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Edge-adaptive interpolation is an effective technique to obtain a sharp high-resolution (HR) image from
a low-resolution (LR) image. In this paper, we propose a new image interpolation method using edge-
adaptive anisotropic Gaussian filters (AGFs). In the proposed method, the edge information of the LR
image, which is the edge orientation and its energy, is first estimated using the modified Leung–Malik
(LM) filter bank. Then, the edge information of the LR image is converted into that of the HR image by
using a mapping function. Based on the HR edge information, edge-adaptive interpolation is performed
using the AGF with variable shape and direction. Simulation results show that the proposed method
objectively and subjectively outperforms conventional edge-based methods.

© 2012 Elsevier Inc. All rights reserved.
1. Introduction

Image interpolation has been widely employed in the multime-
dia devices to display a high-resolution (HR) image from the low-
resolution (LR) counterpart. Since the spatial correlation of pixel
values is generally inverse-proportional to the geometric distance,
the pixel to be interpolated can be estimated from its neighboring
pixels using the isotropic interpolation kernel in the traditional in-
terpolation methods such as bilinear and bi-cubic interpolation [1].
However, these isotropic interpolation methods are not effective
because the pixel values are discontinuous at the object boundary.
Since the human visual system is highly sensitive to edges, the vi-
sual quality near the edges, caused by the isotropic interpolation, is
severely degraded. To solve this problem, over the past few years,
edge-adaptive interpolation methods have been developed which
can minimize blurring and jagging artifacts by preserving the edge
information [2–9].

The edge-adaptive interpolation generally consists of two steps.
The edge information is first estimated, and then based on this
information the HR image is generated by performing interpola-
tion. Therefore, accurate estimation and effective use of the edge
information are crucial to the performance of the edge-adaptive
interpolation methods.

To estimate the edge information, the Sobel operator and its
modifications have been popularly employed in the edge-adaptive
image interpolation methods for past several decades [2,4]. Even
though these methods can estimate the edge information with in-
expensive computational cost, their accuracy is relatively low, in
particular for texture regions in the image. On the other hand, the
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filter-based method which represents the image details and edges
using filter responses can estimate the edge information precisely.
Besides, this method achieves the scale-invariance by using the
filters in the various scales [10]. Due to these advantages, the filter-
based methods have been widely used in early vision fields [11].
Moreover, it can be one of the promising methods to be employed
in the edge-based interpolation.

Once the edge information is estimated, the sharp HR im-
age can be generated by interpolation with edge-adaptive kernels.
Takeda et al. proposed an edge-adaptive interpolation kernel gen-
erated by using the non-parametric kernel regression [6]. While
this method produces the interpolation kernel which is adaptive to
the object boundary, a large number of iterations are required for
the kernel regression. Wang and Ward introduced the orientation-
adaptive parallelogram kernel to improve the traditional isotropic
bilinear kernel [2]. This kernel is skewed depending on the edge-
direction obtained by the Sobel-based method. However, because
of the limited angular resolution of the interpolation kernels, the
jagging or blurring artifacts often remain in the generated HR im-
age.

In this paper, we propose a new interpolation method using
anisotropic Gaussian filters (AGFs) with an edge-adaptive kernel.
In the proposed method, the edge information of the LR image,
which is the edge orientation and energy, is first estimated us-
ing the modified Leung–Malik (LM) filter bank [12]. Then, the edge
information of the LR image is converted by using a mapping func-
tion into that of the HR image. Based on the edge information of
the HR image, the parameters of the AGF are adaptively estimated
to generate the edge-oriented interpolation kernels. Due to its high
angular resolution of the proposed kernel, jagging and blurring ar-
tifacts are effectively reduced in the interpolated HR images. We
also employ the inverse orientation energy in the interpolation
kernel to increase the visual quality of the interpolated image,
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Fig. 1. Examples of manipulating the 2D AGF. (a) Isotropic 2D Gaussian with σ = 5. (b) 2D AGF with θ = 45◦ and R = 6. (c) 2D AGF with θ = 45◦ and R = 3. (d) 2D AGF with
θ = 0◦ and R = 6. (e) 2D AGF with θ = 90◦ and R = 6.
inspired by the conventional method using the inverse gradient
[13,14].

The rest of this paper is organized as follows: the concepts of
the LM filter bank and the orientation-adaptive kernel are intro-
duced in Section 2. Section 3 describes the proposed method. In
Section 4, the experimental results are discussed. Finally, the con-
clusion is given in Section 5.

2. Related work

In this section, we briefly introduce the LM filter bank and the
2D AGF.

2.1. 2D anisotropic Gaussian filter

As shown in Fig. 1(a), the general case of the 2D isotropic
Gaussian filter only utilizes the geometric constraint such as the
distance between the current pixel and its neighboring pixels. Let
(x, y) and (x′, y′) be the current and neighboring positions of the
pixels in the image, respectively. The 2D isotropic Gaussian filter
with scale σ is given by
g(u, v;σ) = 1√
2πσ

exp

{
− u2

2σ 2

}
∗ 1√

2πσ
exp

{
− v2

2σ 2

}
, (1)

where (u, v) = (x − x′, y − y′).
Unlike the 2D isotropic filter in (1), the 2D AGF is given by

g̃(u, v;σu,σv , θ)

= 1√
2πσu

exp

{
− u2

2σ 2
u

}
∗ 1√

2πσv
exp

{
− v2

2σ 2
v

}
, (2)

where(
u
v

)
=

[
cos θ sin θ

− sin θ cos θ

](
x − x′
y − y′

)
, (3)

where σu and σv are the scales of 1D Gaussian along the u and
v axes, respectively. The u-axis is parallel to the direction of θ ,
whereas the v-axis is orthogonal to the direction of θ . The ra-
tio, R = σu/σv , 0 < R � 1, determines the shape of the 2D AGF
kernel. The direction of the 2D AGF kernel is adaptively changed
depending on the edge-direction, θ . Fig. 1 shows an example of
manipulating the shape of the AGF kernel by adaptive selection
of R and θ . The shape of the interpolation kernel varies depend-
ing on R as shown in Fig. 1(b) and (c). The larger R produces
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Fig. 2. The modified LM filters used for edge orientation measurement. (a) The first derivative of Gaussian for eight directions at three scales. (b) The second derivative of
Gaussian for eight directions at three scales.

Fig. 3. Procedure of the proposed method.
the narrower 2D AGF kernel. Furthermore, the direction of the in-
terpolation kernel can be easily controlled by using the direction
parameter θ as shown in Fig. 1(d) and (e).

2.2. Modified Leung–Malik (LM) filter bank

The LM filter bank is known to be effective for analyzing the
textures and edges of the image. This filter bank consists of 48
filters (36 elongated filters at six orientations, three scales, and
two phases, eight differences of Gaussian filters, and four low-
pass Gaussian filters) [12]. In this paper, we extend the angu-
lar resolution of the LM filter bank by increasing the number of
the elongated filters. The modified LM filter bank consists of 48
elongated filters representing eight edge orientations (0◦ , −22.5◦ ,
−45◦ , −67.5◦ , −90◦ , 67.5◦ , 45◦ , and 22.5◦) at three scales and
two phases. Fig. 2(a) and (b) shows the two phases of the LM fil-
ter banks produced by the first and second derivatives of Gaussian,
respectively.

Let fσ ,θ be the modified LM filter at scale σ and orientation θ

given by

fσ ,θ (u, v) =

⎧⎪⎪⎨
⎪⎪⎩

∂
∂u g̃(u, v;σu,σv , θ),

for the first derivative of Gaussian,
∂2

∂u2 g̃(u, v;σu,σv , θ),

for the second derivative of Gaussian.

(4)

Then, the filter response representing the orientation energy
Eσ ,θ (x, y) is obtained for each scale and orientation as follows:

Eσ ,θ (x, y) = I L(x, y) ∗ fσ ,θ , (5)

where the operator “∗” denotes the convolution and I L(x, y) de-
notes the (x, y)th pixel value in the LR image.

Using (5), the maximum orientation energy is given by

βL(x, y) = max
θ∈Ωθ ,σ∈Ωσ

Eσ ,θ (x, y), (6)

where Ωσ and Ωθ are the sets of the scale and orientation candi-
dates, respectively. Then, the edge orientation with the maximum
energy is selected by

αL(x, y) = {
θ |σ ∈ Ωσ : Eσ ,θ (x, y) = βL(x, y)

}
. (7)
3. Proposed method

In this section, we describe how to estimate the parameters of
the 2D AGF and generate the edge-adaptive interpolation kernel to
interpolate the input LR image. The block-diagram in Fig. 3 sum-
marizes the proposed method. For the simplicity of explanation,
we assume that the scaling ratio of the proposed method is a fac-
tor of two as shown in Fig. 4. However, the proposed method can
be easily extended to the case of factors of more than two.

3.1. Local-adaptive estimation of the 2D AGF parameters for the HR
image

Three parameters, σu, σv , and θ of the 2D AGF are required to
be accurately estimated for the edge-adaptive interpolation kernel.
The proposed estimation method for the 2D AGF parameters con-
sists of four steps as follows:

1) Estimation of the edge information.
2) Determination of the flat region in the LR image.
3) Conversion of the edge information from LR to HR.
4) Parameter estimation for the AGF.

We first estimate the edge orientation αL(x, y) and its corre-
sponding energy βL(x, y) from the LR image using the modified
LM filters in (6) and (7). Then, the image is divided into the detail
and smooth regions based on the amount of the orientation en-
ergy βL(x, y). We employ a binary map, F (x, y), indicating where
the detail regions exist in the image. F (x, y) is obtained by

F (x, y) =
{

0, if βL(x, y) < T ,

1, otherwise,
(8)

where T is a threshold determined experimentally.
In the detail region, the obtained edge information of the LR

image, αL(x, y) and βL(x, y), is converted into that of the HR im-
age. To achieve this, we adopt the adaptive bilinear interpolation
which employs both the geometric and edge-reliability constraints.
Since the scaling factor is two, αH (2x,2y) = αH (i, j) = αL(x, y).
Then, the edge orientation of the other pixels to be interpolated
can be obtained by using the property which the reliability of the
edge orientation is proportional to the strength of the edge as fol-
lows:
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Fig. 4. Formation of the interpolated HR image for the case of scaling factor two.

αH (2x + 1,2y + 1)

= 1

4K1

1∑
k=0

1∑
l=0

w(x + k, y + l)αL(x + k, y + l), (9)

αH (2x + 1,2y) = 1

2K2

1∑
k=0

w(x + k, y)αL(x + k, y), (10)

αH (2x,2y + 1) = 1

2K3

1∑
l=0

w(x, y + l)αL(x, y + l), (11)

w(x + k, y + l) = βL(x + k, y + l), (12)

where K1, K2, and K3 are normalizing factors given by

K1 = βL(x, y) + βL(x + 1, y) + βL(x, y + 1)

+ βL(x + 1, y + 1), (13)

K2 = βL(x, y) + βL(x + 1, y), (14)

K3 = βL(x, y) + βL(x, y + 1). (15)

The orientation energy of the HR image is determined by simply
interpolating that of the LR image using only geometric constraints
as follows:

βH (2x,2y) = βL(x, y), (16)

βH (2x + 1,2y + 1) = 1

4

1∑
k=0

1∑
l=0

βL(x + k, y + l), (17)

βH (2x + 1,2y) = 1

2

1∑
k=0

βL(x + k, y), (18)

βH (2x,2y + 1) = 1

2

1∑
l=0

βL(x, y + l). (19)

To prevent blurring artifacts in the interpolated image, the ra-
tio between σu and σv in the interpolation kernel is adaptively
adjusted depending on the distance between the pixel to be inter-
polated and the edge as shown in Fig. 5. The interpolation kernel
becomes narrower near the edge to prevent the interference from
uncorrelated pixels across the edge as shown in Fig. 5(a). On the
other hand, the interpolation kernel is widened for the pixels lo-
cated far from the edge. We examine the distance of the pixel from
an edge by exploiting the orientation energy because the orienta-
tion energy is generally inverse-proportional to the distance from
the edge. Let σu and σv be initially given parameters according to
the scaling ratio. Then, only σv is adjusted to obtain the interpola-
tion kernel with the adaptive R as follows:

σ̃v(i, j) = βmax − βH (i, j)

βmax
σv , (20)

where βmax is obtained by
βmax = max
{
βH (i − k, j − l),−2N � k � 2N,−2N � l � 2N

}
,

(21)

where N is the size of the interpolation kernel.

3.2. Edge-adaptive interpolation using the modified AGF kernel

In the proposed method, the LR image is interpolated by using
the conventional bi-cubic kernel for the flat region and the pro-
posed edge-adaptive kernel for the detail region. The interpolation
method using the proposed edge-adaptive kernel consists of two
steps. The edge-adaptive interpolation kernels are first constructed
for every pixel to be interpolated based on the obtained edge in-
formation of the HR image. Then, interpolated pixels are generated
by using the constructed interpolation kernels.

To enhance the visual quality, we do not only use the estimated
edge orientation αH (i, j) in (9)–(11) and the scale parameter of
the AGF σ̃v(i, j) in (20), but also employ the inverse orientation
energy as a weighting factor in the proposed interpolation ker-
nel. It is shown in [13,14] that the use of the inverse gradient can
increase the visual quality of the interpolated images. Since the
inverse orientation energy also represents the smoothness of the
image, similar to the inverse gradient, we use the inverse orien-
tation energy as a weight for the adaptive interpolation kernel as
follows:

ĝ
(
u, v;σu, σ̃v(i, j), θ

)

= 1

J i, j

J+N∑
j= j−N

i+N∑
i=i−N

g̃(u, v;σu, σ̃v(i, j), θ)

βH (i, j)
, (22)

where a normalization factor J i, j is given by

J i, j =
j+N∑

j= j−N

i+N∑
i=i−N

1

βH (i, j)
. (23)

Using (21), the HR image for the detail regions is obtained by

Î H (2x + 1,2y + 1)

=
N∑

y′=−N+1

N∑
x′=−N+1

ĝ
(
u, v;σu, σ̃v(2x + 1,2y + 1),

αH (2x + 1,2y + 1)
)

I L
(
2x + 1 + x′,2y + 1 + y′), (24)

Î H (2x + 1,2y)

=
N∑

y′=−N+1

N∑
x′=−N+1

ĝ
(
u, v;σu, σ̃v(2x + 1,2y),

αH (2x + 1,2y)
)

I L
(
2x + 1 + x′,2y + y′), (25)

Î H (2x,2y + 1)

=
N∑

y′=−N+1

N∑
x′=−N+1

ĝ
(
u, v;σu, σ̃v(2x,2y + 1),

αH (2x,2y + 1)
)

I L
(
2x + x′,2y + 1 + y′). (26)

Consequently, the HR image can be generated by selectively adopt-
ing the result generated by using the proposed interpolation ker-
nel in the detail regions and the one of the conventional bi-
cubic methods in the smooth regions according to the binary map
F (x, y) in (8).
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Fig. 5. Example of adaptive shape decision for the AGF to interpolate pixels in the HR image. Gray dot represents the pixel to be interpolated. (a) Pixel closed to the edge.
(b) Pixel near the edge. (c) Far pixel from the edge.

Fig. 6. Test images. (a) Fruit. (b) Text. (c) Cafe. (d) Bike. (e) Hammock. (f) Lena.
Fig. 7. Edge orientation estimation using Fruit. (a) Original. (b) Estimated edge ori-
entation by Sobel. (c) Estimated edge orientation by morphologic edge detection
(maximum). (d) Estimated edge orientation by morphologic edge detection (blur-
minimum). (e) Estimated edge orientation by the modified LM filter bank.

4. Experimental results

To evaluate the performance of the proposed method, we tested
several images including Cycle (160 × 80), Fruit (1280 × 768), Cafe
(1280 × 768), Bike (768 × 512), Hammock (768 × 512), and Lena
(512 × 512) as shown in Fig. 6. The kernel sizes of both the LM set
and the N in (21) are set to 5 × 5 and 2, respectively, and the filter
size should vary depending on the scaling factor. The experimental
threshold T in (8) is set to 10 for 8-bit gray image and 30 for
24-bit RGB image.

Fig. 7 shows the comparison of edge orientation estimation
methods using the Fruit image. The edge orientation and its en-
ergy is measured by Sobel operator, morphologic edge operators
Table 1
PSNR comparison of the HR images reconstructed by five methods (dB).

Image Bilinear Jensen’s Li’s Wang’s Proposed

Text 23.66 24.26 26.29 25.43 25.32
Fruit 29.68 30.32 30.34 30.38 30.34
Cafe 24.31 24.04 24.15 24.39 24.27
Bike 25.56 25.65 25.74 25.91 25.95
Hammock 27.2 27.26 27.05 27.22 27.27
Lena 32.71 32.78 32.67 32.86 33.11

Average 27.18 27.38 27.70 27.69 27.71

(maximum and blur-minimum) [15], and LM filter bank as shown
in Fig. 7(b)–(e). To display the edge orientation, the estimated edge
orientation whose range is [−90◦,89◦] is linearly mapped to an 8-
bit integer value from 75 to 255, and the flat region, F (x, y) = 0,
is denoted by pixel value ‘0’. Sobel operator is weak to noise, thus
generating many false edges in Fig. 7(b). Although the morphologic
edge operators are strong to noise, they excessively suppress edges
in Fig. 7(c) and (d). Comparing to the conventional methods, the
modified LM filter bank is more effective to represent the edge in-
formation as shown in Fig. 7(e).

The proposed interpolation method was compared with the
conventional interpolation methods including the bilinear, Jen-
sen’s [4], Li’s [5], and Wang’s [2] methods. For objective compari-
son of image quality, we measured the PSNR of the reconstructed
HR images. Since there is no reference image for the generated HR
image, we generated the LR images from the original HR images
using the down-sampling with an anti-aliasing filter. From these
LR images, the HR images were reconstructed by the proposed
and conventional methods. Table 1 summarizes the PSNR results
of five interpolation methods including the proposed method. The
proposed method generally provides higher PSNR than the conven-
tional methods.

To examine the interpolation performance for frequently ap-
peared patterns and edges, we applied the conventional and pro-
posed interpolation methods to a synthetic image Text. In Fig. 8,
we can compare the performance of aforementioned methods for
the diagonal edges. It is easily shown that the proposed method
in Fig. 8(f) produced less jagging with endurable blurring than the
conventional methods, Fig. 8(b)–(e).
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Fig. 8. Interpolation results of the text image, Text. (a) Original. (b) Bilinear. (c) Jensen’s. (d) Li’s. (e) Wang’s. (f) Proposed.

Fig. 9. Interpolation results of the natural image, Cafe. (a) Original. (b) Bilinear. (c) Jensen’s. (d) Li’s. (e) Wang’s. (f) Proposed.
In Figs. 9 and 10, we compare the subjective image quality
of the interpolation methods for practical cases. Jensen’s method
provides sharp edges for object boundaries but severe jagging in-
troduced when the sub-pixel edge localization method fails to find
the exact edge-direction. Especially, this method performs worse in
the region containing the pulse-shaped edges because the Sobel-
based edge-detector in [4] cannot accurately detect the edges ex-
cept step-edges. While Li’s method exhibits sharp edges without
jagging and blurring, this method generates unexpected artifacts
in the region where it fails to obtain the precise covariance. Fur-
thermore, its computational burden is very heavy. Wang’s method
generally produces sharp edges with the parallelogram orientation-
adaptive kernels. However, this method still generates jagging in
the object boundary because the curvature information is not fully
utilized [2]. The proposed method generates the HR images with
less jagging and blurring artifacts.

To show significant subjective quality improvement, the inter-
polated images in Fig. 10 are high-pass filtered by using Laplacian
operator as shown in Fig. 11. The high-pass filtered images of
bilinear and Jensen’s method are not visually consistent because
they lose many high frequency information during interpolation as
shown in Fig. 11(b) and (c). In Fig. 11(d), the high-pass filtered
image of Li’s method looks visually consistent but less than the
proposed method. Although the high-pass filtered image of Wang’s
method is strongly consistent, it generates the speckle noise as
shown in Fig. 11(e). The high-pass filtered image of the proposed
method in Fig. 11(f) looks almost same as the original one in
Fig. 11(a) and it rarely produces the speckle noise.

We also compare the relative computational burden of the con-
ventional and proposed methods in Table 2. The processing time
is measured with a PC with a quad core CPU 2.66 GHz and
2 GB RAM. The proposed method is slower than the simplest bi-
linear method but its speed is similar to the conventional interpo-
lation methods utilizing edge orientation estimation.

5. Conclusion

In this paper, we proposed a new image interpolation using the
edge-adaptive AGF. In the proposed method, the edge information
of the LR image was first estimated and converted into that of the
HR image to be interpolated. Based on the HR edge information,
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Fig. 10. Interpolation results of the natural image, Bike. (a) Original. (b) Bilinear. (c) Jensen’s. (d) Li’s. (e) Wang’s. (f) Proposed.

Fig. 11. High-pass filtered results of interpolation results of the natural image, Bike. (a) Original. (b) Bilinear. (c) Jensen’s. (d) Li’s. (e) Wang’s. (f) Proposed.
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Table 2
Comparison of the relative processing times.

Bilinear Jensen’s Li’s Wang’s Proposed

Average 1 23.58 144.36 10.54 13.81

the shape of the AGF can be pixel-wisely determined to produce an
edge-adaptive interpolation kernel. Then, the inverse orientation
energy is also incorporated with the edge-adaptive interpolation
kernel. The experimental results show that the proposed method
performs better than the conventional methods while reducing an-
noying artifacts such as jagging near the object boundary, subjec-
tively and objectively. Compared with other edge-based methods,
the proposed method provides better visual quality with reason-
able computational complexity.
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