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1. Introduction enhancement (RE) interpolation algorithms were

proposed. Some of the RE interpolation algorithms
Image interpolation is a prime technique in im-
[2], [3] use multiresolution pyramid representations
age processing. It is used in many important ap-
of a low-resolution image to calculate an interpo-
plications such as digital high-definition television,
lated high-resolution image. In [2], the Laplacian
big screen display, copy and print machine, medical
pyramid is used for predicting the high frequency
imaging, end-user equipment and so on.
components. In [3], a wavelet-based interpolation
The conventional image linear interpolations (e.g.,
is presented. Another popular type of the RE in-
the bilinear and bicubic interpolations [1]) are used
terpolation algorithms [4]-[7] needs a sequence of
widely in many applications. However, the con-
low-resolution images for producting an interpo-
ventional linear interpolations have a serious blur-
lated high-resolution image. Since the interpola-
ring problem, because they ignore the features of
tions based on multi-resolution pyramids or multi-
the image pixel data, such as the frequency fea-
image datas need heavy computations, they can
tures, the edge features, the features under mul-
not replace the bilinear or bicubic interpolations,
tiresolution and so on. For solving the blurring
in particular when the computational simplicity is
problem in image interpolation, various resolution
wanted. For example, in many cases the interpola-
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Fig. 10 Bilinear interpolation. (a) An edge model.

(b) Bilinear interpolation for up-sampling.

tor is included in end-user equipment, which should
have low cost and computational simplicity.

For improving the performance of the conven-
tional linear interpolations, the conventional WaDi
technique was proposed by Ramponi in [8]. Since
the WaDi technique can reduce the interpolation
error and has a simple computation structure, it is
expected to replace the conventional linear inter-
polations in many applications. The conventional
WabDi technique is based on the local asymmetry
features of image edges. We know that the local
gradient features are one kind of the important fea-
tures of image edges as well as the local asymmetry
features. In this paper we adopt these two kinds of
features in the proposed WaDi bilinear interpola-
tion method, more image details of which are dis-
played than those of the conventional WaDi in the

interpolated images.

ideal

Fig. 20 Ideal interpolation value f}****, (a) bilinear

interpolation value f; and (b) WaDi interpolation

value f; .

This paper is organized as follows. The conven-
tional WaDi interpolation is reviewed in Section
2.1. The local gradient features of digital images
are described in Section 2.2. The proposed WaDi
interpolation method is presented in Section 2.3.
Some experimental results are given in Section 3.

Finally, the conclusion is included in Section 4.

2. Wabi Interpolation With Lo-

cal Gradient Features

Since any lowpass effect in the courses when we
obtain natural images will change step edges into
sigmoidal edges, we use a sigmoidal function as a
model for image edges. The conventional linear
interpolations need an up-sampling distance s to

estimate the unknown pixels for up-sampling. For
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Fig. 30 Relationship between 2-D warped dis-

tances and 1-D warped distances.

an edge model the bilinear interpolation is shown
in Fig. 1.
At the position 7/, the bilinear interpolation esti-

mates the value of the interpolated pixel as

fi = (1 —=s8)fi +sfit1, (1)

where the distance s is defined by s = i’ —i. How-
ever, from Fig. 1 we know that the bilinear interpo-
lated value f; at the position i’ does not correctly
represent the real value fi?¢?!. This reason makes
the interpolated images using the bilinear interpo-

lation blurred.

2.1 Conventional WaDi Interpolation

For obtaining the ideal interpolated value fif¢e!,
the WaDi interpolation uses the WaDi s’ in place
of the distance s in the conventional linear inter-
polations. Fig. 2 shows how the WaDi s’ works.
Thus, we can find s’ with

fir

(1—=s")fi+ 5 fira
= i )
The WaDi s’ depends on image local features. Uti-

lizing the local asymmetry features, the conven-

tional WaDi interpolation defines s’ as

s'=s—kAs(1 — s), (3)
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Fig. 40 Pixel masks around the interpolated pixel.

where A is the local asymmetry feature defined by

A= | fix1 — fica| = | fige — fi|,
L—-1

(4)

where L = 256 for 8-bit luminance images, and
then A is limited in the range [—1, 1]. The positive
parameter k decides the warping level. When £ is
large, s’ may be outside of the range [0, 1]. Since
s' must be kept in [0, 1] in real images, the outside-
range s’ will be clipped to 0 or 1.
Two-dimensional (2-D) WaDi can be computed
from one-dimensional (1-D) WaDis. Fig. 3 shows
the relationship between the 2-D WaDi and the 1-
D WabDis. Therefore, we have the equations for the

2-D WaDi computation as

i1+ (8ha — 841)841 (5)

Tl (5;2 - 5;1)(5;2 — 841)

!

! ! ! !
' syl + (SyZ - Syl)swl

vo1- (Sg,z - 5;1)(5;2 — b))’

(6)

2.2 Local Gradient Features

In digital images, the local gradient features are
also one kind of the important features. In [9], us-
ing the local gradient features around the interpo-
lated pixel f; ;:, four local gradient weights are pro-
posed by Hwang. The four local gradient weights,
H;, H.,V, and V| are generated from the four pixel

magsks around the interpolated pixel, where the four
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masks are shown in Fig. 4 with the dotted line
blocks. The local gradient weights H;, H,., V,, and
V, are defined as

1

H, = 242
Vitalfiy— fimrgl+1fije — ficrinl) »
r = 238 X
< SN
T+ a(firng = frrzgl + Jernjor = Frzinl) g
\/ i+1,5 i+2,5 i+1,j+1 i+2,5+1 2 . Aahikttasss
1 S e
SRR | B NS
= SRR = =
u R =
L+a(lfi; — fijal +1fixr; — firria)) = S
] %,j—1 i+1,5 +1,5—1 SR

1 232
VI+a(fijer — fijrel + i — firrge2])

where the parameter « is in the range of [0, 1].
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?

2.3 Proposed High Accuracy WaDi
Interpolation

172

From [9], we know that the local gradient weights 170
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can be used for the bilinear interpolation as
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Fig. 60 Experimental interpolated images. (a) Bilinear interpolated “Pepper” image (MSE=143.2). (b)
Edge components of (a) after the Laplacian filtering. (c¢) Conventional WaDi interpolated “Pepper” image
(MSE=135.6). (d) Edge components of (c) after thebLaplacian filtering. (e) Proposed WaDi interpolated
“Pepper” image (MSE=135.6). (f) Edge components of (e) after the Laplacian filtering.



Table 10 The minimized MSE  values
(128 x 128 — 256 x 256).

Image Bilinea | Conventional | Proposed
WaDi WaDi
Airplane 247.8 233.8 232.4
Cameraman | 325.1 312.7 310.4
Lenna 1741 166.5 161.9
Pepper 143.2 135.6 133.9
Lighthouse | 392.0 376.1 374.6
Clock 142.6 130.3 129.2
Tiffany 158.4 154.1 153.4
Couple 70.4 67.2 66.9

H,s! Vis,

+

H(1—s) + Hys, Va(l—s) 1 Vi, 70340

Then, the proposed WaDis can be easily written as

!
Spl _ H’I‘SI
Pl —
H(1-s")+ H,s,
!
sP! = Visy
b=

Vu(l =)+ Visl)’

and fﬁj, can also be easily written as

D= =sE) (1 =) fij 4+ 85 (1= sb) fiyr

+(1 - 821)85,f1‘7‘7’+1 + Sglsglfi+17j+1. (9)

3. Experimental Results

To do a quantitative evaluation of the proposed
WabDi interpolation, we use the “imresize(I, 0.5, bi-
linear)” of matlab to lowpass filter the different
well-known test images (256 x 256) and subsample
the lowpass filtered images to 1/2 times of their
original size. Then, the subsampled images are in-

terpolated to their original size using the bilinear,

the proposed WaDi and the conventional WaDi in-
terpolations. The minimized MSE values for each
interpolation method are presented in Table I. The
results in Table I show that for all the test images
the proposed WaDi interpolation can get better in-
terpolated accuracy than that of the conventional
WabDi interpolation.

Using the conventional WaDi interpolation, when
the parameter k is large the interpolated images are
seen to be sharp. When the parameter k increases,
the MSE also increases fast, because not only the
high frequency components (edges) but also the low
frequency components of an image are affected eas-
ily by the parameter k. In the proposed WaDi in-
terpolation we have the other parameter «. Us-
ing the proposed WaDi interpolation we show the
MSE variance graphs of the “Airplane”, “Lenna”
and “Pepper” images with different parameter sets
of k and « in Fig. 5. When the parameter « is
large, the interpolated images are also shown sharp.
Fig. 5 shows us that the increment of the parame-
ter a affects the MSE variance little, and this fea-
ture means that using the proposed WaDi interpo-
lation we can sharpen the interpolated images by
increasing the parameter a only with a little MSE
increment. The interpolated “Pepper” images are
shown in Fig. 6, where the proposed WaDi and
the conventional WaDi interpolated images are un-
der the same MSE value. From the edge compo-
nents of the proposed WaDi interpolated, the con-
ventional WaDi interpolated and the bilinear in-
terpolated images in Fig. 6, we can see that the
proposed WaDi interpolation can obtain more edge
details in the interpolated images than those of the

conventional WaDi and the bilinear interpolations.
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4. Conclusion

The proposed WaDi interpolation in this paper
uses both the local asymmetry features and the lo-
cal gradient features of an image to compute the
warped distance. In this way more image local in-
formation is used to estimate the interpolated pix-
els than that in the conventional WaDi interpola-
tion.

Experiment results show that:

1) Using optimum parameters k and «, the MSE
values of the proposed WaDi interpolated images
made smaller than those of the conventional WaDi
interpolated images;

2) Under the same MSE values, the proposed
WabDi interpolated images display more edge de-
tails than those in the conventional WaDi interpo-

lated images.
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