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Abstract. Rational filters are extended to multichannel signal process-
ing and applied to image interpolation. Two commonly used decimation
schemes are considered: a rectangular grid and a quincunx grid. For
each decimation lattice, we propose a number of adaptive resampling
algorithms based on the vector rational filter (VRF). These algorithms
exhibit desirable properties such as edge and detail preservation and
accurate chromaticity estimation. In these approaches, color image pix-
els are considered as three-component vectors in the color space.
Therefore, the inherent correlation that exists between the different color
components is not ignored. This leads to better image quality compared
to that obtained by componentwise or marginal processing. Extensive
simulations show that multichannel image processing with the proposed
algorithms (VRFL) and (VRFd) based on lp-norm and directional pro-
cessing, respectively; significantly outperform linear and some nonlinear
techniques, e.g., vector FIR median hybrid filters (VFMH). Some images
interpolated using VRFL and VRFd are presented for qualitative compari-
son. These images are free from blockiness and jaggedness, confirming
the quantitative results. © 1999 Society of Photo-Optical Instrumentation Engineers.
[S0091-3286(99)00105-1]
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1 Introduction

The process of decimation or down-sampling is equival
to intelligently discarding data. This can be informally d
fined as the process of representing an input image o
new sampling grid, with a lower sampling density than t
original grid.1 The goal is to reduce the amount of inform
tion transmitted through the communication channels
the local storage requirements, while preserving the im
quality as much as possible. Down-sampling belongs to
class of geometric scaling procedures that also includes
reverse operation, i.e., up-sampling or up-scaling, achie
either by pixel replication or by interpolation to restore t
original high-resolution image from its decimated versi
or for resizing or zooming a digital image. Decimation fo
lowed later by interpolation~Fig. 1! is used in many prac
tical applications, such as progressive image transmis
systems, image/video zooming, photographic enlarg
image reconstruction, optical scanners, and high-resolu
printers, and in multimedia applications that require brow
ing or retrieval of images from the Internet or image a
video databases. These tasks become more complex i
case of color images, which usually require larger stor
capacity and processing time. Moreover, restoring
original colors accurately increases the computational c
plexity. The design of robust and good interpolators is c
cial to achieving a reconstructed image with high qualit

A number of conventional interpolation techniques we
proposed to increase the spatial resolution of an image~see,
for instance, Refs. 2 and 3!. These techniques degrade t
Opt. Eng. 38(5) 893–901 (May 1999) 0091-3286/99/$10.00
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quality of the magnified image due to various artifacts~to
which the human eye is quite sensitive!, such as, blocking
artifact and excessive smoothing. Such degradati
worsen as the magnification ratio increases. Therefor
tradeoff between reducing blocking artifacts and excess
smoothing should be found.4 Although conventional tech-
niques are well established for univariate 2-D signals, s
as gray level images, an extension of these technique
multivariate data, such as color images, is not straight
ward. Processing each color component separately fail
take into account the inherent correlation that exists
tween the different channels. Adaptive methods aim
avoid these problems by analyzing the local structure of
source~or original! image and using different interpolatio
functions with different areas of support.

In the following, we present an adaptive algorithm f
color image interpolation using a new class of vector rat
nal filters recently proposed in Refs. 5 and 6. These
applied to two different resampling, i.e., down-sampli
and up-sampling, the rectangular and quincunx lattices~see
Fig. 2!. This new algorithm yields better interpolated im
ages than those obtained with a number of linear and o
nonlinear techniques. Among the nonlinear methods are
vector median filter7 and the vector directional filter.8 An-
other class of nonlinear filters that has been widely stud
for signal and image processing is that of Volterra syste
~see for instance Ref. 9! and particularly its subclass, poly
nomial filters10 and in turn its subclass quadratic filters.11

Rational filters, as the name indicates, consist of the ratio
893© 1999 Society of Photo-Optical Instrumentation Engineers
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Khriji, Alaya Cheikh, and Gabbouj: High-resolution digital resampling . . .
two polynomials and were introduced by Leung a
Haykin12 based on the work of Walsh13 for signal detection
and estimation and were later applied by Ramponi14 for
image filtering and enhancement.

The paper is organized as follows. Section 2 briefly
views rational functions. In Section 3, the definition of t
vector rational filters5 is presented and two new interpol
tion schemes are discussed: the border preserving inte
lator and the separable row-column interpolator. Sectio
describes an extension of the vector rational funct
~VRF! to directional processing. Section 5 presents ext
sive simulation results and a discussion on the impro
ment achieved by the proposed vector rational approac
To incorporate perceptual criteria in the comparisons,
errors are measured in the uniformL* a* b* color space.15

Section 6 concludes the paper.

2 Rational Functions

Nonlinear approximation techniques are now commo
used due to their ability to capture complex and sali
features in the processed signals. Practical approxima
are simple functions~i.e., low computational complexity!
that are able to represent a given signal with the requ
accuracy. Rational functions belong to this category.

Fig. 1 Decimation/interpolation based compression system.

Fig. 2 (a) Rectangular decimation (factor 1/4) and its primitive
bandwidth and (b) quincunx decimation (factor 1/2) and its band-
width.
894 Optical Engineering, Vol. 38 No. 5, May 1999
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example, trigonometric functions are computed using ra
nal approximating functions on a computer. More gen
ally, a number of engineering problems such as opti
transformation, interpolation of TV image sequence, inp
resistance of cascaded resistance networks and im
propagation for two inward-facing parabolic mirrors ha
been found to be well represented by rational functio
These applications confirm the significance of ration
functions, and hence their suitability for incorporation
the design of nonlinear filters.

Recently, rational functions were proposed as a n
class of nonlinear signal processing techniques.12,14 The
input/output relation for a rational function is given by16

y5
a01( i 51

m a1ixi1( i 51
m ( j 51

m a2i j xixj1 . . .

b01( i 51
m b1ixi1( i 51

m ( j 51
m b2i j xixj1 . . .

, ~1!

wherex1 ,x2 , . . . ,xm are the scalar inputs to the filter;y is
the filter output; anda0 , b0 , ai j and bi j are filter param-
eters.

The representation described in Eq.~1! is unique up to
the constant factors in the numerator and denominator p
nomials. The rational function~RF! must clearly have a
finite order to be useful in solving practical problems. Lik
polynomial functions, an RF is a universal approximator12

Moreover, it is able to achieve substantially higher acc
racy with lower complexity and possesses better extrap
tion capabilities than polynomial functions.

Ramponi proposed the rational filter and used it in d
ferent image processing tasks, such as, enhancemen
filtering.14 Later, he proposed a rational filter for imag
interpolation17 that is able to reconstruct sharp edges ac
rately without ringing effects. The value of the pixelx to be
interpolated according to Fig. 3 is computed as

x5
we f~e1 f !1wf g~ f 1g!1wgh~g1h!1whe~h1e!

2~we f1wf g1wgh1whe!

5
1

W S we f

e1 f

2
1wf g

f 1g

2
1wgh

g1h

2
1whe

h1e

2 D , ~2!

Fig. 3 A 333 mask to interpolate the sample x using the known
data e, f, g and h.
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where W5we f1wf g1wgh1whe . The filter coefficients
are given by wab51/@81k(b2a)2#, a,bP$e, f ,g,h%,
andk is a fixed positive constant. The parameterk controls
the nonlinearity of the weights distribution.

3 VRF Based Interpolators

Straight forward application of the RFs to multichannel im
age processing would be based on processing the im
components separately, i.e., componentwise or marg
processing. This, however, fails to exploit the inherent c
relation that is usually present in multichannel imag
Consequently, vector processing of multichannel image
desirable.18

By examining the expression of the 2-D scalar interp
lator @Eq. ~2!#, one can see that the denominator is a n
malizing factor when the filter window is located in a fl
area@i.e., the sum of the weightswe f , wf g , wgh andwhe in
Eq. ~2! is equal to 1# so that the filter will correspond to th
identity operator in such a region. Furthermore, the
merator is a weighted sum of the horizontal and verti
neighboring input pixel pairs. The weights are nonline
functions of the input pixel values, and they are edge s
sitive since they are computed based on a gradient
operation.

The pixel differencesb2a, a,bP$e, f ,g,h%, in the
weights give an indication of the presence of edges in
corresponding directionedge sensing factor. The contribu-
tion of the average of a pixel pair having a large gray sc
difference is reduced at the output to prevent edge blurr

On one hand, pixels with similar magnitudes will ha
large weights and therefore the contribution of their av
age is enforced. Near a sharp transition, only one pai
pixels ~those that are on the higher side of the edge! will
have a large weight and therefore its contribution to
output will be very important. Smoothing of the transitio
is thus not allowed. On the other hand, in flat areas, all
surrounding pixels contribute to the output equally. In th
way, sharp edges are retained and smooth flat regions
not altered.

Detecting the presence of transitions in a signal can
obtained by segmenting the pixels inside the process
window into different regions using a similarity measur
For the case of scalar signals, the difference between
pixel values is a good measure of similarity. For multicha
nel signals the problem of detecting transitions in the sig
is a more complex one. However, some measures ca
used, such as the Euclidean distance and the angles
tween the vectors as in vector directional filtering in Ref.

Let us next define the proposed structure of the VRF

Definition 3.1. Let x1 ,x2 ,...,xm be them input vectors to
the filter, where xi5@xi

1 ,xi
2 ,¯ ,xi

l #T and xi
k

P$0,1,̄ ,M %, M is an integer. The VRF output is give
by

VRF5RF@x1 ,x2 ,...,xm#5
P~x1 ,x2 ,...,xm!

Q~x1 ,x2 ,...,xm!

5@r f 1 ,r f 2 ,...,r f l #
T, ~3!

whereP is a vector-valued polynomial, andQ is a scalar
e
l

.

e

e

e
e-

polynomial. Both are functions of the input vectors. T
i ’th component of the VRF output is written as

r f i5FPi~x1 ,x2 ,...,xm!

Q~x1 ,x2 ,...,xm! GP$0,1,...,M %, ~4!

where

Pi~x1 ,x2 ,...,xm!5a01 (
k51

m

akxk
i 1 (

k151

m

(
k251

m

ak1k2
xk1

i xk2

i

1 . . . , ~5!

and

Q~x1 ,x2 ,...,xm!5b01(
j 51

m

(
k51

m

bjkixj2xkip . ~6!

Here i .ip is the l p-norm, and@a# is the integer part ofa,
aPR1 ; b0.0,bi j are constant, andai 1 ,i 2 ,...,i n

is a func-
tion of the input vectors:

ai 1 ,i 2 ,...,i n
5 f ~x1 ,x2 ,...,xm!. ~7!

When the vector dimension is 1, the VRF reduces t
special case of the scalar RF.

In the following, we describe two types of interpolatio
using VRFs:~1! a border-preserving interpolator~bidirec-
tional interpolator! and~2! a separable row-column interpo
lator ~unidirectional interpolator!.

3.1 Border-Preserving Interpolator

With reference to Fig. 4~a!, our nonlinear interpolator op
erates on four samples of decimated multivariate data,a, b,
c andd ~mask, 333) to reconstruct the missing samplex
in the central position. To weight the contributions tox of
its four neighboring samples, a VRF is used. The norm
ized weights verify two conditions. First, each weight is
positive number. Second, in a flat area~where we assume
that the four neighbors of the pixel under considerat

Fig. 4 (a) and (b) Border-preserving interpolator and (c) separable
row-column interpolator.
895Optical Engineering, Vol. 38 No. 5, May 1999
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have the same value!, the sum of the weights is equal to
which ensures that the output is unbiased. The interpol
output is as follows:

x5
($uÞv;u,vP~a,b,c,d!%wuv .~u1v!

2($uÞv;u,vP~a,b,c,d!%wuv

5
1

W S wab1wac1wda

2
a1

wab1wbc1wbd

2
b

1
wac1wbc1wcd

2
c1

wbd1wcd1wda

2
dD , ~8!

whereW5wab1wbc1wcd1wda1wac1wbd . The weights
are computed as follows:

wuv5
1

121kiv2uip
, ~9!

whereu,vP$a,b,c,d%, andi .ip denotesl 1- or l 2-norm.

3.2 Separable Row-Column Interpolator

This operator can be applied separately by row~row mask!
and by column~column mask! according to Fig. 4~c!. The
interpolated vectorx is computed as follows:

x5au21~12a!u3, ~10!

where the parameter in Eq.~10! is a scalar RF of the inpu
vectors and computed as:

a5
11kiu22u4ip

21k~ iu12u3ip1iu22u4ip!
. ~11!

Thus Eq.~10! becomes:

x5
~11kiu22u4ip!u21@11k~ iu12u3ip1~k21!iu22u4ip#u3

21k~ iu12u3ip1iu22u4ip!
.

~12!

Vectory is computed using a similar mask but columnwi
~using thevi vectors!.

4 Directional Processing

The previous interpolators use the difference of the vec
magnitudes as edge sensors. In the color space, trans
are also represented by angles between the color vector
a fixed luminance, small angles between color vectors
note ‘‘color’’ homogeneous regions; whereas, large ang
indicate edges. In the following, a modified VRF is pr
posed in which the edge sensors rely on the angles betw
the color vectors instead of the difference of their mag
tudes.

Color images are 2-D three-channel signals where e
pixel can be represented as a vector in the 3-D color sp
Color image pixels are thus regarded as vectors in the c
cube, as shown in Fig. 5. The points marked with a cros3
896 Optical Engineering, Vol. 38 No. 5, May 1999
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denote the intersection points of the color vectors with
Maxwell triangle~the triangle drawn between the three p
maries, R, G, B!, andu represents the angle between tw
vectorsu andv.

The angle between the directions of the color vectors
now used as the edge sensitivity measure. The goal i
sustain the sharpness of the interpolated image by pres
ing the transitions detected in the color space. The weig
of the modified VRF are computed as follows.

4.1 Border-Preserving Angle-Based Interpolator

The border-preserving interpolator has the same expres
as in Eq.~8! in the previous section, except that the weigh
in Eq. ~9! are computed as follows:

wuv5
1

121ku2~u,v!
, ~13!

where u,vP$a,b,c,d%, and u(u,v) denotes the angle be
tween the two vectorsu and v ~expressed in radians! and
measured on the plane defined by theMaxwell triangle~see
Fig. 5! and bounded by:

0<u~u,v!<
p

2
. ~14!

4.2 Separable Row-Column Angle-Based
Interpolator

The interpolated vectorx is computed as in Eq.~10! but
using the following expression for parametera:

a5
11ku2~u2 ,u4!

21k@u2~u1 ,u3!1u2~u2 ,u4!#
. ~15!

5 Experimental Results

To assess the performance of the proposed interpola
two color images~‘‘Lena’’ image of size 4803512 and a

Fig. 5 Vectorial representation of the color image pixels in the RGB
color space.
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‘‘Peppers’’ image of size 5123512) are decimated in two
different ways:~1! a rectangular decimation with a factor o
1/16 @see Fig. 2~a!# ~factor 1/4 is used here for illustration!,
and ~2! quincunx decimation with a factor 1/2@see Fig.
2~b!#. Only the points indicated in black in Fig. 2 are r
tained from the decimation process in each of the two d
mation schemes.

The full size images are then reconstructed using
following filters: a cubic convolution~CC! interpolator; a
bilinear interpolator~BL!; a vector finite impulse respons
~FIR! median hybrid~VFMH! filter, as proposed in Ref. 19
where an FIR filter with 12 coefficients was used; and
proposed VRFs. The missingx-vectors~see Fig. 4! were
computed by a two-step interpolation scheme:

1. For Fig. 4~a!,

X5VM$a,b,c,d,VD1 ,VD2,VFIR1%, ~16!

whereVD15(a1c)/2, VD25(b1d)/2 and the coeffi-
cients ofVFIR1 are given in Fig. 6~a!.

2. For Fig. 4~b!,

X5VM$a,b,c,d,VV ,VH ,VFIR2% ~17!

whereVV5(a1c)/2, VH5(b1d)/2, and the coeffi-
cients ofVFIR2 are given by Fig. 6~b!.

For marginal rational interpolator~Marginal RF!, the
border-preserving interpolator is used and applied com
nentwise.

For VRFs using thel 2-norm (VRFL), the related adap
tive algorithms are as follows.

• VRF1L ~Border-preserving interpolation!: The algo-
rithm has two steps:

Step 1. According to Fig. 2~a!, compute the unknown
vectorsz by applying Eq.~8! with the cross-
shaped mask shown in Fig. 4~a!.

Step 2. Compute the missing vectorsx andy using the
original vectors and thez vectors computed in
step 1, by applying Eq.~8! with the plus-
shaped mask presented in Fig. 4~b!.

• VRF2L ~Separable row-column interpolation!: With
reference to Fig. 2~a! and Fig. 4~c!:

Fig. 6 FIR filter coefficients used in VFMH filter: (a) FIR1 and (b)
FIR2.
-

Step 1. Apply Eq.~10! to the row mask to interpolate
the x vectors.

Step 2. Apply Eq.~10! to the column mask to interpo
late they vectors.

Step 3. To compute the missing vectorsz using the
already interpolated vectors, apply Eq.~10! to
the four directional~0, p/4, p/2 and 3p/4)
masks centered onz, and the mean value is

assigned toz.

• VRF3L ~Mixed interpolation algorithm!: The two in-
terpolator functions given by Eq.~8! and Eq.~10! can
be used together in an adaptive mixed interpolat
scheme as follows:

Step 1. Using Eq.~10!, compute temporarily thex and
y vectors using row and column mask, respe
tively.

Step 2. To compute the unknownz vectors@see Fig.
2~a!#, apply Eq.~8! to the two masks shown in
Figs. 4~a! and 4~b!, and assign the mean valu
to z.

Step 3. Recompute thex andy vectors using the origi-
nal vectors and thez vectors computed in step
2. We apply only the mask in Fig. 4~b! and
use Eq.~8! to compute the new values.

• In the case of Quincunx decimation scheme the V
is used as follows: Consideringa, b, c andd shown in
Fig. 4~b! as 3-D vectors~representing the image pixel
in the RGB color space! obtained from the color im-
age by quincunx decimation method@see Fig. 2~b!#.
We compute the central pixel vector using Eq.~8!,
with the weights given by Eq.~9! or Eq. ~13!.

For Modified VRFs using the directional processin
(VRFd), the corresponding algorithms are the same as
VRF1L, VRF2L, and VRF3L but using the weights com
puted using the angles between the color vectors; hence
notation VRF1d, VRF2d, and VRF3d.

For quantitative comparison of the performance of t
different interpolators, the mean absolute error~MAE!,
mean square error~MSE! and peak signal-to-noise rati
~PSNR! criteria are used. These criteria are defined as
lows:

MAE5
1

MN (
i 51

M

(
j 51

N

iyi , j2di , j i1 , ~18!

MSE5
1

MN (
i 51

M

(
j 51

N

iyi , j2di , j i2
2, ~19!

PSNR510 log10

~255!2

MSE
dB, ~20!

whereM andN are the image dimensions,yi , j is the vector
value of the pixel (i , j ) of the interpolated image,di , j is the
897Optical Engineering, Vol. 38 No. 5, May 1999
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Table 1 Performance of the different interpolators in the case of (1/16) rectangular decimated images.

Interpolator Number

‘‘Lena’’ Image ‘‘Peppers’’ Image

MAE MSE PSNR NCD31022 MAE MSE PSNR NCD31022

CC 21.72 423.6 50.34 6.50 23.25 458.7 49.54 8.40

BL 19.00 351.8 51.81 6.41 22.39 418.1 50.37 8.37

VFMH 18.58 346.9 52.34 6.47 21.30 416.0 50.52 8.17

Marginal RF 18.17 340.1 52.53 6.11 21.00 375.8 51.54 7.99

VRF1d 18.11 331.0 52.80 6.10 20.99 374.0 51.58 7.96

VRF1L 18.09 329.3 52.86 6.09 20.98 372.7 51.62 7.95

VRF2d 18.00 326.2 52.95 6.08 20.94 371.2 51.66 7.92

VRF2L 17.95 325.4 52.98 6.08 20.93 369.5 51.70 7.92

VRF3d 17.70 314.4 53.32 6.05 20.70 364.6 51.84 7.75

VRF3L 17.67 313.5 53.35 6.04 20.68 362.0 51.91 7.75
rro
tive
ate
er-
the
GB

tore
the
us-
he
e to
t is
th
ing
olo
rea

-
ni-
ple

r

he

e

ed
o

o
be-

he

er-
vector value of the pixel (i , j ) of the original image, and
i .i1 , i .i2 are thel 1- and l 2-vector norms, respectively.

To create an objective measure of the perceptual e
between two color images, one must resort to objec
criteria that are computed over color spaces that are rel
to the human perception. Precise quantification of the p
ceptual error between two color vectors remains one of
most important and open research problems. The R
color space is the most commonly used color space to s
process, display and analyze color images. However,
human perception of color cannot be described directly
ing the RGB model.20 Therefore, measures such as t
MSE defined on the RGB color space are not appropriat
quantify the perceptual error between images. Thus, i
important to use color spaces that are closely related to
human perceptual characteristics and suitable for defin
appropriate measures of perceptual error between c
vectors. A number of such color spaces are used in a
such as multimedia, telecommunications~e.g., high defini-
tion television!, motion picture production, the printing in
dustry, and graphic arts. Among these, perceptually u
form color spaces are the most appropriate to define sim
yet precise measures of perceptual errors. TheCommission
Internationale de l’Eclairage~CIE! standardized two colo
spaces,L* u* v* and L* a* b* , which are perceptually
uniform.15 The conversion from the RGB color space to t
898 Optical Engineering, Vol. 38 No. 5, May 1999
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L* a* b* color space is explained in detail in Ref. 15. In th
L* a* b* space,L* is the luminance component anda*
andb* are the chrominance components.

In L* a* b* color space, we computed the normaliz
color difference21 ~NCD!, which is estimated according t
the following expression:

NCD5
( i 51

M ( j 51
N iDELabi

( i 51
M ( j 51

N iELab* i
, ~21!

where DELab is the perceptual color error between tw
color vectors and is defined as the Euclidean distance
tween them, given by

DELab5@~DL* !21~Da* !21~Db* !2#1/2, ~22!

andDL* , Da* , andDb* are the differences in theL* , a* ,
and b* components, respectively. The magnitude of t
original image pixel vector in theL* a* b* space isELab*
and is given by

ELab* 5@~L* !21~a* !21~b* !2#1/2.

Tables 1 and 2 display the performance of various int
Table 2 Performance of the different interpolators in the case of (1/2) quincunx decimated images.

Interpolator Number

‘‘Lena’’ Image ‘‘Peppers’’ Image

MAE MSE PSNR NCD31022 MAE MSE PSNR NCD31022

BL 6.01 53.57 71.02 2.47 10.30 200.0 57.84 4.08

VFMH 5.89 51.18 71.47 2.44 9.86 147.0 60.92 4.05

Marginal RF 5.81 49.20 71.87 2.34 9.54 132.3 61.98 3.98

VRF3d 5.76 48.53 72.00 2.30 9.52 132.0 62.00 3.91

VRF3L 5.74 48.13 72.09 2.30 9.51 131.3 62.05 3.85
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Khriji, Alaya Cheikh, and Gabbouj: High-resolution digital resampling . . .
polators for the 1/16 rectangular subsampling and 1/2 q
cunx subsampling, respectively. The results indicate
most of the nonlinear interpolation methods outperform
linear ones~bold-faced entries in the table indicate the b
filter performance according to the corresponding objec
criterion!.

Based on Tables 1 and 2, we draw the following co
clusions: All vector rational interpolators perform qui
well, especially VRF3L. For the two natural images use
VRF3L and VRF3d provide the best performance due to t
maximum information collected from the known vect
samples in the approximation of the missing vectors. T
VRFs and the marginal RFs outperform the linear and n
linear interpolators under consideration. Vector process
i.e., VRF, produced better results compared to marg
~componentwise! filtering, i.e., marginal RF. The margina
RF fails to take into account the dependence between
components~i.e., the interchannel correlation!, as men-
tioned earlier. The cubic convolution and the bilinear int
polators are inferior to all nonlinear interpolators used
the experiments. This can be easily explained as follo
Since both images used are natural and mainly compo
of narrow lines, steep edges, sharp corners, etc., the bili
filter will result in large distortions due to its smoothin
properties. Obviously, any lowpass filtering is not suita
for preserving these high frequency components. The cu
convolution was applied componentwise and thus failed
use the interchannel correlation.

Although these measures are not the best in estima
the goodness of an interpolation scheme, they can still p
vide an idea of the relative performance of the filters. T
interpolated images are presented in Figs. 7~a! to 7~f! for
visual comparison since in many cases they are the
qualitative measure of performance for image process
algorithms. Figures 7~a! to 7~f! show the outputs of the
bilinear interpolator, the vector FIR median hybrid interp
lator, the marginal rational interpolator, and the propos
vector rational interpolators VRF1L , VRF2L and VRF3L ,
respectively, for the rectangular decimation case of
color ‘‘Lena’’ image. These images confirm the numeric
results shown in Tables 1 and 2. The blocking artifacts
visible in the case of the bilinear interpolator. VFMH inte
polation produces better reconstructed image; howe
sharp edges still appear jagged. On the other hand,
clear that the nonlinear interpolators based on VRFs
their modification are rather visually more pleasant. F
thermore, the marginal RF provides a slightly better perf
mance than the VFMH interpolator but is still inferior to a
the vector rational interpolators. The VRF3L provides the
best performance with a nearly perfect reconstructed ima

To further assess the detail preservation capability
each interpolator used, part of a horizontal row of the b
component data of the original ‘‘Lena’’ image shown
Fig. 8~a! is used to illustrate the performance. This p
corresponds to Lena’s shoulder, where the lumina
smoothly increases from left to right until the steep tran
tion to dark gray when the hair is encountered. An id
interpolator should reconstruct the change at the shoul
hair border without any artifact. Figures 8~b! to 8~f! repre-
sent the outputs of the bilinear, the VFMH and the p
posed vector rational interpolators VRF1L , VRF2L and
VRF3L . From these plots, we can draw the same conc
t

,
l

e

.
d
r

-

t

,

.

-

sions as for the interpolated image in Fig. 7. We see that
VRF-based interpolators and mainly the VRF3L provide the
best edge reconstruction@Fig. 8~f!#. This confirms the result
given by Fig. 7~f!, where the processed image exhib
sharp nonjagged edges.

6 Conclusions

RFs are extended in this paper to the vector case and
plied to color image interpolation. Two decimatio
schemes were used to down-sample the images, rectan
and quincunx decimation. Border-preserving and separa
row-column interpolation algorithms based on VRFs we
proposed and tested. A modified version of VRFs is p
posed in which angle information between vectors in
filter window is used as an edge sensor. The main merit
these interpolators are their edge-preserving capabil
and the absence of artifacts normally associated with c
sical linear and even some nonlinear interpolation schem

Simulation results of the interpolated images indica
that vector rational interpolators outperform the classi
linear techniques and even some nonlinear ones accor
to both objective and subjective criteria. In particular, VR
based interpolators were shown to better preserve the c
maticity in the reconstructed image as measured by
NCD. Vector processing also proved to produce better

Fig. 7 Interpolated results from the (1/16) rectangular decimated
‘‘Lena’’ image using (a) the bilinear interpolator, (b) the vector FIR
median hybrid filter, (c) the marginal rational filter based interpolator,
(d) VRF1L ; (e) VRF2L ; (f) VRF3L .
899Optical Engineering, Vol. 38 No. 5, May 1999
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90
Fig. 8 Gray-level plots along an image row of the blue component data in the ‘‘Lena’’ image: (a)
original image and reconstructed images from the 1/16 rectangular decimation technique using (b) the
bilinear interpolator; (c) the VFMH filter; and the VRF-based interpolator (VRFL), (d) VRF1L, (e)
VRF2L, and (f) VRF3L.
-

-
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ss.
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sults than marginal~componentwise! processing, as ex
pected.
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with the Société Tunisienne d’Electricité et
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