

INEDI[13]

Proposed (w=2)

Proposed (w=3)

Computational Time (second)

0.06

13.44

95.12

16.46

14.41

428.29

2.40

2.36
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Figure. 6: Set of images test (a) Bee; (b) Face; (c) Flinstones; (d) Lena; (e) Monarch; (f) Parrot; (g) Rings; (h) Watch
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Figure. 7: The interpolated images results of *Lena’ (a) Cubic convolution; (b) DFDF; (c) KR; (d) Contrast-edge ; (¢) NEDI;

(f) Proposed w=2.

produces some blur and jaggy artefacts along edges due to
non-adaptive filtering, so it has worst quality than the other
interpolation methods. The NEDI [4] and INEDI [13] are
very competitive in terms of visual quality, this is primari-
ly because they preserve long edges well and yield sharper
interpolation image, but these methods are still affected by
the speckle noise and ringing effect because they break the
geometric duality between the LR covariance and HR co-
variance, which can influence the subjective quality of the
image. DFDF [6] and ICBI [8] interpolation methods take
a middle ground between the bicubic interpolation [12] and
edge-directed interpolation NEDI [4] and INEDI [13], they

reproduce sharper large scale edges than the bicubic method,
but DFDF produce blocky edges, ICBI can retain sharper
edges than DFDF but it also tends to result in strong discon-
tinuities on a long edge. It is clear that the proposed method
produces a sharp high-resolution image and outperforms the
above-mentioned interpolation methods by producing a high
visual image quality and recover continues edge and fine de-
tails.

Another advantage of our proposed method is that it yields an
acceptable computational complexity. We test the run time
of an un-optimized Matlab implementation of the proposed
method and other interpolation methods on an Intel Core i5
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Figure. 8: The interpolated images results of Rings’ (a) Cubic convolution; (b) ICBI; (c) KR; (d) NEDI ; (e) INEDI; (f)
Proposed w=2.
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Figure. 9: The interpolated images results of the part of "Monarch’ (a) Cubic convolution; (b) ICBI; (c) KR; (d) NEDI ; (e)
INEDI; (f) Proposed w=2.
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(d) ©

Figure. 10: The interpolated images results of the part of *Parrot’ (a) Cubic convolution; (b) ICBI; (c) DFDF; (d) NEDI ; (e)
KR; (f) Proposed w=2.

3.10 GHz processor, for the enlargement of the 256 x 256  made use the realization codes provided by the authors on
LR image to a 512 x 512 HR image by a factor of 2 x 2. We  their websites for other methods on comparison. As shown



Speeding up edge guided image interpolation using the integral image technique 122

in Table 4, our proposed method yields the smallest running
time among the adaptive methods. Specifically, the process-
ing time of NEDI [4] and DFDF [6] are 6.10 times and 5.69
times slower than that of the proposed algorithm. Also the
execution time of the proposed method is relatively indepen-
dent of the choice of the training window size (w).

V. Conclusion

This paper aims to develop an efficient and rapid image in-
terpolation method using the integral image technique. In
the proposed method, we make consideration of edge detec-
tion, we detected the edge strength based on the LR image
on four directions, we adjusted the estimated edge parame-
ters, and then, based on these parameters, we interpolated the
missing pixels using the cubic convolution along the detected
edge orientation. Experimental results indicate the viability
and efficiency of the proposed over the existing interpolation
methods in terms of both objective assessment and subjec-
tive visual quality, which translates by the PSNR, SSIM and
FSIM values, while reducing annoying artifacts such as jag-
ging around edges suffered by habitual interpolation methods
which lead to missing much image details. Furthermore, the
proposed method is also fast due to the use of the integral
image.
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