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In this paper we address the problem of producing an enlarged picture from
a given digital image. We propose a zooming technique based on ENO and

WENO schemes that are high order accurate finite difference schemes designed

for problems with piecewise smooth solutions containing discontinuities. ENO
and WENO schemes have been quite successful in applications, especially for

problems containing both shocks and complicated smooth solution structures,

such as compressible turbulence simulations and aeroacoustics. The algorithm
works both on monochromatic images and RGB color pictures. Our experi-

ments show that the proposed method is better than classical simple zooming

techniques (e.g. pixel replication, bilinear interpolation). Moreover our algo-
rithm is competitive both for quality and efficiency with bicubic interpolation.
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1. Introduction

In this paper we address the problem of producing a zoomed picture from a
given digital image. This problem arises frequently whenever a user wishes
to zoom in to get a better view of a given picture. There are several issues
to take into account about zooming: unavoidable smoothing effects, recon-
struction of high frequency details without the introduction of artifacts
and computational efficiency both in time and in memory requirements.
Several good zooming techniques are nowadays well known.5,7–10,14,19 A
generic zooming algorithm takes as input an RGB picture and provides as
output a picture of greater size preserving as much as possible the informa-
tion content of the original image. For a large class of zooming techniques
this is achieved by means of some kind of interpolation; replication, bilin-
ear and bicubic are the most popular choices and they are routinely im-
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plemented in commercial digital image processing software. Unfortunately,
these methods, while preserving the low frequencies content of the source
image, are not equally able to enhance high frequencies in order to pro-
vide a picture whose visual sharpness matches the quality of the original
image. The methods proposed in this paper take into account information
about discontinuities or sharp luminance variations while increasing the
input picture. The research of new heuristic strategies able to outperform
classical image processing techniques is nowadays the key-point to produce
digital consumer engine (e.g. Digital Still Camera, 3G Mobile Phone, etc.)
with advanced imaging application.2 The key idea of our algorithm lies at
the approximation level, where a nonlinear adaptive procedure is used to
automatically choose the locally smoothest stencil, hence avoiding crossing
discontinuities in the interpolation procedure as much as possible.

Our experiments show that the proposed method is better, in subjective
quality than other well known methods such as pixel replication, bilinear
interpolation, LAZA (locally adaptive zooming algorithm).16 Moreover our
algorithm is competitive both for quality and efficiency with bicubic inter-
polation, b-spline and other traditional techniques of zooming (e.g. Lanczos,
s-spline). The technique proposed in this paper is simpler and much faster
than fractal based zooming algorithms.14,17

The rest of the paper is organized as follows. Section 2 provides a de-
scription of ENO and WENO schemes. Section 3 provides a detailed descrip-
tion of the basic algorithm. Section 4 describes how to adapt the proposed
algorithm to color images. Section 5 reports the results obtained together
with a detailed discussion about related performance and weakness. Section
6 concludes the paper.

2. ENO and WENO schemes

In this section we provide a brief description of ENO and WENO schemes.

2.1. ENO

ENO is the first successful attempt to obtain a self similar uniformly high
order accurate, yet essentially non-oscillatory, interpolation (i.e. the magni-
tude of the oscillations decays as O(∆xk) where k is the order of accuracy)
for piecewise smooth functions.



March 13, 2007 11:28 WSPC - Proceedings Trim Size: 9in x 6in CSC06136

3

In 1D we define cells, cell centers, and cell sizes by:
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We will face the following problem: given the cell averages of a function
v(x):

vi ≡
1

∆xi

∫ x
i+ 1

2

x
i− 1

2

v(ξ)dξ (2)

find a polynomial of degree at most k − 1, for each cell Ii, such that it is a
k − th order accurate approximation to the function v(x) inside Ii:

pi(x) = v(x) + O(∆xk), x ∈ Ii, i = 1, . . . , N (3)

In a given cell Ii, we choose a stencil S(i) based on r cells to the left,
s cells to the right, and Ii itself. If the order of accuracy has to be k, we
have:

S(i) ≡ {Ii−r, . . . , Ii+s} (4)

There is a unique polynomial p(x) of k− 1 degree whose cell average in
S(i) is that of v(x):

1
∆xj

∫ x
j+ 1

2

x
j− 1

2

p(ξ)dξ = vj (5)

Given the k cell averages vi−r, . . . , vi−r+k−1 that are constants cr,j such
that one can find a reconstructed value at the cell boundary xi+ 1

1
:

vi+ 1
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which is k-order accurate.1

To determine the local stencil, we develop a hierarchy that begins with
one cell

S(i) = Ii =
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and adds one cell at a time to the stencil from the two candidates on the
left and on the right, based on the size of the two relevant Newton divided
differences
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Fig. 1. (a) Fixed central stencil cubic interpolation; (b) ENO cubic interpolation for the
step function. Solid: exact function; Dashed: interpolant piecewise cubic polynomials.

We choose the one with the least absolute value, achieving:

S(i) = {Ii−1, Ii} ≡
{
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}
(9)

S(i) = {Ii, Ii+1} ≡
{
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2
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2

}
(10)

This procedure goes forward until we obtain the number of required
points in the stencil.

Once we have defined the stencil

S(i) = {Ii−r, . . . , Ii+s}, k = r + s + 1 (11)

one can compute the Eq. 6 where the constants cr,j depend on r, k and
∆xk.

We can find the constants cr,j from the Lagrange polynomials and the
non-oscillatory behavior is provided by adapting the stencil. Fig. 1 shows
the differences differences between the cubic interpolation and the ENO
cubic interpolation.

2.2. WENO

Differently to ENO, in WENO schemes one uses a convex combination of
all the stencils. Suppose the k candidate stencils

Sr(i) = {xi−r, . . . , xi−r+k−1}, r = 0, . . . , k − 1 (12)

produce k different reconstructions to the value vi+ 1
2
:
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Then we combine polynomials using weights ωr
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with
∑k−1

r=0 ωr = 1.
The weights ωr are calculated using the following equations:

ωr =
αr∑k−1

s=0 αs

, αr =
dr

βr
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where βr are the ”smoothness indicators” and dr is always positive and it
satisfies the condition

k−1∑
r=0

dr = 1 (16)

Many versions of WENO schemes have been developed in the last few
years. These methods differ from WENO schemes in the dimension of the
stencil or in the calculation of the ”smoothness indicators”. Some of these
schemes are: OWENO (Optimized-WENO);3 CWENO (Central-WENO);4

WENO5M (Fifth-Order Mapped WENO).6

3. The proposed algorithm

In this section, we give a detailed description of the proposed algorithm. If
S is a gray level image whose size is n× n, the zooming algorithm creates
a new image Z of size (2n − 1) × (2n − 1). Initially, the image Z contains
pixels with known values and pixels unknown. More precisely, as first step
the algorithm expands the source image S into a regular grid Z. Fig. 2(a)
shows schematically the mapping function E : S → Z that disposes the
original pixels into the new image. The expansion follows the equation:

E(S(i, j)) = Z(2i− 1, 2j − 1), i, j = 1, 2, . . . , n. (17)

The mapping E leaves undefined the value of all the pixels in Z with at
least one even coordinate (white dots in Fig. 2(a)).
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Fig. 2. (a) Zooming enlargement; (b) Scan order.

The second step of the algorithm is different if the approach is ENO
or WENO based. It always works over the pixels still undefined. More
precisely, first we interpolate the pixels in the odd rows and then all the
others (Fig. 2(b)).

In the ENO Approach, if k is the degree of the method, the cell Ii,j

starts with a two point stencil

S2(i, j) = {xi,j−1, xi,j+1} (18)

For l = 2, . . . , k assuming

Sl(i, j) = {xi,j+1, . . . , xi,j+2l−1} (19)

is known, add one of the two neighboring points xi,j−1 or xi,j+2l+1 to the
stencil, following the ENO procedure specified in section 2.1.

Once the stencil is found, we can calculate vi,j following the:

vi,j =
k−1∑
l=0

cr,lvi,j−(2r+1)+2l (20)

with r is the number of stencils at the left of Ii, and the coefficient cr,l

are defined in.1

In the WENO approach, if the k candidate stencils are computed using
ENO procedure in Eq. 19:

Sr(i, j) = {xi,j−2r−1, . . . , xi,j−2r+2k−1}, r = 0, . . . , k − 1 (21)

we produce k different reconstructions to the value vi,j

v
(r)
i,j =

k−1∑
l=0

cr,lvi,j−(2r+1)+2l, r = 0, . . . , k − 1 (22)

The constants dr, and the smoothness indicators βr, for all r = 0, . . . , k−
1 are described in Section 2.2.
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The final reconstruction is

vi,j =
k−1∑
r=0

ωrv
(r)
i,j (23)

4. Zooming color pictures

The basic algorithm described above for gray scale pictures can be easily
generalized to the case of RGB colored digital images. To change the space
color we take advantage of the higher sensitivity of human visual system to
luminance variations with respect to chrominance values. Hence it makes
sense to allocate larger computational resources to zoom luminance values,
while chrominance values may be processed with a simpler and more eco-
nomical approach. This simple strategy is inspired by analogues techniques
used by classical lossy image compression algorithms like JPEG and/or
JPEG2000 vastly implemented in almost digital still camera engines.
Accordingly we propose to operate as follows:

• Translate the original RGB picture into the YUV color model.
• Zoom the luminance values Y according with the basic algorithm

described above.
• Zoom the U and V values using a simpler pixel replication algo-

rithm.
• Back translates the zoomed YUV picture into an RGB image.

The results obtained with this basic approach are qualitatively compara-
ble with the results obtained using bicubic interpolation over the three color
channels. From the computational point of view, it is important to note
how no significant difference in terms of timing response has been observed
between the simple application of our approach to the three RGB planes
and the approach described above (RGB-YUV conversion, Y zooming U, V
replication, YUV-RGB conversion). Yet, in real applications (DSC, 3G Mo-
bile phone,) the zooming process inside typical Image Generation Pipeline
if present is realized just before compression: the YUV conversion is always
performed as a crucial step to achieve visual lossless compression. In this
case the color conversion itself does not introduce further computational
costs.

5. Experimental results

The validation of a zooming algorithm requires the assessment of the visual
quality of the zoomed pictures. Fig. 3 shows three examples of zooming pic-
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tures obtained with the proposed algorithm. Unfortunately this qualitative
judgment involves qualitative evaluation of many zoomed pictures from a
large pool of human observers and it is hard to be done in a subjective
and precise way. For this reason several alternative quantitative measure-
ments related to picture quality have been proposed and widely used in the
literature. To validate our algorithm we have chosen both the approaches
proposed in Refs.,11,12,15 classical metrics and subjective tests. In particu-
lar we have used the cross-correlation and the PSNR (Peak Signal Noise to
Ratio) between the original picture and the reconstructed picture to assess
the quality of reconstruction. In our experimental contest we have first col-
lected a test pool of 100 gray scale pictures. For each image I in this set we
have first performed the following operations:

• reduction by decimation: a new picture Id of half size of I is ob-
tained taking only the pixels with both odd coordinates of the
original picture;

• starting from Id we have obtained the zoomed image;
• calculation of the following quantitative measurements between

the original picture and the reconstructed picture: PSNR, cross-
correlation coefficient and error threshold;

• calculation of the cpu-time;
• qualitative evaluation of the zoomed image.

The cross-correlation coefficient C between two pictures A and B is:

C =

∣∣∣∣∣∣∣∣
(∑

k,l A(k, l)B(k, l)−KLab
)

√(∑
k,l A

2(k, l)−KLa2
) (∑

k,l B
2(k, l)−KLb2

)
∣∣∣∣∣∣∣∣ (24)

where a and b denote, respectively, the average value of picture A and
B, K and L denote, respectively, width and length, in pixels, of images A

and B. Notice that cross-correlation coefficients is between 0 and 1. The
more the coefficient approaches 1, the better the reconstruction quality.
The PSNR is calculated using the classical equation.

We have chosen simple replication, LAZA algorithm, bilinear and bicu-
bic interpolation as comparing stones to assess the quality of our technique.
It is generally accepted that replication provides the worst quality-wise
zooming algorithm while bicubic interpolation is considered one of the best
options available. Table 1 and Table 2 show experimental results related,
respectively, to ENO and WENO based algorithms of zooming.
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Fig. 3. (a) Original images; Examples of zoomed pictures with the Bryson-Levy (b)

and Russo-Ferretti (c) based methods.

Table 1. ENO results

CPU Time Cross-Correlation PSNR

ENO2 5,23 0,9858 29,42

ENO3 15,72 0,9847 29,06
ENO4 34,38 0,9826 28,44

ENO5 71,58 0,9852 23,35
ENO3-Cross 15,18 0,9898 30,83

LAZA 12,75 0,9946 33,58

Replication 0,07 0,9854 29,32
Spline 0,93 0,9952 34,27

Bilinear 0,43 0,995 33,95

Bicubic 1,05 0,9953 34,36

The numerical results illustrated in these tables says that ENO schemes
achieve not too good results if applied to the zooming ×2 of a digital image
due to the higher cpu-time, the quantitative measurements worse than bicu-
bic and LAZA, and do not give good quality images. However, the WENO
schemes achieve very good results with small cpu-time, with quantitative
measurements comparable to bicubic, and give good quality images.

The graphs in Fig. 4 show the average percentage of errors observed over
the test pool as different tolerance threshold are considered. The WENO
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(a)

(b)

Fig. 4. Error values with different thresholds

Russo-Ferretti13 and Bryson-Levy18 methods are always the best, since
their values are always lower than the others.

6. Conclusions

In this paper we have proposed a new technique for zooming a digital pic-
ture, both in gray scale and in RGB colors. The experimental results show
that satisfying results are obtained using the Russo-Ferretti and Bryson-
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Table 2. WENO results

CPU Time Cross-Correlation PSNR

WENO3 1,08 0,9902 30,94

WENO5 1,5 0,9924 32,11
WENO7 1,86 0,9936 32,73

WENO7-2D 2,1 0,9946 33,47

OWENO1-2D 2,14 0,9947 33,58
Russo-Ferretti 2-3 1,56 0,9953 34,06

Russo-Ferretti 3-5 1,95 0,9957 34,34

Bryson Levy 1,46 0,9956 34,33
LAZA 12,99 0,995 33,58

Replication 0,05 0,9871 29,32

Spline 0,75 0,9955 34,27
Bilinear 0,42 0,9953 33,95

Bicubic 1,01 0,9957 34,36

Levy versions of WENO schemes. These proposed methods beat in qual-
ity pixel replication, bilinear and bicubic interpolation, LAZA algortihm.
Moreover, the proposed algorithms are competitive both for quality and
efficiency with other traditional techniques of zooming. Moreover, these al-
gorithms preserve the image edges (major transition light-shade zones) in
any direction without the introduction of artifacts and without to put out
of focus the resulting images. The tests prove that these methods are very
good to zooming medical pictures and images including writings. The pro-
posed method, while of not greater complexity than bicubic interpolation
provides qualitatively better results.
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