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Abstract

Sandard methods for image interpolation are based on
smoothly fitting the image intensity surface. Recent edge-
directed inter polation methods add limited geometric infor-
mation (edge maps) to build more accurate and visually ap-
pealing interpolations at key contours in the image. This
paper presents a method for geometry-based interpolation
that smoothly fits the isophote (intensity level curve) con-
tours at all pointsin the image rather than just at selected
contours. By using level set methodsfor curve evolution, no
explicit extraction or representation of these contoursisre-
quired (unlike earlier edge-directed methods). The method
uses existing interpolation techniques as an initial approx-
imation and then iteratively reconstructs the isophotes us-
ing constrained smoothing. Results show that the technique
produces results that are more visually realistic than stan-
dard function-fitting methods.

1 Introduction

Standard methods for resolution enhancement (interpo-
lation) are often based on attempts to mathematically fit a
function (e.g., piecewise constant, linear, cubic, etc.) to ex-
isting pixels. While higher-order interpolants can achieve
reasonable results, they still show artifacts of the origina
discretization, as indeed all interpolation methods must to
some degree.

One of the most perceptible artifacts of insufficient im-
age reconstructions from lower-resolution images is no-
ticeable boundaries between the original pixels. This
causes what should be smooth contours in the image to be
ragged—an effect commonly known as the “jaggies’ (see
Figure 1a).

This paper presents a method that performs interpola
tion by reconstructing geometric properties of the original
image. Instead of approaching interpolation as “fitting the
function”, this method approaches it as “fitting the geom-
etry”: reconstructing the geometry of the original image's
intensity level curves (spatia curves of constant intensity).
Thisreconstruction is done using non-linear diffusion of in-

tensitieswithin aninitial (jagged) approximation to smooth
image contours to match the contours of the original. Thus,
it directly attacks one of the the most perceptible artifacts
of image reconstruction and causes the interpolated image
to preserve smooth contoursin the original .

While edge-directed interpolation algorithms (see[1] for
an example) have used geometric features (edges) to cre-
ate smoother subpixel approximations of image edges, they
raise two questions: how do you define the edges of inter-
est, and what do you do elsewhere? Rather than trying to
extract specificimage curvesfor smooth reconstruction, the
method proposed here works by reconstructing smooth ap-
proximations of all of theimage isophote contours simulta-
neously.

2 Interpolation as|sophote Reconstruction

One of the more visualy significant geometric proper-
ties of images are their level curves or isophotes (curves of
constant intensity). Thesecurvesarewhat giveimagestheir
perceptual contours. Although isophotes don’t capture al
geometricinformation that one might want in analyzingim-
age content [6], reconstruction of the isophotes produces a
convincing reconstruction of the image.

The method presented in this paper attempts to recon-
struct theimage isophotes by explicitly measuring and min-
imizing their curvature at each point in the reconstructed
image, given the constraints of the initial pixel intensities.
Noticethat thisis spatial curvature of the isophote, not cur-
vature (second derivatives) of the image function with re-
spect to intensity. Therein lies the essence of the method—
matching of visually-significant geometric properties, not
function-analytical properties of the image.

3 Reconstruction Artifacts and | sophotes

Figure 1 shows an example of the effects of interpola-
tion on isophote curvature and length. If a smple black-
and-white edge (14) isinterpolated using a bicubic fit (1b),
the result still shows the original pixel pattern. The effects
of thisinterpolation on the isophotes can be seen by exam-



ining individual level curvesin theinterpolated image (1c).
Clearly, theisophotes are not straight, even though the orig-
inal edge was.

Performing the same operations on aless-sharp edge (in-
termediate greylevels in the transition) shows similar re-
sults. Even though each original isophote (1d) is straight,
theisophotes of the resulting interpolation (1€) are not (1f).
Notice al so that the i sophotes seem to exhibit atendency to

.
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Figure 1: Isophote reconstruction errors introduced by in-
terpolation. When a black-and-white diagonal edge (a,
magnified) is interpolated using bicubic interpolation (b),
it still shows artifacts of the original sampling grid. Ex-
amination of individual level curves (c, eight levels) shows
how the level curves are themselves still jagged instead of
smooth. When a similar edge with more gradual greylevel
transition (d, magnified) is interpolated with bicubic inter-
polation (e), the isophotes (f, 20-levels) are again jagged.

be attracted to the horizontal and vertical alignment of the
original pixel grid—an expected artifact of interpolation.

4 |sophote Reconstruction Algorithm

The preceding exampl es suggest another approachtoim-
age interpolation: smooth fitting of each isophote curve
based on the origina image constraints. This can be
phrased as a reconstruction/optimization problem: find the
set of isophotes that

e Preserve isophote topology and ordering,

e Preserve intensities at “known” (original pixel) posi-
tions, and

e Are each as smooth as possible.

Anillustration of thisis shownin Figure 2.

Although no closed-form solution is known for these
constraints, this optimization can be approached iteratively
in a gradient-descent fashion:

1. Beginwith an approximation of the“ optimal” interpo-
lation by using currently available interpolation tech-
niques, and

2. lteratively minimize isophote curvature while main-
taining “anchors’ at the original pixel positions.

4.1 Initial Interpolation

Aswith all gradient-descent approachesto optimization,
the initial approximation is important. Here, we may use
any of the existing interpolation methods as our first ap-
proximation. We have tested our method with initial ap-
proximations derived through bilinear interpolation, bicu-
bic interpolation, and even simple pixel replication. Ineach
case, the initia interpolation is improved by constrained
isophote smoothing.

Original Isophotes
pixel centers /

ﬁ )/
e

1
Isophote curvature
visible as jagged artifacts

Original Isophotes
pi>{el centers /

f
.

Smoothe'd isophotes

Figure 2: Illustration of constrained isophote smoothing



4.2 Constrained | sophote Smoothing

At first glance, manipulation of the isophotes requires
explicitly finding and fitting each isophote, much as indi-
vidual edges must be found and fitted in edge-directed ap-
proaches [1]. However, such explicit curve-fitting is not
necessary.

Recent research by Alvarez, Lions, and Mord [2],
Sethian, Madlladi, and Kimmel [3, 4, 5, 6] and others have
demonstrated techniques for performing isophote curve
smoothing by considering the surface of all level curves(the
intensity surface of theimage) and at each pixel solving for
the change in pixel intensity that causes the corresponding
isophote to “evolve’ in a desired fashion [7]. They have
shown that thistype of “flow” can be used to perform edge-
preserving smoothing, noise removal and other image en-
hancement, and shape evolution and description. Here, we
use a constrained form of this curve evolution to reduce
the artifacts of interpolation. Whereas other applications of
level-set smoothing have attempted to enhance the origina
image, we are attempting to reconstruct the original image,
only with higher sampling.

Specifically, we use aform of thisisophote curve evolu-
tion that causes the isophotes to move with a speed propor-
tional to the curvature at each point (curvature flow):

Iy = =k||VI] @
where x denotes the isophote curvature calculated by

Lo, + 21,1 0, + 121,
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This provides two of our three goals: preservation of
isophote topology and isophote length/curvature minimiza-
tion, but we must add an additional constraint to preserve
intensities at the original pixel locations:

j 0 if on an original pixel location 3)
"7 —w||VI|| otherwise

Thisis similar to constrained curve evolution as presented
in[3].

5 Results

An example of thisisophote-reconstruction techniqueis
shown in Figures 3 and 4.

Figure 3 shows the same image magnified three times
using replication (to show the origina resolution), bilin-
ear, bicubic, and isophote-based interpolation. Each of
the traditional interpolation methods show pixelization ar-
tifacts. Each also shows typical expected results: bilinear
interpolation shows fewer pixelization artifacts but appears

blurred; bicubic interpolation produces a sharper result but
with increased jaggedness.

These jagged artifacts are significantly smoothed in the
isophote-based interpolated image. The result starts with
and keeps the sharpness of bicubic interpolation while
smoothing the isophotes to reduce jagged pixelization ar-
tifacts. These effects are most visible at places with sharp
edges: the eye, thetop of the earring, the cheeks, etc. These
can be better seen in magnified portions of the correspond-
ing interpolated images (Figure 4).

6 Discussion

The primary advantage of this approach is smooth re-
construction of theindividual isophote contourswithout ex-
plicit calculation or representation of each such contour.
By directly attacking perceivable artifacts rather than fo-
cusing on fitting the data, this method produces more vi-
sually appealing interpolations (magnifications) of images
than traditional methods. This has potentia applicationsin
web-based image di stribution, high-resolution printing, and
compression.
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Figure 3: Results of isophote reconstruction. The original image magnified 3x using pixel replication (upper left), bilinear
interpolation (upper right), bicubic interpolation (lower left) and isophote reconstruction (lower right).
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Figure 4: Results of isophote reconstruction. Top LEFT: upper edge of the earring in the corresponding (replicated, bilinear,
bicubic, isophote reconstruction) images from Figure 3. Top RIGHT: left edge of the cheek in the corresponding images.
BoTTOM: right eyein the corresponding images.



